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Abstract

Reinforcement learning (RL) is increasingly applied to Heating, Ventilation, and Air Conditioning (HVAC)
control, aiming to optimize both building energy efficiency and occupant comfort. However, reward function design,
crucial for balancing these often-conflicting objectives, has been underexplored in existing reviews. This paper
presents a systematic review of 78 studies published since 2020, analyzing how reward functions integrate thermal
comfort and energy efficiency in RL for HVAC control. This paper introduces a standardization methodology to
enable systematic comparison of diverse reward formulations. Key findings reveal substantial heterogeneity in
reward structures, which impedes research comparability. Furthermore, a prevalent reliance on empirically derived
weighting factors for comfort-energy integration, often lacking a strong theoretical basis, is identified. Common
techniques in shaping comfort-related rewards, such as occupancy considerations, comfort deadbands, error
exponentiation, and acceptable limits, are identified and critically evaluated. Based on this comprehensive analysis,
a typical piecewise reward function structure is proposed to address key identified limitations. This review clarifies
current practices, highlights critical challenges, and suggests future research directions for the design of robust reward

functions in RL-driven HVAC systems.



1. Introduction

BB D = 2L F—{HBIIFEF TR E < IEA OFEE (IEA2023) (TLhiT, 2022 4ERf L THFR D
CO2 HEHRE®D 33%REZ HO TN D, FMEFICINTZDOND 33%DHND 79% (KD 26%) 1F3EH
BRI AEL TR, @#RGTEL T TIEIR, @marENT 2 hEE2dET L2 2 L idttRo= L F—
BRICRE R LR > T D,

ZDD, BYOFAEE KT A ENICE L T ENOZL OMERH Y . PRt B R F—
P, BANERE e L, BB OFMBEM A o2 B iR LB (Multi-objective optimization) & L TRk
STV % (Al Mindeel 2024),

2R O FE b & D FREIT, HOFIZFEI CRRIE RN E WD SICEEL S D 5, @O SiH, 1
W, HBEE ORFEIL T R TRARD | TR OICEEINTEHRMOMR RN Z L ICR D, 20D,
bR THAL Lo REMIT, TOEEROBYTHES Z LT TE R, BT LICTF a—=27 %
DR SRR BN DIZ AHEBEITRE L 25,

TR, 20X RIEDORITED—> & LT, i FE OICH IR ST\ 5, 75 13
ML BRET N2 TlidZe <, B CINESNZT —ZICb LW —% KU 7 0 DET IV ETEH
TORPFETH D, T bDOEMDZEM B ~DISHIFIEIZ O TR, BESORICE &Sz b
E o — RO < Db A ATV A (Xin 2024; Zhou 2023; Ala’raj 2022), Hétk-E & BLCRHl S v
TR EMH) LT, RO DDNRT A —FFa—= U IRHBETE IR, TR ENORY L’
i DREZ B F X TR b 2 M EBL X D a[REtEN ®H 5 (e.g., Park et al. 2023; Haifeng, L. 2024; Silvio
Brandi et al. 2022)

BARZEE DT T, RIS AT AOFGBEALIZIEH LT Wi E LTI E R H 5, Zhid, 2 oE
22— 2 O T A 35 ER (Agent) & LDOXfS% (Environment) Z{KAHAICHEZE L. Agent 23T
#) (Action) ZaATEERAT D H CTheli /e Action (AMFFRICAI L TH ZIXZEINT A —F) MG 2 Fik
T 5, AgentE Action (Z)i U C Environment 72> 5 (Reward) %52 (7HY | Z OB R R(LT D &
912 Action ZFHHE L T <, ZERRAH O e b i b B8 2 258132 8 0 . W< oo L e
2 —iwm XN d 5 (Ajifowowe et al. (2024); Al Sayed et al. (2024); Chatterjee and Khovalyg (2023); Han et al. (2019;
2021); Sierla et al. (2022); Wang and Hong (2020); Yu et al. (2024)) (Table 1), ZHN5HD L E = —i@m X TlE, %
AVE N2 5850 5 b7 E OIS T REMELRREN L S LTV D 3, WL b B O EF i ik
ZERE LTV, AFEOEBIEL, SREEICF L L7 L B2 —I KXo T, kA i L TIRE S Lz
WMBAE D EM A2 BRI . FHAICHK S 5 2 L TRITCEZEHT 22 L12HhH D,
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Figure 1 Basic Structure of Reinforcement Learning for HYAC Control and the Focus of This Review

Table 1 Comparison with Prior Papers

Paper Main Focus Coverage of Reward Function Design

Ajifowowe (2024) [Comparison of traditional control with RL;|Conceptually introduces the reward function as one

(Review) demonstrating RL's effectiveness. component of RL, without detailed analysis.
Al Sayed (2024) Challenges in sim-to-real transfer for RL agents. Lists the objectives included in the reward (e.g.,
(Review) energy saving, comfort), but does not delve into the
specific design of the mathematical formulations that

integrate them.

Chatterjee (2023)  [Possibilities for creating a dynamic indoor thermal|{Focuses on the system-level discussion of how RL
(Review) environment. control creates a dynamic environment, rather than on

the reward design itself.

Han (2019; 2021)

(Review)

Improving occupant comfort and modeling occupant

behavior.

Points out that reward design is a difficult issue but
does not provide a systematic comparative analysis of

how specific formulations are constructed.

Sierla et al. (2022)

Analysis of the RL action space and its impact on

Does not focus on reward analysis; only uses comfort

(Review) control abstraction. objectives (temperature, humidity, etc.) for a high-
level categorization of studies.
Wang and Hong (2020) [Comprehensive review of the five key components of|Discusses the main strategies for integrating multiple
(Review) RL  (algorithms, states, actions, rewards,|objectives (weighted sum, constrained optimization)
environment). but does not refer to specific formula shapes or design
patterns.

Yu et al. (2024)

Review of RL applications from the perspective of]

occupant-building interaction.

Noted challenges in reward design due to delayed or
sparse feedback, but didn’t compare reward design

methods in depth.

Liu et al. (2024a)

Proposing an occupant-centric HVAC & window

Compiles a list of reward functions from several prior

(Article) controller. studies but provides no comparative analysis of their
features, advantages, or disadvantages.
ZHZ HEFEEOZEICRN T, SMBERORGHIT=—Y = FOFEERR AT DRIERI A

B & L CA < §8#% S Tu 5 (Sutton, R. S., and Barto, A. G. 2018), il 21X, HBYEERRFZ O A
2352 B D X9 272 H(Sparse Rewards)BR 52 ClIFE 3% L < WEEIC/22 5 Z L0, RitEDOEK
L7V EITiE A LD T L % 9 Reward Hacking 2P E DL X7 E0FER STV D (Amodei et al.
2016), Z DL D 7RI HIG T D72, FEARET 57O OB 728l & 5 2 % Reward Shaping &
W o T2 HRF B R EE TV H(Ng et al. 1999),



L L, 1B B OB CRIR S L7 —fRBI 72 MR B3R 2 € O F F 4 5 7217 TR 143 ¢ diRa sk
1% R A A B OFM A (domain knowledge) A B E X 72i% 3R KD H LD (Devidze 2025), FFIZH
TARAF L REMEE WD X9 7e, BARDHEMNEFFOMEENT A STk S5 L5 25m
I, MERITREIE L7200 U8 B0 70 SR B AU IR G T & 22\, > T 21 & v 5 i I sEIZ B L
TR BIE DRRGT B R, Fox 2P EF O HMFE IR+ ITRETRETH A I,

Z ZCAMIZE TR, PR & i £ 2 T AEaHERAE Ofci b & v o BRI Lk E 2 s LT
W% L E 2 —1 5, 79 OGRS OMMBIE A (L - i L, 2 ORFHIE 1T EDOZRMENTFIEL .
PR DR ATREME 2 L < BT TV D & W D BUR Z P10 TERBRIICH LT 2, £0 BT, 2872
REFOHFICIHE L TR LN DA R TRAMT L, ZNO03FAx OFEMARNSITEDO X > nEHEE
FFoDODEMFTTT 5, BZIC, ZNHOGN LA LMD E | BEFFE ORI KHLT 5720
OF L TR 22 X3 ORI & ) A48T 5, ZhIc XY b8 2 22l bic@ A L L 5
ET LD EOEATREMER R E 0 . RSB OB O MR & NE S W 2 SIS ARBFFE O B O E k)3
0o,



2. Methods for Literature Search and Selection
U E 2 —0DOR5 LT 55 3C1E PRISMA 7 1 —(ZHE- CTHlid L7z (Figure 2),

[ Identification ]

|A Scopus search conducted on February 1, 2025, using the keywords reinforcement learning AND hvac.

!

Records screened N Records excluded as non-academic or non-English articles
(n=391) (n =200)

2 v

£

S Records screened N Records excluded due to publication date

o (n=191) (published before 2019) (n = 10)

[5)

? v
Records screened N Reports excluded for not meeting the nine exclusion criteria
(n=181) outlined in the text (n = 102)

S l

S Studies included in review

) (n=79)

[

Figure 2 PRISMA 2020 flow diagram for the systematic review

Scopus ZffiV N, 2025 4F 2 A 1 HIFEA Treinforcement learning” AND hvac &) F— U — R TR L,
91 Ok E ST, ZOH D H5EE (inEnglish) TEMNLZ M L (Article) T D 191 &2 L
7o TALTE A o 7o BRI 2020 ELARE, SUHICHE X 7o 7o), IR OMN A H D 79I 2019 FEUA
AT Sz 10 HHIEERA LT,

Sz 181 & @A, AWFZED BRI LT, LAFIZEEYS T 25 SCHRITRRA L 7=,

1) BHERERR S A2 ETe/n & HFERtGA < C HVAC 132D 1§ T L7V (Andrés, E.
(2022)=° Devasenan, M. (2024)7¢ &)

2) BEOEFECFIEOREN BT, RL X FED 1 I TLMRWIFSE (Ding, Z. K. (2022)%°
Dinh, H. T. (2022)72 &)

3)RL B TIER < . RLOT A by ROBAFEDY B B DOWFSE (Campoy-Nieves, A. (2025)<X> Marzullo,
T. (2022)72 &)

4) 77 v FREOREEe VAV 22>k a—T Ofilii 7 £ B E O PETED FHIIC S F T
72MFSE (He, K.(2024)X° Fu, Q.(2022)72 &)

5) TARLX—RIREENC A E WAL (Chen, C.(2023)X° Fan, Y.(2025)7¢ &)

6) FRfEFE N ERECTH DHMFSE (Esrafilian-Najafabadi, M. (2023)X° Fang, X. (2023)72 &)

7) $72 DR SCTCR - OWENBI R A FAH L QWO D AF%E, BEEERET D720, ZOHAIE 114
DI RGO HEH| & LT L=, (Deng, X.(2022a) & Deng, X.(2022b)72 &)

8) MBI/ RSN TRV TR D, (Yang, J. (2024)<° Shen, R.(2023)72 &)

9) HEEERA (Fault Diagnosis) 723HMJO D (Masdoua, Y.(2024)X° Yan, K. (2024)72 &)

U EDOFRE OFER, AR TLE 2 —0RET ML 7ML RoTo, BB, ROBIZET D



DL E = —im3L & Db % Table 2 (2787,

Table 2 Comparison of Review Papers on the Application of RL to HVAC Optimization

Timeframe of

Initial|Selected . .
Paper } . Database'! Reviewed Search Datef? Topic structure
hits | articles
Papersf?
This paper| 391 78 SC from 2020 February 2025 |“reinforcement learning” AND hvac
Ajifowowe SC, GS, . . building AND HVAC AND “reinforcement learning”
821 120 Not restricted Not specified ) . .
(2024) WS, IX AND “indoor air quality” AND energy AND comfort
Al Saved TITLE-AVS-KEY (“reinforcement learning”) AND
aye
(202};) 135 48 SC Not specified August 2023 |TITLE-AVS-KEY (“building”) AND
TITLE-AVS-KEY(“HVAC systems”)
Chatterjee . . “reinforcement learning” AND {(building OR house OR
108 63 SD Not specified in 2022
(2023) home) AND control} OR “smart thermostat”
{building(s) AND (“reinforcement learning” OR
“Markov decision processes” OR “Q-learning””) AND
Han WS, SD, . . (comfort OR “thermal comfort” OR “visual comfort” OR
- 33 Not restricted Not specified ) . .
(2019) GS “indoor air quality” OR occupant OR
“indoor environment”)} OR
“model free control” OR “intelligent control”
H (“reinforcement learning” OR “Q-learning” OR
an
021) 40 32 SC Not restricted | Not specified “policy gradient” OR “A3C” OR “actor-critic” OR
“SARSA*”) AND “occupant*”
Sierla . “reinforcement learning” AND (heating OR ventilation
278 83 WS from 2013 Not specified ) L )
(2022) OR “air conditioning” OR cooling OR HVAC)
Wang . “reinforcement learning” AND (building OR house OR
77 77 WS Not specified |December 2019 A )
(2020) home OR residential) AND control
Yu . September | “reinforcement learning” AND “occupant behavior” AND
795 68 WS, GS Not specified o
(2024) 2023 “building” AND “energy”’

F1 SC: Scopus, GS: Google Scholar, WS: Web of Science, SD: Science Direct, IX: IEEE Xplore
12 Not specified: not mentioned in the paper; Not restricted: explicitly stated as unrestricted.



3. Results: Summary Table of Reward Functions

FhH U 72 SCBRIC E 78 S U7 B S 2 bl 3~ 5 728D Table 3 (CEEKI L7z, 723, KREIKAFOIREA LKL
IE30E U TRl ¢ Z IR0 ¢ TR LTz, BENBIEHE B ol 2 B3 5720, RO EZDFEE 5T
DTIFZe <, UFIZEBT 2 X 9 IS b ofilg b 2 X - 72,

EB. 6 OGO Z BRIl L RN E EN D Z LICER S, SR O
AR E W) BRI W TIFR SN A flilgkIL, 2 om0 THRARMIZ b7 28 13 2 5m i
BWTERYE TRV 2 H 5, FlziE, —EORELESERHOBIKITE XN O OIS
IR LT T —0, HOFEEPEM LIl Gl OR E DT 2 58 BRI BT 2 b O TIE R, 1€
ST IS OMMEAL U7 BMBE% A 2 O F FEHRCO RLICHEHH L7z & LTH ., &< F Chib 3 RaE S
NDDIT TR, £72, LFTILTE 5[R0 BBINIHE TE 2 FIETHIEET 5 L 9 ITB O, #
FHBE% 2 3%t L E OB A Z RIS N TORWEA R SITiX, EHCL 2 PERRKEICRY, £
DR TIXFEBAHIMI I RIITPERR T E 2,

3.1 Standardization of Variables and Unit Notations
1) Unification of Variable Symbols

ik Z SRR D EREEFITR - L, 2O, A7 — VU v 7 SHUTZHAL (Scaled Units) (33X CHLim
Dt & Lz, FlAIE Why kWh, kI, MI 72 8139 ~XTE [GIERHA LT, A LAT v THREEDY;
AT WRKW R E S FEMITITIFR CMER L 22720, Zhbb E[GIEERB LT,

2) Integration of Energy-Related Terms

BURRE, R 77 LR EOWBERENEZMEBNCEHE L T, ZREUTH L TR DI EMIE 525
#=H723% -7 (Bai, L. (2024); Chen, Z. (2024)72 &), L L., H72 2 BAloEHES HE & 970 1 AL
DESOMEITE LW, L DOENIHE L TREL L, Flo, BB ARZME > FH b b o7
D, INbZ XX —ERhR LT,

3) Unified Representation of Electricity Purchase and Sale

KBS EORERMEEANL CREEBELFMT D EHLH -7 (Yu, L. (2020)X° Zenginis,
1(2022)72 &), FEER L =R —HERIINA DL FEH D YT, AFtO= VX —HEz E L L,
IRNIEOLAICHE, ADLRICEELERT L L LK,

4) Taxonomy and Standardization of Comfort Indicators

I EEEL Tl o D PRE MR IX 2 T2 Figure3 O 0 %A L7, WFERY7R BEE Ch 2 PRl
M (Occupant Comfort) 1%, HZVRE M (Thermal Comfort) & =EHNZEXE (IAQ) D2 >DA 7T I VITK
Mg, &6, EEAPGEMEE, EHEZR EOWEEEE L. PMV ° PPD, TSV & W o o EHOER Z T
& LemafiRIcs bS5,

W D DOMFFE TIE Thermal Sensation Vote (TSV) ZHEE LT, TN EZHMMBEEKOEF L Lz, #ilxiX
Haifeng, L.(2024), Li, W.(2024), Lim, S.H.(2024) (%<4, KDE, Takagi-Sugeno fuzzy model, Machine
learning % > TIEAZHEE L7z, ZH BT ICIZ PMV OEFE (ASHRAE2017) &ITER 508, ADEA
WL 2 T BB D A — /L CREBLT 2 L) BIIFILED 720, FL PMV &V O B THRI LI,



Occupant Comfort
— Thermal Comfort
Physical Metrics
—— Dry-bulb Temperature
—— Operative Temperature
— Relative Humidity
Integrated Indices
—— PMV (Predicted Mean Vote)
—— PPD (Predicted Percentage of Dissatisfied)
L— TSV (Thermal Sensation Vote)
L Indoor Air Quality
CO2 Concentration
PM2.5, PM10

APAQ(Acceptability of Perceived Air Quality)

Figure 3 Taxonomy of the comfort indicators discussed in this review

3.2 Simplification of Reward Calculation Formulae
1) Omission of Redundant Multipliers and Non-essential Terms

WG 2 592 £ CICEERE O RF A KT HH03 H - 7= (il 2 1F Friansa, K. (2024)X° Kadamala,
K.(2024) 72 &), HANOFFILPNE & =R ¥ —VEREDHZ AR UA— & — AT 2 L 5 EEL
Fo T2, o LTI, RERICKZICR L 2 HAREAEUISGRE TR CHE ARG 605, 1E
ST, HEATREME & 6D B 12 O\ MBI LIS D T HUTEWE LT,

I B K oD 2 B 72 IR & RO S5 73 8 o 7o (B 213 Li. W (2024)%° Friansa, K.(2024) 72 &), Zh
F EFELWVRELZIEOM, EF L RWIREBZADOHEICT 5 2 & T, AT & o THEH RSB0 BEE
LRTLFT DI LREDHNES S, LonL, BIbFEOFET LTY AL L - TL, EOIERAITEKR
R T, KNBMEDEE TH D, 207D, b ONJEIAITER LT,

2) Simplification of Summation for Multi-Object Evaluation

HER 0D 78 &L THEBIOFIR R 138 8 H 25612, Fn2hicli Cafn=la @M L CREAEM
B &35 FEB B - 72 (Cui, C. (2024b)<° Ding, X. (2024b)72 &), HENEIEL DR 2 A HIZ bl 45 &
WO HIJIZBW TR, 20X REEIIE®RAZ R Rni-d, RS EHEME L1,

3) Introduction of Normalization Functions for Data Scaling

WO EFR 2 X r— 1 T DHEFNL o TTo D, IRBEE DT KM xmaxe & B/ ME Xmin 225> 72 41

TR AR (LA R OFE S TRBL L2,

Xt

Nmax(xt) = Eq. 1

xmax

Nomimmaz () = ———min_ Eq.2
Xmax — Xmin
7o, WAD LS ITHLRFE k2R LD AT — Y o 70F, BICEANTZ XD ICHEME w ERAETED
T LTz,
Nyjnear (x¢) = kx; Eq.3
4) Standardization of Weighting Coefficient Representation
B ZAFRAD LD ITHEHNEE RS 2 SDEFE (1, ) TERESHLTWD LT 5,

Wi + Wy Eq. 4

-9 .



ZOEE FMLVEMEE wi=wim ZEFRT DI LT, RO LS IZHERILT 256057,
Wity + 1, Eq. 5

ZOWEITH. 3L EOER 2R OMIMEI R L DR LT WL D IZ Eq. 4 TRILLT,

F 7. Kurte, K.(2020)D K 5 ITEAMEH A KRBT, Z22WMICED 2 HA HIZE LEDETH6 b
bol, ZHUTEAZTXTIWCLEZEERLUEZD, ROLETIEIwEaR R L,
5) Representation of Core Reward Components in Shaping

WIMBARDY, = — 2 = FOFERE (Wb L A BT E) ZEKLTH, & L5HfRIED
1 Z A LAT v TOEE (F53) L LTERINLDFHNH -7 (Gao, C.(2023); Kwon, K. B. (2024)
728, ZOBEEITIIMMORIREHRI & O TREE A B L, TOEEEZHET L RHBIEOHF
A LAT v FIZRT DHbERE 2w & L TR LT,

3.3 Introduction of a Common Error Function f... and Typical Adjustments

PR M 2 ERIM BB ST 5 T2 D Df b Hifli 22 51EIT, IREITR SN D782 A = X MRS L A7
L. ZOEAZPILIMELZ W E T2 51ETH D,

forr () = |2 — xp| Eq. 6

T 2T, x X PRE M B AARRER S (Comfort-related State Variable) C. FZERIREE. FHXHEZE ., PMV &
ENEZ D, LT, x PSS (comfortindicator) . & RS, xg, IXPRIEME & U 5 8L © O FARE
Thbd, ZOHBE) D OO ENRETH D, 2B, AU xp = 0 & THUX ZFR(LRBIRE,
PM2.5. PMV, PPD 72 & 0 D3 & 72 D FEHEIC HEH T & 2 AR Sz,

UL, Z< OBEIE Tl Z o & 5 Hflie i3 fibin s, W< 2o B NZ 50T
W, 2T, B O K AR GIZT 57012, B TERT Z LN TE LREMEGEE A EAT D,
IR 72 4 SOW B 2N 2 72 E IR T,

frenaity (Xt) (e < xap1, 07 X4y1, < X¢)

) Eq.7
xe = Xcurle + [Xcr — xe14)° (otherwise)

ferr(oc,CL,P,AL) (xt) = 150c {([

LIF, 4 20ZRZENO TRICOW TS 5,
1) Incorporating Occupancy Information into Rewards
Lnoc XK TR 1 £ i3t MEE & 5 —M ki ~BI% (generalized indicator function) T 5, U
FOEREFRHZIL 1, RTERFZIImO TSV e & & 5,
1.0c = {1 (Nye > 0)
g (Noc=0)
Z 2T Ny [personlTEE L CTH D, 7B, 130 ERD2AREM L H Y . ZOHAITITEE O REHK &
2%, THUTHHE OARIERFIZ, A OREMENRIBIEIZ 5 2 2B 2 <3, $3mo T/ha<l T
LHZENHBITH D,
2) Defining Comfort Range
TR OM E 7 ST HARME A B LI L T b RERAPITFAE LR, 2072, #il 213X ASHRAE 55-
2017 (2017)TlE, PMV IZOWTHIRREDIEE & > THELEL T35, Eq. 7 TiE, Z® ERfE (CUL:
Comfortable Upper Limit) & F[Rf (Comfortable Lower Limit) % Z#LZE 40 xcor & xce £ L7, Bq. 7 D
52 (otherwise case) Tl IKREMEA Z OPLmEHEFH N G L7c & T DL EDEE 720 | PREEFHN O
Ballio Lxn, 20, AOWEE G 2720, ek ZOHANIZI W THREIRAYIZIEO WM & & 72 %

Eq. 8

- 10 -



#4] (Cui, C.2024b) bH LA, b bIBIZZOFRSTRILLT,
3) Non-linear Error Transformation

FEHEZEHRESE D7D, REEPOHEND & EBICNT AT 4 RESILRIEDLHZ LT, #
Pl ISR D Z E B LT RY, ZD7MIZ Eq. 7 TlXidE%42 PEL TS, 7272 L. Friansa, K.
(2024) DXL T, P& 1 K& LTF T 4 OEINEFESLICT 20500 b -T2,
4) Defining Acceptable Range

RPN RIPH 2 D R E SHBENLD & A F LY $UEE DO L— L7 LT, #FA T
L7 b, ZOFHRTE S EIRME (AUL: Acceptable Upper Limit) & FFRfE (ALL: Acceptable Lower Limit)
BZENEI xaur & xa EF T, Eq 7 OKAF 1 (firstcase) TIEZ O ETORMEEB 2 I-HAIC, K&
NFIVT A foenairy % 5-ZTUND . fenaty IFRERERE LT 0 | PIEMEFRER X, 2> TEHE L2 203,
WIS L. &2 (otherwise case) XV & K& REICT D,
5) Notation of error function

LLEICHER L7z & 912, Eq. 6 TR SN D HMIZARRBZERBIT LT, $BEOAE (Occupancy (OC)) .
PRI (Comfortable Limits (CL)) . 2720 % 3% (Raising the error to the power (P)) . #F&BRES: (Acceptable
Limits (AL)). &9 4 DO T REMZ AN Eq. 7 Th 5, FEMFETIZIZNO DT ROETT
1372 —HOARRAEINTWHDHHDHE, £ 2T, Table2 Tl £ B DIRTIC 4 DDFL5 (OC, CL,
P,AL) #EBMTHZE T, FOTLRBPEHAINTWDIONERTZ EICLTZ, 2B, 5 EFREET
a2 &2 0E L, ENODORMEZEX TCBRREIZRO TRE T AT 1 252 556035 ->7- (Du,
Y.(2021a), Guo, F.(2025), Heidari, A.(2023)) , 24U & (T PLIEFIPH & FFARPHS —FH L T\ D L ARE D720,
INFD CAL TRIL LT,

11 -



Table 3 Standardized Reward Functions from Selected Literature on RL for HVAC Control

Paper

The reward at timestep 7 (1)

Ahn & Park (2020)

{ —E; (Ccoz,ave,t < 1000)
_1'5Et (1000 < Ccoz,ave,t)

Alsharafa et al. (2024)

w1 Ep — WDy — W forr(cr) (Te)

Azimi & Akbari (2024)

~W1Eidg e — W ferrccry(Te)

Azuatalam et al. (2020)

~W1 Nyax (|Et]) — WaNminmax (ferr(CL) (PMVt))

Bai & Tan (2024)

1 (0 <Efant)
—wy N, E —-w ’
1 max( ahu,t) 2{0 (0 — Efan,t)
PMV,
—w {95 —95exp(—0.029PMV* — 0.205PMV?) + —— (|PMV,| < 0.5)
3

20 (0.5 < |PMV,|)

- W4ferr(CL,AL) (Nminmax (Ccoz,t))

Biemann et al. (2023)

—Wp Et/lE,t +w, {exp (_aferr(P) (Tt)) - ﬁferr(CL) (Tt)}

Brandi et al. (2020)

Q
—wW; T : - WZf(OC,P)(Tt)

spt Text

L. Chen et al. (2023)

—Wi Et - szerr(CL) (Tt) - W3ferr,tp (Tt) — Wallepi

Z. Chen et al. (2024)

Wi Edp e — Waferrcr) (Ep) — W3ferr(OC,CL)(Tt) = Waferr(cLoc) (Ccoz,t)

Coraci et al. (2021)

Wi B — Waferr(oc,cLp) (Ty)

Cui & Xue (2024)

w1 Ep — WZferr(CL)(Tt) - W3ferr(CL)(Ccoz,t)

Dawood et al. (2022)

—wq eXp(UPchw,t) — Wy (ferr (To) + dpeferr (xcoz,t))

Deng et al. (2022a)

~W1Npinmax (Et) — WZferr(OC,AL) (PPD.)

X. Ding et al. (2024a)

~W1Npinmax (Et) — WaNminmax {ferr (cL) (PMVt)} — W3Nminmax {ferr(CL) (Elux,t)}

— Wi Nminmax {ferr(CL) (Ccoz,t)}

X. Ding et al. (2024b)

wy, (N,.>0)
_Wleinmax(Et) - {Wi (NOC — 0) Nminmax{ferr(PMVt)}
oc

Z. Ding et al. (2023)

{—wl(IPMVI + PPD) —wyE¢Ag, (PMV,PPD meet requirements)

—Cpenaity (else)

Dmitrewski et al. (2022)

_WlNlinear (Et) - WZNlinear (ferr(CL) (Tt))

Du et al. (2021a)

Wy Edge — Waferr(car) (T

Esrafilian-Najafabadi &
Haghighat (2022)

w1 E; — szerr(oc,P)(Top,t)

Fang et al. (2022)

~W1 Npinmax (Et) — WZferr(OC) (Nminmax (Tt))

Friansa et al. (2024)

E, {W1 (0<Ep)

w, (E, <0) - W3ferr(P) (T

C. Fu & Zhang (2021)

—wiEy —wy (T — Text)z

C. Gao & Wang (2023)

Wy Edp, — WZferr(CL)(Tt)

G. Gao et al. (2020)

—wW1Ey — Wy ferr(cy(PMV)

Y. Gao et al. (2024)

Wy Edp, — WZferr(CL)(Tt)
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Paper

The reward at timestep ¢ (r7)

Guo et al. (2025)

w1k — szerr(CL)(Tt) - W3ferr(CL)(¢t) - W4ferr(CAL)(Ccoz) — Ws ferr(car) (pmeS)

Gupta et al. (2021)

—W1 Nminmax (EtAg) — WoNminmax (ferr(P) (Tt))

Heidari et al. (2023)

—wi EF — w, [PMV,|P

Heidari et al. (2025)

w1 (T — Te1) — WZferr(OC,CAL)(Tt)

Jiang et al. (2021)

Wi Ninax (E) A — Walyoc *

0 (Tep, < Ty < Teyr)
exp(max(0, Ty, — Tp, Ty — Tayr))  (Tap < Ty < Tepp o7 Teyy, < Tp < Tayr)
0.5ferrcry(Te) (otherwise)

Kadamala et al. (2024)

_WlEt/lE,t - WZferr(CL) Nminmax (Et) — W3ferr(CL) (Ty)

Kannari et al. (2023)

—Wp Et — W3 €Xp (ferr(CL) (Tt))

Kodama et al. (2021)

—E; (W1 + W ferrccLp) (Tt))

Kurte et al. (2020)

—Wp Et - szerr(CL) (Tt)

Kwon et al. (2024)

—Wp Et - szerr(CL) (Tt)

H. Lan et al. (2024)

w1 E g, — WZ(pmeS + Ppmw)

Lei et al. (2022)

_Et {Wl (Noc > 0)

—_— P
Wy (Neo=0) w3 (APAQ + a)

R. Li & Zou (2025)

w1k — szerr(oc) (PPD,)

W. Li et al. (2023)

ferr(CL)(|Tsp,t+1 - Ttl) (GTS > 0)

= Woferr(ar) (GTS)
err(CL)(lTsp,t+1 - TAULD (GTS < 0) err(an)

-1

W. Li et al. (2024)

| — [w2IPMV*S - (IPMV,| < 0.5)
LT lws | PMVES (0.5 < |PMV,])

Z. Lietal. (2022)

~W1Npax (Ee) — WZferr(CL)(Nmax(lpMVtD)

Lim et al. (2024)

Bt {IPMVtI (IPMV,| < 1.0)
1R 2INOC I pMY, 12 (1.0 < |PMV,])

Lin et al. (2023)

—w1E; — szerr(CL) (T

B. Liuet al. (2021)

—wyEdg: — WZferr(P)(th - TSp.tD

X. Liu et al. (2022)

Wy Edp, — WZferr(CL)(Tt)

X. Liu & Gou (2024a)

{1 (working hours) E {wl (window opened)
- -|E,

0 (otherwise) w, (window closed) + Waferr(cLp) (Tt)]

X. Liu et al. (2024b)

_WlEt - WzPPD

Manjavacas et al. (2024)

—Wp Et - szerr(CL) (Tt)

Miao et al. (2024)

wy exp(—(aEp)?) — w, {ferr(CL)(Tt) + exp (_B(Tt - Tsp)z)}

Naug et al. (2022)

W1 Er — Woferrcry(Te) — w3l(A¢ # Aeq)

Nguyen et al. (2024)

Wy Ep — WZ,tferr(CL) (T
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Paper

The reward at timestep 7 (1)

Qin et al. (2023)

50(T, — Typ)” — 100 (T, = T < 1)
6.25(T; — Typ)* = 5625 (1< |Ty = Typ| < 3)
3.125(T, — Top)’ — 28125 (3 < |T, — Typ| < 5)
500 (5 <|T: — Tp))

—wiE —w,

Quang & Phuong (2024)

w1 E; — szerr(CL) PMV,)

Razzano et al. (2025)

ferrcey(Te) (T < Tapr)
—wiE; —w - w T.
e 2 {f err(CL,P)(Tt) (TayL < Tp) 3ferr(CL'P)( Sply't)

Scarcello et al. (2023)

~W1 Npax (Ee) — WZNmax(ferr(Tt)) —w31(T¢ < Tiin V Tnax < Tt)

—w {1 (occupant interacts with FCU)
*lo (otherwise)

Shi et al. (2024)

|Tt - Tsp|2 (Ty < Tapr)
0 (Tare < Te < Tp)
|Te = Tp|  (Tsp < Tt < Tayr)
Lln “Tpl” T ST

—wiE —w,

Shin et al. (2024)

—w1E; — szerr(CL) (T

Silvestri et al. (2024)

—wWi B — Waferr(oc,cLp) (Ty)

Su et al. (2024)

Wy Edpe — Waferr(car) (T

Sun et al. (2024)

—w, {ZEt ((Shvac,t—l = of ) A (Shvact = 0”))

E; (otherwise)

—500 (22 <T, < 26)
{ ~300 ((20<T, <22)A(5 <h < 9) A (Swwace—1 = off))
L 500 (20 <T: <22)A(5<h<9)A(Space-1 = on))
200 (otherwise)

— Wy

—w {1000 (28<Ty)
o (otherwise)

Touzani et al. (2021)

_WlEt/lE,t — Wy {—exp (_O-S(Tt - Tsp)z) + ferr(CL)(Tt)}
20 ((Epae < 0) A (SOC, < SOCin))
“W3120 ((Epase > 0) A (SOC, > SOCpay) )

0 (otherwise)

H. Wang et al. (2024)

—W1E = W ferrcL,p) (Te) = Waferricr) (@) — wal(A; # A¢_y)

M. Wang & Lin (2023)

—Wy max(O, Et - Emin,t) - szer‘r(P) (Tt)

X. Wang et al. (2025)

1 — Nminmax(Er) (Tarr < Te < Tayr)
—wi ;3 ~Nminmax(Ee) (TAUL < T;(winter) V T; < TALL(summer))
Noinmax(Ee) — 1 (Tt < Ty (winter) V Tyy < Tt(summer))

2

? 1 ( | |)
+ ex | |
(1 1,t) p ) t SP,t

1 —
1+ exp(—|Tt — Tsp_t|)

(Tar, < Ty < Tyyr)

(otherwise)
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Paper

The reward at timestep ¢ (r7)

Wei et al. (2021)

_WlEt/lE,t - WZferr(CL)(Tt)

M. Xia et al. (2023)

_WlEt/lE,t - WZferr(CL)(Tt)

Y. Xia et al. (2024)

_WlEt/lE,t - szerr(oc,CL) (T — W3ferr(oc,CL) (Ccoz,t) - W4ferr(oc,CL)(¢t)

Xu (2022)

w1 E; — szerr(CL) (T

Xue et al. (2025)

[PMV|  (PMV¢y, < PMV, < PMV¢y;)

—wik—w, {—IPMVtI (otherwise)

L. Yu et al. (2020)

Ape  (0<Ep)
—w1 E ’ —-w T¢) — w3 AE
15t {Asell,E,t (Et < 0) Zferr(CL)( t) 38LBat,t

L. Yu et al. (2021)

—wi Er = Iyoc{WaferricryTe) + Waferricry (Xcoze )}

L. Yu et al. (2022)

—w B — szerr(oc,CL)(PMVt) - W3ferr(oc,CL)(Tt)

Yuan et al. (2021)

Wy E g — waof, err(CL,P)(Tt)

Zenginis et al. (2022)

Agt (0 <Ep)
—w; E ’ -w T¢) — w3 P
1 t{lse”‘” (E, < 0) 2ferrccy(Te) 3Fsoc,t

P — 0 (EBat,min < EBat,t < EBat,max)
et g+ (- B)Psoct-1 (otherwise)

B. Zhang et al. (2022)

Epart
|( exp <_# (EBat,t < EBat,min)

EBat,max

—wiE; — szerr(CL,P) (Ty) —ws Epatr - W4ferr(P)(Vt)
€xp e 1 (EBat,max < EBat,t)

EBat,max
0 (otherwise)

Zhao et al. (2021)

Wy Edge — szerr(CL)(Tt) - W3ferr(CL)(At)

Zhong et al. (2022)

~W1Npinmax (Et) — WZferr(OC,AL) (PPD,)

Zhuang et al. (2023)

~W1 Npinmax (Et) — WZferr(OC,CL,AL)(PMVt)

Zou et al. (2020)

w1 E; — szerr(oc,P) (PPD,)
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4. Discussion

4.1 Diversity of Reward Functions and Challenges in Research Comparability

F 7, Table 3 {Z/R SAV BB RIS TEERTE &0 ) RICIEETRETH D, RLRERSTDIX
T RILF — L ERIREE IS A TE A B FER L72 9 4 (Gao, C. (2023)%° Gao, Y. 2024)72 &) L. Zh
WAL 3 4 (Liu, X. (2022); Wei, T. (2021); Xia, M. (2022)) OH T, TOMITT R TR XTZ 72, o
F 0 I8 HOFRITXT LT 68 DR H MBI NG SN WH Z & THhH D, FHIMTRLIELD
(2 B DR B LR A R BT D T2l ARGl s A ik L2 v | gk L 7o 2 a8 A L
DLTICHEDL LT, ZNLETOZEREN S ST, EHIT, ZNEROXTHEDLILTND A /X3—/3F R
— X ThHDHEMEE w, bEFITERAEZI A2, —R, R LR THEEICIEFR T TliEZeu,

IR A A HHIZRRE CTE 5 LW ) fUTTHRILZEE O— DDA TEN, — 5T, TOHHEPFHERT D524k
PEIXBFFERRR O A A2 FERICHE L < LTV D L WO MBA R T XE Th 5, Bl 21X Heidari, A.
(2025). Qin, H.(2023). Shi, Z.(2024). Sun,L.(2024)7% Ei%. MBI OEEZ M < KU -~7- BT, Zh
ZNOME TR DIFHEMEE G2 57O AL S ETVWD N, TR K> THELNALFE DK
BNRD . ZOXME L TIHADN DLW RO AN TITED & O ONIRAES N D REEH
9, F72. Liu, X. (2024a). Qin, H. (2023). Sun, L. (2024)D#l 7\ G435 1% Action D 754 7R/IE L T
HEITHRNTE S, 25 ThUX, ZNAHIFLLTO XL < HDALTZ MBI DR EHI DL 2 JRANCK L
THY ., reward hacking Z#H 5T D fERMED B 5,

“The reward signal is your way of communicating to the robot what you want it to achieve, not how you want it
achieved. (Sutton, R. S., and Barto, A. G. 2018)”

Bl 21X Liu, X. (20242)IZ 2V TE 2T, BOBMIRETERMIIEZZ T, ©LABINTE 5FHRE LTE
OB EEZ 5252 LT, ==V = MIEROREBLEIHEZ XL X —DREZFEIELRNELES ),
SOEETIIRZMAOD Z LICK DM ZG2 Z L2 FEH L TLEW, FI T KURE MR &
TNRMEET D LD X9 R,

b H A, BRkA 7R TrRAICIR BRI TEOMRBIBEIEZ L S &5 2 &I TEARnE LTH, ot
78 & DR PTREME A RGET D72 01TIR, TE LTI S — 2T 5 L WO BB nEE 5
9o X9 TRUFIITHALE O THREEZR, —m/EEMITRE W — A X2 T 4 e REIZAEH
HEND EWS AR S D, KEOLLT O discussion (X, Z O T2 S — ] BERDL Z L2 KE
mERE LTS,

4.2 Integrating Energy Performance and Comfort: Current Approaches and Limitations

IFIET R CORBGINEAREE w, 25 Z & THEfE L TR F— e & PRt 24 a Lz, £< D
T, BEAREOBAEAREN RN TO A WEES] (Xu, D.(2022); Shin, M.(2024)72 £) . BT R S 4
TV D MRILIF R EI TR0 EHR] (Du, Y.(2021a); Gao, G.(2020); Kodama, N.(2021); Lin, X.(2023); Wei,
T.(2021)72 &), #ATEER Tk 7= & F 5 FHH] (Gao, C.(2023); Liu, X.(2022); Esrafilian-Najafabadi, M.(2022)
2P R IR LTEY  BRNZAMEOEGRARIL R STV D &S W BV, Azimi, A.(2024); Coraci,
D.(2021); Fang, X.(2022)72 &, W< DD EFNTKRE ST > D2WNET U v R —F 2RI L LTV 5720,
ZHEMERE{LE NV — 7 NORREZA ST/ BN S5, Lo L, SEAIZIIM S 22 OMRMIZ §
EDNWT 1 DOEHZREITR T IILR 5720, 7238, Manjavacas, A.(2024), Dmitrewski, A.(2022), Nguyen,
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A. T.(2024) 72 & TlE, =X —MRE L RE%EZE L EAFITH2ZEEZHMIZT 740 T 05 L0
SEALEBM LI, LirL, TbZ bWt R~ BN RR L0 B 051X, Thnic e 2 1.0 D5
Tholcl LT, MEREENT VALK FHET 5 2 & 2B < RGE LRV RITITEENLETLEAS 9,
LATIZ, 72 2 EARBN AN 5 70 2 oAbl R 2 R AT o0& fil7: LT <, Figure 4 OHUAM X
T 2 2 b= 2o TIRAERIITER % 2R ER 23 L2/ R TH 5 (Togashi 2025) . Af{iih7)s = L F —
THE &, OO EIREEIC X 2 AR RE R TH D, —RICHEIL N L— A7 T, KIIREND X9
CHEGRISTOBREE R, R3S —h7a v b T, 2L 0 A EDRINATEE (Feasible) 72 fEIk
Thod, ERIFNL— 7> b RIZHY | =X —VEEE & REMEOBEARIE (we & wp) DEIZ X
S TP DB ET DRI/ D, ZHUHIEKTIIRBRTREND, BEAMEEROBREICEL > T B
LR E LTRSAZENTE, b LHERIRIA 2T RENTHLZ ERDbNA D,
FRICRA 72 DlZ, 2o b— b7 vy NOBIRPERNTITIRATH DL LW H72, b LIEBRLZEAR
BRER, 7ar NOARBRER T OEFSICHIUE, EADOZDOECITFERICKE e B% 5 2 a0
b Livien, L, b LABLDEESD e TR | S0 HIUE, EAOME)/2E DN i 2 4 B
ICELESE, BRI UGGl 2 ETe ) 27 21 EH AT D

0.40

Ego% £ Feasible region
io

0.35

0.30

0.25

0.20

Averaged dissatisfied rate [-]

0.15

0.10

0 2 4 6 8 10 12
Energy consumption [GJ]

Figure 4 lllustration of How Weighting Factors Determine the Optimal Point on the Energy-Comfort Pareto
Front

HIMEENT L D BIERLIS O FENTN 925 D . 1 0% Ahn, K. U. (2020)TH 5, CO» JEEEA L X\
EEBZDDENCL > TERAX —H{EOF LT ¢ ZIEEFICE (L ST, L, X7 4T
HDH15ELE VI EEORII RSN TE LT KR E L TR/ —PERE & Pt Oft & 1 F BRI i
TR, B9 1 DOFEF)IL Kannari, L. (2023) T, =R /X —MHEE & REMELZ T ADED Z L TH
w%ﬁﬁbtozwiﬁﬁﬁ’¢Mi Hﬁ@@ B2 5 M OMRROFHEICEEE 525 K91
5%, o T, HMARBIEMO X 5 ICARE Y RESMROBREIZL > THHIETNY OMRENEREND
&wﬁ?@@%ﬁ%%ﬁf%%(%gmmaummﬁoLﬂ L RIEER b DT, 2 DDIMEEED &
DGO, BIO EDAE DO & FE LWIMEZF-270 & vy 5 BIBEIC DWW TR R BL A > =
Sk, HRABREMED B ESICHLL RV BELH D,
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WL OPOHFEFIT, EREICTZFAX I E TIIR<, ZOMOREEE GHROBESS VDR

E7R &) &M H Z L THEREMNICTZ RV F—HEZ KRBT 5 L) T R% L7z (Brandi, S. 2020; Dawood, S.
M. 2022; Heidari, A. 2023; Li, W. 2023) , Heidari, A. (2023)DENBIEIL 1 % A 7 AT » 7 TEHIRD ENZT
AL LTZDD (TrTn) TZHAF—ZRELLTED, ZIUT K> T b F—OH L REMEO AL
IREEDHAL (°C) TRILTE TWVD, > T, ORI D & 5 ICHAL DR HkEBE LA MAE L T
HERWEW D FCITBIRIEN D, XEERIED LR, fiZ A LAT v 7OER (T.) & =ERFEM
(Ty) ZEMEEL (Wi, wo) THEY LIRS REERE 220 BRI L T,

EERHAEIY, =R —MERE L REME A AT 27200 1 OB HETH D, 18 DHEHIHR T X
NF—HEEIZTZRXNVNF—aRA A LR LDHIET, TRVX—HOBMASICER T, 7212L, £DHh
DN DI KRENFER SICLDBHAEBEBORENEZH T2 bOENL, MEP B TIERNA D
(Touzani, S. 2021; Yu, L. 2020; Zenginis, 1. 2022), L2 L. W< D2 Pitt & o a2l A TR0, #filz
I¥ Jiang, Z. (2021), Yu, L. (2020), Yu, L. (2021) IZENZE4, BEAREDOHEAL A $/°C, °C/$, °C/ppm & L
Too WMBEIE DO ) 2 —DHALIZHI 2 K 9 & T 5B EHDILD, FFIZ Jiang, Z. (2021)iF, 0.1$/°C &\
) BRR e fEZ R L TR Y . Z ORI, 0.5°C OEFETREEN 1 B\ 7254812, @E 0 1 HOBEXEH
CIFIEREE D EHICED BN, L L, TOBEGRORBILITR ST,

Fisk (2000)X> Seppénen et al. (2006)72 &', FIHJAEFEM: & W 9 BLE D O ENIRBREL A4 BRI 2 L O
T HMIEITEE DV | Z ORE ORIBEICHRK Z 52 5000 Livievy, 1 BALOIREEZ LS shogs &
DYEERNRIZE 2 5B A FEMICIEZ DAL, ZRETPBEOEEE N L TREZEHICBET S
T2 ODFRUVMBILE 72 0 155, Ll Dle< & bFa BIE Lok P E B O oIz, 2ok 9
IRAFFR O 0 R 2 16 7> L C AR IS SENIR AR 2 A 3 5 2 & CHAMRHZ RO T2 DT E )N -T2,

UbzElddd, ZIETXTOWRE CTEAMRERIC L DIE YL T 3oL —VERE L PRlETE 2 A L
TkV ., EMEEOBREIIFTHEGRRBILIZ L, £ L TEAITEEZNICRboTE SN FiEE
HEHHETHRY, NS ZERBRTHA I,

4.3 State Variables for Comfort Assessment: Selection and Implications

PREPE 2 MBI KRBT 572010, £, EO LD RIRERELLE S NE WS MER S 5, 2B, &
[l D SCHAR SR 1T HVAC % % — U — FIZ%EH L7272, 03 L EEERET & 225V EICBT 5 b DI AR
BTe > TWVDRITITER S T2V, Table 3 IZF & O @B T TV S REFIE 2 5T 5 &\
ZWIRIZ, FCERIREEDS 57 1. PMV 725 14 fF, CO2 AN 8 {1, PPD 7% 6 i, FHXHEELZS 2 £, PM2.5 73
21, EOMM ST, FOMIE 1 T T, ERIRE., PMI0, #fAXURE., HEE, APAQ (Gunnarsen
and Fanger 1992)72 572, 1 DOWMMBIEICEB O PEFIENMEDN D56 b D720, GEHETH D 94
ITERSLOARBTH D 79 I2—F LW AITITERE Sz, B 4 RO RETEE O G HH % Figure
512,
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4 llluminance N
PMV

Dry-bulb ’
temperature ’
Supply temperature

Relative humidity 3
Relative humidity & PM2.5 Operative temperature
PM2.5 & PM10
\ APAQ Y

Figure 5 Classification of Comfort Indicators Used in Reward Functions. The diagram illustrates the usage
frequency and co-occurrence of the four primary indicators (Dry-bulb temperature, PMV, PPD, and CO,
concentration). Less frequent indicators, other than these four, are listed directly within their respective

regions.

WA, Pt ORBLO T DI H— O PREiEE (] 2 IXHEREE DO, HDHUVEPMV O, 72 L) &ff
IMENE NI IENR D D, H—DOPREHRIEEES>72H DX 68 {1 (86%) T, 2 DOMREEIE & A A
b= bon 8 (10%), 3 203214, 4 2083 1 {72 -7=,

REERTRLIEE D A 2 fi o TP M 2 R BL L 7= F601% 50 2F (63%) H V| b MHH7E o7, —fkic, 22
R CEBICHE CE, RLEEICE LU IR TV ARERITHEKIBE D, T e fi-> Tl
PMEARBLL D ET2ZLIFTAREAS I, WTHR HEMER S DIL. Guo, F. (20257 & 2 HEHEI%CT, #zEk
IEFE . FRXHEEE, PM2.5, CO2 IEFEEMMA G D ST e, BVl & B2 E DS RIRHZFHME T & %
EVIOFIEIEH D HLOD, TR AX—MRE L REEORA LRI U X i, EAMEEOREN R D
LWL IRE SN D,

B O PR 2 - TR 258 121E. BEAREE DT, R L > THE TE TR H
%o P ZIXHEERIREE & BUREE DS BURIC X 72350 WS NRIC RIZ T R8I BMA R & U BV
HEREH > CEILTE DT 705, Esrafilian-Najafabadi, M. (2022) D MR R END L HICH—D
TERIREE & W D) REERICHA TE 5, H5IC PMV <° PPD 72 EiE, B OBVNEESE O IR 72 BRI 2 2
FATTHA LTV A 72, BRI K 5 Bl L 0 & B % 1F L < 3 C & 5 ArREtE
BV, LA L Ding, Z.(2023) ® X HIZPMV & PPD ZflAGHLHTH, fEmaafi Lrd &) BIIZE
WTIRERZ D, W X EOEZ 6 BRICL>TEED ., EIX 1 5 1 IZkHST 2720, [HFERNTTE
Thb, bolb, Ptk b/ 5 & PPD X PMV IZHRTEBHICHENKE <R D720, 2E OHH
WCBWTHEZEDLRMS = B 7L LTOERIZH LS L,

FHMIREESS PMV 72 & OREA BIHEIE & i 5 R & DA OHIBNL, B IX MBI DG 721 Tk &
T, EO XD RBIINTX AERERONDICHIKGFT 5, MILFE OISR —BAIIZIE Markov Decision
Process (MDP)\ZHE D BN H Y | AIBIHIENRD BN D, 75T, b LLINOOFHAWIEEZ R HT
D12 D—EOBEZNBN D 2 VITTHITE T AMEEIZEET L7202 061X, FEPARLEIRD, Z
D7=%, 21X Zhuang, D.(2023) TiX PMV & MBS fE - 7223, PMV Z3tHE 3 2 BRI21%, H2BRIRE &
FHXHIEE DA% 5K L LT, E0ftod 4 S0 %% (RGHRE, B, A&, REE) 1L Moo
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HEEAE F 71X EEE & Uz, FERIREE & P O BBl FTRE TS 5 12720 CTh D, D K 91, il &

U CHEAHIFRIEZ L 5 7o DITITBII T E DRBRE L BEE IE 5 Z L ITHEBELZRDLRITIULR B 720,

PR FRAE 2 IR FHC W D 2 & 12X, reward hacking #7558 LG5 & WO MRAWZRMEN B 5, &k
HEIXE 2 OBEFE OPREMETH D | IRESL PMV & W o I EILE N E A D T2 D ORI R G HIZE &
RN, RO AR E T 52 L% THRY) Tl TFRE) OfEICMZR B0, ZHvETHEA
O Z BT 5 = SIXREEE 72720, 20 [T ORENBENLRZWRE L THERINT
x7-. La L. ABTLE2—L7= Haifeng, L.(2024), Li, W.(2024). Lim, S. H.2024) 50 & 512, HAD
RS CTTRIL, L0 THR) (OEWIRIER G2 BRI 0RA1T, ZoRERESEX
DDObDH, Sth, VT T T NT A AL HAEBEFH: & EAOPEN: A EREEE T 2 A S 5
ZH R IUE, REMZRPEEE 2/ Uo7 TRE) Wil &+ 23%GHT, TDIEYHEEZVW-Z 5
KoHZEITRDEBZBND,

4.4 Structuring Comfort in Rewards: Common Techniques and Considerations

LB 2 — L2 SRR TR DL - i BRI SV T RTE CAFRL L 72 4 SO MR 72 TR (OC, CL, P, AL)
DRAE DR DFF1E% Figure 6 IZF L7, HIMTHE S TRE LTIXCL 2830 & £ o722y, Z DAl
[ZIERFHCE DL WAE DRI o Te, TNENONIFE TRATERARICRMBI R 255 L Tk v . i
IR 722 TR AZ AN G DE DO TR, B TR LR TIEDHESL L TR W HEER TE 5,

-

Figure 6 Venn diagram showing the adoption and combination of the four typical reward function design
techniques (OC, CL, P, and AL) across the reviewed literature. The numbers indicate the count of papers
corresponding to each intersection for explicitly defined techniques. The numbers in parentheses represent
the results of a re-aggregation that includes 14 studies in which occupancy (OC) was considered indirectly

(e.g., through time-based schedules).

DBt OEmOmEE LT, ZhHD 4 DO TRPBBPOEWVIECT 2 DI/ N— 7 TEH L
ERTRETEA S, P& AL TR ATRERPHAN OB 2 R R G, lfifIc7- E 0 E ETOFRED
WEZM ESE5 2 LR TERANTH S, Figure6 IZBWT P & AL ZHHAE X T 5 Fifi] 3000 72
WZEIXZRAERZEA S, —F T, OC & CLIE, Ffrciz &0 5 RE iRz "4 2 &3 FeH
MTHDH, E-T, P& ALIZHIELTOC & CLIZL Vi<, Fx OB OHHMGEN KI5 X
TRTHD,
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1) Incorporating Occupancy Information into Rewards

28T 2 E O HMIE, MBICHET 2PBEHEICHRELZE LI TS LITH D, 1Eo T, HBEENAE
DIFEIT, BENPPRIEEREE & 70> THEEIITEWRD RV, 2070, ZEHERMIT—KAIZIZIA 7Y a
—/LTOn & Off PEIRRELZEMIED, IOICEERTFIES LTLCO2 Hli#ElNH Y, B DIEE
WHRZHEE L THRAREEZZE XD, L LIIIBIEUE., R OFBEIRESHMAR E L > TREFT & Tl
R, WA IFBUCHET 2 HEE D IEAZIR S Z LIS L T2 525 & THY ., ThNED XK
IR OHNC L > CER SN DIDEIT =T = FRFETREENLTH D,

B HE OLEATEZ BB I RICRBL L2 19 o FBIoMIz S, LUFICBIRT 2 X 512, BN
(TR MEMNICRBLT 2 3O TEbH o7,

1 o8& LT BRI BN R DB 2 5 2 5 & 9 HEERH - 72 (Ding, Z. (2023). Liu, X. (2024a),
Shi, Z. (2024), Touzani, S. (2021)., Wang, M. (2023)72 &), FREHIZ L - THEE OIEERDUI TR TE 5
DIEND, ZIIUC Ko TREHEICED 2 A TOPFE L TBITIERVWEWI BIBIZL D HDEA 9,

29oH & LT BBE OIEATEIDS U T R OFiIH 2 2 &85 &5 HiER®H - 72 (Du, Y. (2021a),
Gao, C. (2023). Gao, Y. (2024)72 &), 21X Gao, C. (2023)DOBICTlL, PemttDO#FHNERRRZ 21-24 °C,
ARIERFIZ 15-30 °C & &Sz,

3 2H& LT, TSV X° PPD Zfifi o CHREMA M L., EOBRIIEE L TV LHBEE DA EEFHT DL
W9 iER S - 72 (Lim, S. H. (2024)X° Liu, X.(2024b)) . = D X 5 ZedtR ik & 97 uE, RIERRCIZRE M
WZEAD DML 0 72 5,

FITHIR L2 FiEO K5 IS OTEAEZ REL L7 LHERI S D FHIITEH T 14 hdb o7
7o, EHENRFIEEGHT D E 33 (42%) L720  BROPERFIHMA S O T IE CIEARTEE H & #H
BB S RBL L= L D,

=L, ERRo 1 2HE20BOH KX, ==Y = M2 TAR) TiE/e TFE) 2/RLTW5H ATHE
HERH 5,

1 DHOFEZ, Fx BRERHIERIO PG EH OTEARTEIREE TR L, 2 a BB ZAAA T L E -
TWDHR, ZhiF=—V oy IRFHTRELEX NS, WEFEHO THR) 1T [BUIWEL T\ 5
MEHEOPEZ 0 ESEDZLRDENS, ENETOANBBREELE I NEWVI TRICH ESNWTT
P DES 2 S D LD [HEE] 2B L TIER LR, =— Y = & MITHEH O
WIENEZ FRT D720 O (B 230 AP 252, ENETONEDREST 27255080 )
MELHOLFEEHSIELRETHD,

2 DHOFIEIE, RIERZ S 2 FEE OIRFEIZHERF L TR I, SUEEBAT LTz & X0 HH0nIc il
WMECIREZFETELLVIBZICHLESONTED, ZHUIH LT THIE Thsb, RIERFITMEC
HEFFT AL RV O0IE, OB ESCHBEE OMAY OREIC O EELZ T 5, EOREANITEICT
REROPEND THIE] 2T 5013=—V = FOEEITH- T, TOFx DNHHEIEIC K5~
XTIV, BBE OERRICHEYIZZRERICT 2 W) BINIE L b, =—Y = MIRME
FAZ S MBS U THRRIREZHERT 5 LW O HTIEEZFSIEA D,

2) Defining Comfort Zones (Deadbands) and Their Significance

ZOTLRIT, BERHHHNESFXTHDT v K232 Rl (Paoluccio 1978) . K< B NTZT A My K

Td % BOPTEST (Blum, D.2021) |ZEFE S 4172 Key Performance Indicator (KPI), 72 & & HHES L TEY
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bo L bEABZ 5T,

% < OFSCTIFRBRICERH SN2 & TS5 23, ASHRAE 552017 (2017)D X 95 7o FEHED /R 385G
WM AZER T2 2 & T, L0 BRI E -85 Z LR T& 5, REEORIEIZH 501X, JEE
FORZE (80%) DX TEHIRBRELERTH L WVWIHIFEHMRBEETH D, BAEMIZIZ, 2F 0%k
WPEIZRT 2 PRI 2 E 3 (PPD) Z 10%ARMICH A 5 &) ERRR AR 281, ThaEld 54
L LT PMV 23-0.5 72 5H40.5 OFFHNEHINTWD, 2O X I, IREREEER] &) BRIz A
LD BEZEIMET D E W EEDEX FHIX, 7 v NV ROBSUYEL R ET 5 L TOM 722 PG
WIRRIL & 72 5, ZAUERRBRIN 72 /3T A —HBREND ORHAZETTZA 5,

Fio, TOTRITFEEE OBRMBIEORE EL RE RN S 5, BRICHRFI Lz X 21z, Fex 048
(2R TR B 2 3G9 D BRO KRR O RIEIL, =L F — PR & PREtEE &0 X o ITha T 2 D00
EWVWIRIZD D, - T, 7 v RV RERITIUL, A7e< &b 2 OFPAIT DU TIT PRt o 52288 4 S
TELH7eH, MBZEDI AT HD0E WD BBESENEETE, = /L F—MEEED I THRENEE A
eI R,

Fo, EOIZIE, Ty R RO —20F R E LT, fEOLEEDR ERZEIT b b, 2k
bR TR —REARIT 2N & T, ZEMPEEIC I LR RS R RDEVIIRTH D, LinL
%M%ﬁ®mdf%ﬁ 27w KRRV REZFTLELTH, ZOMBIEIHFFTE RV AU i&ﬁﬁ~%
ﬁ65oRLékﬁ 7B TR —ERE %*m L2V OTHIUE, KR E LTl 28 E L7 i
B IR N FAET DT ThH D, o T, BEMEDOHED T DITIIRI O FETHEMZ HE T &
THY, 1§Jx ¥ Dawood, S. M. (2022), Naug, A. (2022), Wang, H. (2024)IL7 7 > 2 v DEL~DF /LT
AL TINEFEHLEL Y E Lz, UL Table3 IZFF 72T, 2O L) fil#EORELEBHE L
e ZFf o TOW D WRMBEEIT D e o7z, BELLSUUTO 2 OB ZAS, H1IZ, ¥YIalb—T3
Y EME S TR TTIIBEORY D X O ITHELRBEIC X o THESEA ST 5 LV O BRIEIHFHINT,
MRENEE L L, 8 2 12, 22 L RELZHERTE DL ROMBMOBRM I 2L —Ta v
TR < EREERIREFFNC I 2 L —ra UBMEDILTW A, 16> T, FERIICITHIBEEIcZ D X 9
R OREE AR Z & MBI DHTEAH D,

3) Non-linear Error Transformation and Penalty Design for Exceeding Acceptable Limits

INHD2 5O TRIFE#E LTS,

FT. REOREBILIT., BT EV B REREMEZELRTIERV S 22X EVAELSE
TOFEOEEMLLEEERENE LTS, LT, MEDREIIC L > THEERKET H0E

DRI B AR OTARC, BH L7 B FIEICBIKAF L, 7 U LROBADFIZDRE) EITR S 72 0,
o T, TORENELBIESTINENIT T 7~T 4 v 7 ICGHET RETH Y, TOHRIITHIET 5
ZEEHEE LW, 5o T, R OWEICRI R TH D 72 51, Biemann, M. (2023), Kadamala, K. (2024), Miao,
C.(2024) OHRBMBIEUNZHIR S5 L 9 12 HIRFEEBI%L (exponential function) ZfH->TH R,

L, EETREAL, ZROOLRITINE Cilim L CE 7o, = RAF—PERE & PRt DS &
5 BRIk LTl %%%%%ofwékw5:k?%éo_®i91%ﬁ¢5ﬁ%®#ﬁﬁiéﬁké
WO A T &, LT O2MEORPAZRNEICT 5720, BHEIL (B 21X 1 BALO= 3L F—HEkD
MBI 2D 2 e & FIBMRICH D, L) K5 e BG ﬁxﬂﬁb\ﬁﬁ DIX), =RAX—PEEEL DAL S
HIZEEL < T2, (o T, =R F—MEEE L PO A ZMpT T _REERICBV L, 2ok H TR
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XBET B REES S, W, PEEMEDBL A DI U CROEIE & 1372 W SRV, S F ) AP A B X
2 el CIERIEEA eV, ZOERICB N TEE b Z b REENFET 2 Z e SN TE 6T, oL
5 Z OFEID IR EFFAICRE D Z ENEFHE I TN DH72DThH D,

# 2 1% Biemann, M. (2023)I X #ENBIEL DS 2 TH CRAEA LT 5 Z & T P EUEE R - 72, L L,
ZAVUEEIRAREMICES L Z EIZMWHEZ 5252 L Thd o000, & 3 IV CHREFRIPHN T
OREEEZRSEE W -T2 & &, BENR—HLTWD LI1EE 2720, Gupta, A. (2021) <° Li, W. (2024) 72
EbLTRTOEBRCRENERIL SN TV D7D, FEEEIX END7E5 50, lEO#m (=¥
—MERE L OREE) 1THEEL <225, WIS, FEHOUGE, =XLF ML O, 2D 2 DOIHN AL
T&Z 9 72FH & LT Lim, S. H. (2024) 28% %, Lim, S. H. (2024)iX PMV OffaHEA 1.0, 2% 0 AR
FOGEE ., PMV IE20.5 23V REHFIPHZR O TELOTFFAERA L WHINESTIEA D) 2B LHETIEED
FERMEL, COLIVMEEZBADE2FEFME L, 2T 1.0 GERIRA) 282 25681013
RMNICZDOFPFHP BT 2 & LS BEREA 9, Shi, Z. (2024) OHMBI%L b B HIZRR A A LK &
FTHEY., FAFEOHNR DD & THEND, —J7T, O OHMBIE TIX, &£iFolkz Lo m TR
HEZR DT, AfLEE S F=E T T XAAPRE BT DERMEITSH 5,

4.5 Proposal of a Typical Reward Function Structure Based on Literature Review

AHTIE R Cogim SN2 < O OIE 22 falR 2 [T & 2 BB R 2R+, -
2L, TOFRNTIIEICHE O ~SHEHER) (standard) 7RBAEZITRT 2 2 & TERV, O XK 9) 2iEHE L
IR A HHRICERFI CE D L VWO I FE ORERBAZE S IO ThH D, —H T, BRICATEL
F oz, BUROHRMBIEUTH £ 0 ISR & T ATREE R N LW ) R A2 TV D, fE- T, Fex
VTR ER B DRR T RN T, R REMBEIIS UTHRERIZIEV IATe Z & & TE 5720 Ry 2 R 2 {ik
DLV 20D HERDNT U AZEZIRTITR BV, 2O XKD RGH TH R~ & Y

(typical) 72 Z R3 2 ERAREOHNTH D,

HIHC X DEE~RT FV (DOF D action) # A & L, ZRVF—HEEE & REFE x XTZ2NE1 «A)
LY ATERINDET D, xFANT—LT D0, REHITNT PVITHERTE D, LavL, ETEm L7
E =R F—HRE L DFH &V D BIZEBWTIL, TELRETDRWRIEL T2 ENEE LWL
59, Flo, mRNVF—EEE I FEITIIESENNIH I SN0 bRV BEE TIIEn 625
HBLTEADT—CiHMliT & TH 5,

MBI r (4) 2 PREVE SRS 5 2 KRBT y (A)DHFPHIZIE T 3 DO/, RATHE S (Figure
7o

—wge(4) (xcr < x(4) < xcyr)
r(4) = —wge(A) — Wc]c()((A)) ((xALL < x(A) < xcp)V(xey, < x(A) < xAUL)) Eq.9
~Ja (x(D) ((X(A) < %)V (xay; < X(A)))

Z 2T Je O PRBEFEEED =2 2 MR, Ty OIXFFARPHIMIPRE RS M L 72356 0 =2 2 MBI, we
& welFENEh =L X —MEae L PREMEIC D 2 EAMRETH 5,
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Cost T ) (@)
_ Jav(x(A)) | WEE wre(4 We€ Jarv (x(A))
(_ —r(A)) + WC]C(X(A)) pe( ) + WCJC(X(A))
\ Make continuous if possible
B /
% <0 \ §< Yay
Je(x () d\ ‘
T, d/c <0 e
............................. ﬁx \/ 0< dy
........................................................................................................... £ (4) ‘
XALL XL i XuLL 1 XauL g
> Energy-comfort g ‘Energy-only g fEnergy-comfort g —
Unacceptable range | optimization range  optimization range optimization range | Unacceptable range
for optimal selection i« i for optimal selection

Range of feasible optimal points

Figure 7 Conceptual diagram of the proposed typical piecewise reward function structure, illustrating how
the optimization objective and reward function shape vary depending on the value of the comfort

indicator x(A).

FBITREND X OIT, PEEEEE A REFLIE NI H DA IR RV X — R D A Tl s A PR
Do PEITRSND X DI, PEHEENFFARENIC &éﬁA IFT R —PERE & PR DN T R
ﬂﬁbfﬁﬁﬁ%%%ﬁéo__fimﬂmw%ﬁofﬁ%%ﬁébtw\%:%ﬁbtiﬁm\:
D D IEITRIZMESL L TWRW, HEE OTEARTEIT ’@%Wfﬁ%%ﬁ:ﬁﬁﬂﬁ&%?&é T
BrloorEn g Lo, PRl ES TR 2 0l L7281, Jur ()& > TESOMICRFEA RPN I 2R
%ﬁ%@@é@éo_®%lfimLﬁ®%%ia%fi&<&étw\ixw%—TmiﬁM%ﬁ:
BLMERTRN,

Jay OVTFFERANSEEN S & & HICRE T AT 4 25 E LTI B0, DF 0 IFRS
Lo n,

d
—]A;;(X) <0 if x(A) <xy

0 < dJary (X)
dx

Eq. 10
if  xay, < x(4)

Jo ()b —MRENTITPEIR AN O D & L BICa X FERELSTREENDL, LIREMELE D,

d];_)({){) <0 if x(A) <xcy

) U Fa.11
<
dx

if xcyL < x(4)

FEOLEALD T OITITHBIED E ) TH D Z ENEE L L RERFAICBVT I AL T 5
TeOIWITU TR L 72D

Je(x(@) =0 if (x(A) =xc)V(A) = xcpL) Eq. 12
AR N TH BRI T 3 & L 72 5,
wge(A) + weJe(x(A) = Jaw (x(D) if  (x(A) = x4, )V(X(A) = x451) Eq. 13
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L LEE, DT Iab—2a 2 LRTHAUEREL RV, 7O EXDBE D L2X 51T Je ()
& Ty ODBMRERFT 5 Z LIIREETH 5, 1o THEIIL, FRBAS T NLT 4 N gL F—
aZ b EPREET X FOfMZE TRIGZRWE WD | FRROSRME L RWIEAS S, ZHUZEAERNICIT
wATRIND,

wge(4) + Wc]c(X(A)) < ]ALV()((A)) if (x(A) =x4.)V(X(A) = x4y1) Eq. 14

B 2 ALTERE O =X VX —{HE Ey [G & =RV X —HEEORKE & ET IR, 2 ORREE DSR2
TR RIS < REHTE D,

EROXZE, HL ETERAFT—MERE L REED T VA% EOFITHEET RE LV ) N
R Z 5 2 2 128 E v, REOfEE GFATAN) (2817 2 BRI we & we D BART) 72l %
WNZ L TEERAIIS, HDWIFERICRET 20 & WO RFEZ2REITKAR L LTRSS TnD, o
DRIEDOIRER Z 203, AT 2 WMBEEGRET O DHIZRBRETH D . A% ONE TEAIIICEY
HENL~ETEA D,

FREIBEE EOREHRENIE L 2720, T OG22 T HARRR 1 SOB 2 LI FITRT, B
L EMEE R TN TR TERT D,

r(4) =< —wge(4) —wJ.(PMV) (0.5 < |PMV| <1.0) Eq. 15
_WEEN - WchLv(PMV) (1.0 < PMV)
Wg = Asenk Eq. 16
N,.Sal,,
= T Eq. 1
w¢ W, q. 17

Z ZC Sum [USD/month]iZ ¥ # @ A% (monthly salary) . WH,, [hours/month]iF A O EFEERI %S (monthly
working hours) Tl %, BHEARKAZ Z D X 5 ITEFRT UL, Eq. 15 OFBEOH 1 THE 5 2 THIXE UIREE
bz oax b (USD/m?) &) BAZICHIZ HiLDd, ZAUIEZEZR AT, dITHRRIC L 2 KEMRET
172 <, 2O X5 B ER O H HEITT 5 Z L TE UL, MOMFIE & DL RTREMED & E D,
PRBEMED =2 2 b BEIIRATERT 5,
Jc(PMV) = fpp(PMV) Eq. 18
Jary(PMV) = fpp(PMV?) Eq. 19
Z 2T fpp()iE PMV OAEIZES U7 APEMED T BIS (Performance decrement function) T 5, Z Z Tl
Lan b OBFJEHE (Lanetal. 2011) #J5H L TRATER L7z,
fpp(PMV) = 0.00135 + 0.000351PMV3 + 0.005294PMV?2 + 0.00215PMV Eq. 20
Eq. 15 O _EEIP@E M D 2 X FEIESEL LTV A, ZiUIREEEBET 2 2 E 0 HI TR <,
B DX & OERMEZRGET 2 Z LA TH D, FERIS, TEROT X LF—MgEo a2 ML, =%
NX—IZKDNTNT 4 2T T EAEMTIEARLS ) PROMEEE D IS/ NS <22 2 L a2k
RETAZ ENAMTH D, LA L acceptable range DS CTRE AV LT HEFE S HH Z L IXTE TV
WEWS RFUTH D, Z D KD il AR — 2 DRECFEEE WD —EHossbEE T v
UALZBWT, FEHORLEERZG SR TR H D, o, Eq. 19 A0 TEehz 2 T,
PMV D4 % 2 L TWHAITEETH D, ZOHETIEIPMV 1L 1.0 247 EEIS729D, Eq. 15 O FED
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X C PMV OHINCKkT 2 2 2 FOBMAINEST 2 Z EBRIAEES D, bo s b, AENRNITZ S ZE D
Sfep 1 Z PMV O3 U CIERIZICHE 2 7280, T O TRIFMETITARNY,

Pk, SRR 72 B DM 2 R L7223 ZAUEBREFIE D% < OWRBNBEIE D R LTe 2 — v D EM
EAHARY . TNOERENIGEE ST L0 TH D, ZORMBIOBINEIZAEN TH L2008 5 i
FEOMEZEL TRIESN D RETHY | fEROMENRLETHA I,
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5. Conclusions

AWFFETIX, ZERBIENC 31T 258k FE OIS HIZ BN T, MBI ORI S HERBIZ G- 2 2 B OEE

K%HLKO%L\mLé&izw#~ﬁ%&w5@ﬁ®%ﬁ®kv—%ﬁ7%&®i9hﬂﬁyx
SHTHIMBIEICHS LTV eV S BLED B 2020 FFLURIZHE R S iz 78 RO FlTam S A #EIC

— L7z, Fo. TR O ORMBEB O LK ARSI T 272012, BEGL S Ol fAAEREECIE L
B DB AN Lo T gl - LD FIEARE LT,

LE2—%l U T, WMB O ERITITMD TRERSERMENFE L, THUBHIZERER OF A g %
ELLSHEIZ L TWDBRDBIA S NI o7, =)L F—PRE & PREMEOH AL, KAF-OHFZE TELERRY
BIDZ LWEMREIZ L 5B IEKFE L TE Y, MEEE ST 272D DU S Lz FIEITSRTEH
SESRTW R, BRI AV S D REE R & U TIIHERIREE A R % <. PMV R PPD &\ o 72
BHEEORMIERERN TH Y | ZOIERIITBINFTREME & OFNDE WD RE S 0D, Fio, PREtEoE
WIZR N 2B E OIEARTENRE#R (00), RERA (CL), SRZEDHEH (P), #FFARM (AL) L\noiz
HAR 22 TRIX, ZNENR2 2 BMERSL OO, Z O A HIEC K> TR o s RN K L
V. ZRVF— L REEORGZ S HIC .% L7203 DfaRd o7z,

LE 2 —THELNIHICEE S E | PREFiIH, FPAHE., FFAFIRA D 3 SO TR 55 HE 21T 5
XA BB DR 2 4R LTe o ZAUE, iZ\/l/ﬁF‘—édJ#@L?k Pt & D/NT A LT
REED D O ZREE & D | RGLUTIS U 72 B e 2 BR 2 i B R R I A A T A TH Y . 4
% OWMMBIEGERFHI BT 5 —2DFREHE RV 15D,

AOIIZBIT D5 % OBEELREIT, =)x— Rt & v D B 5 RE 2 L0 BER D E &)
AT DFEEMNLT 52 L THD, ZORICEE LT, fix OEH OPENEZ HMIC SR L2 Y
EEUE LT L TREROPREMRRIE & 35 2 &8, B2 L TEEIZR DD E W O IRIFER RV S FET D,
ﬂﬁé@k@ﬁﬁ@g*%f®i5iﬁﬁb & D WIEEBNR 5 ~E DL D I \W%ﬂﬁ’
T D AR AN DB Lo Tz P, B 22l D DR 2 LB L T 5700 LILZRUY,
Lfﬁﬁﬁﬁfﬂl®i5ﬁr&1ﬁj%&®iﬁ WZaRfb ﬁﬁﬁ@@#hohf\%u&ﬂ#%i
> T % (S.Zhang et al 2024)

Z ORMBEIZEY MTe 7o OITIEZE b £ BIRETEIC B D DB AN ORI 2 M D R B Y | AL THIR LT
912, W DNDHFET i?fﬁ’%% S & DIRME AT E TRIET 2 LW ORBDPIEE > T D, %ﬂ

BHEIIANBEL, £z, ZNENORGEIIMERNTZN G S5 iﬁ#F’ﬁE"J IREL Wiﬁﬁ‘%’)#u%
AT Iy IR EROIEAS, 20X 2GETHERMICENLTIZVE LRI S ELHHITIE
Adaptive reward shaping (Chahoud et al. 2025) EAFHIZ2fRR T2 D00 H LiL7Zeu,

— 5T, EFEO L D =L —PERE & PR DR S I TEIIEIITER TE E VY, £ 9 ThIUXHimiT
Multi-objective optimization D Z L S5 L H @?R%ﬁ?ﬁf:% Vo TOFETNRL—hT7ry M
B OMNZT 5 Z ENRTER, FFRIUIZT R X —MEEE & PREE DA N EMAG b5 2 & TillsR

%%*K%E?%éiﬁﬁ@éo9&<k%ﬁ%@i9Lﬁ%®ﬁﬁﬁﬁﬁﬁ%ﬁ%ﬁo_tfﬂv%
F7ay hOFD 1 ROBEEEROBME L THELRT X VIIMIERH L7255, L, KXTH
B L2 L o1c, Nb— b7 ey FORRKITIZEN AR TIIEARNRERRORFEIZITESRNEN D Z

CITIEMICRER L2 < TE R 67220, RIFV A DR B LEL LTWD S DIXWMHEREIRIEOHRE Th 5.
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FE 7o, IR O L ATRENE 2 =00 D 728D . MBI DG 7 — BT 2 s D TR, N T
~—7 L7 % 1O IRIEHER RN B DOV A 2 Bl L T MR D A 95, S HIT, HlE DR EMES
AT L~DEAEE WoTo, AL E 2 —TIEHRENRSEMCEE7HER S, 4% ITHRMEEEET
ICBWT LIRS BEINDIRETH D,

T AT LAOFEHIZE L TL, A TIE 2D 2N TE R o EERFELE ST
Do BlIZIX, AFEINESNTZHEDIZET X THES A LAT v I THEZ LD ARSI A fifE & LT
WE, FERBEECII BRI DA E 2 bV K 5 RERZ2BIEHI L S b nr — 2 607 < e
VY, I*w¥~ﬁA SEL B OBESEN DB BEIV AT LD LT R AL X =N T T 5
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Nomenclature:

A : Action

APAQ : Acceptability of perceived air quality
Cco2 : CO2 concentration

Cpenalry : Penalty constant

D : Depreciation

dp : Dumper position

E : Energy consumption

Epa  : Battery charging/discharging energy
Enx  :1lluminance

fro (1) : performance-decrement function

GTS : Group thermal sensation

Jary (+) : Cost function for comfort when outside acceptable limits (Acceptable Limit Violation)

Jc () : Cost function for comfort within acceptable limits
N () :Normalization function

Noc : Number of occupants

P : Power for exponentiation

PMV  : Predicted mean vote

PPD : Predicted percentage of dissatisfied

0 : Heat load
r : Reward
S : Status

Sam  : Monthly salary of occupants
SOC  : State of charge (battery)

T : Temperature

Top : Operating temperature

Uepi : Epistemic uncertainty

V : Voltage at common bus

vp : Valve position

w : Weight coefficient

WH,, : Monthly working hours

X : Comfort indicator

a : Coefficient

S : Coefficient

€(-)  :Function determining energy consumption

AE : Energy purchase price

Jsene  : Energy selling price

¢ : Relative humidity

x () :Function determining the comfort indicator
Subscript:

ALL : acceptable lower limit CUL  : comfortable upper limit
AUL : acceptable upper limit E : energy
ahu : air handling unit ext : exterior
ave :average fan : fan
chw : chilled water hvac  : HVAC
C : comfort N : nominal
CLL : comfortable lower limit pml0 :PMI10

pm?25
sp
sply

ip

[Declaration of generative Al and Al-assisted technologies in the writing process]

: PM2.5
: setpoint

: supply air
: time
: thermal preference

[°C]

[°C]

[-]

(kW]

[-]

[-]
[hours/month]

[-]
-]
-]
-]

e

[USD/GJ]
[USD/GJ]
[%]

[-]

During the preparation of this work, the author used ChatGPT-40 and gemini in order to proofread the English text.

After using this service, the author reviewed and edited the content as needed and take full responsibility for the

content of the publication.

- 29 -



References:

1) Ahn, K. U., & Park, C. S. (2020). Application of deep Q-networks for model-free optimal control balancing
between different HVAC systems. Science and Technology for the Built Environment, 26(1), 61-74.
https://doi.org/10.1080/23744731.2019.1680234

2) Ajifowowe, ., Chang, H., Lee, C. S., & Chang, S. (2024). Prospects and challenges of reinforcement learning-
based HVAC control. Journal of Building Engineering, 98, 111080. https://doi.org/10.1016/j.jobe.2024.111080

3) Al Mindeel, T., Spentzou, E., & Eftekhari, M. (2024). Energy, thermal comfort, and indoor air quality: Multi-
objective  optimization review. Renewable and Sustainable Energy Reviews, 202, 114682.
https://doi.org/10.1016/j.rser.2024.114682

4) AlSayed, K., Boodi, A., Sadeghian Broujeny, R., & Beddiar, K. (2024). Reinforcement learning for HVAC control
in intelligent buildings: A technical and conceptual review. Journal of Building Engineering, 95, 110085.
https://doi.org/10.1016/j.jobe.2024.110085

5) Ala’raj, M., Radi, M., Abbod, M. F., Majdalawieh, M., & Parodi, M. (2022). Data-driven based HVAC optimisation
approaches: A systematic literature review. Journal of Building Engineering, 46, 103678.
https://doi.org/10.1016/j.jobe.2021.103678

6) Alsharafa, N. S., Suguna, R., Krishna, R. J., Sonthi, V. K., Padmaja, S. M., & Mariaraja, P. (2024). Optimizing
Building Energy Management with Deep Reinforcement Learning for Smart and Sustainable Infrastructure.
Journal of Machine and Computing, 4(2), 381-391. https://doi.org/10.53759/7669/jmc202404036

7) American Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE). (2017). ANSI/ASHRAE
Standard 55-2017: Thermal environmental conditions for human occupancy.

8) Amodei, D., Olah, C., Steinhardt, J., Christiano, P., Schulman, J., & Mané, D. (2016). Concrete Problems in Al
Safety. arXiv:1606.06565. Retrieved June 01, 2016, from
https://ui.adsabs.harvard.edu/abs/2016arXiv160606565A

9) Andrés, E., Cuéllar, M. P., & Navarro, G. (2022). On the Use of Quantum Reinforcement Learning in Energy-
Efficiency Scenarios. Energies, 15(16), 6034.

10) Azimi, A., & Akbari, O. (2024). A deep reinforcement learning-based method for dynamic quality of service
aware energy and occupant comfort management in intelligent buildings. e-Prime - Advances in Electrical
Engineering, Electronics and Energy, 9, Article 100700. https://doi.org/10.1016/j.prime.2024.100700

11) Azuatalam, D., Lee, W. L., de Nijs, F., & Liebman, A. (2020). Reinforcement learning for whole-building HVAC
control and demand response. Energy and Al 2, Article 100020. https://doi.org/10.1016/j.egyai.2020.100020

12) Bai, L., & Tan, Z. (2024). Optimizing energy efficiency, thermal comfort, and indoor air quality in HVAC systems
using a robust DRL algorithm. Journal of Building Engineering, 98, Article 111493.
https://doi.org/10.1016/j.jobe.2024.111493

13) Biemann, M., Gunkel, P. A., Scheller, F., Huang, L., & Liu, X. (2023). Data center HVAC control harnessing
flexibility potential via real-time pricing cost optimization using reinforcement learning. IEEE Internet of Things
Journal, 10(15), 13876-13894. https://doi.org/10.1109/JI0T.2023.3263261

14) Blum, D., Arroyo, J., Huang, S., Drgonia, J., Jorissen, F., Walnum, H. T.,...Helsen, L. (2021). Building

optimization testing framework (BOPTEST) for simulation-based benchmarking of control strategies in buildings.

- 30 -



Journal of Building Performance Simulation, 14(5), 586-610. https://doi.org/10.1080/19401493.2021.1986574

15) Brandi, S., Fiorentini, M., & Capozzoli, A. (2022). Comparison of online and offline deep reinforcement learning
with model predictive control for thermal energy management. Automation in Construction, 135, 104128.
https://doi.org/10.1016/j.autcon.2022.104128

16) Brandi, S., Piscitelli, M. S., Martellacci, M., & Capozzoli, A. (2020). Deep reinforcement learning to optimise
indoor temperature control and heating energy consumption in buildings. Energy and Buildings, 224, Article
110225. https://doi.org/10.1016/j.enbuild.2020.110225

17) Brandi, S., Piscitelli, M. S., Martellacci, M., & Capozzoli, A. (2020). Deep reinforcement learning to optimise
indoor temperature control and heating energy consumption in buildings. Energy and Buildings, 224, Article
110225. https://doi.org/10.1016/j.enbuild.2020.110225

18) Campoy-Nieves, A., Manjavacas, A., Jiménez-Raboso, J., Molina-Solana, M., & Gémez-Romero, J. (2025).
Sinergym — A virtual testbed for building energy optimization with Reinforcement Learning. Energy and
Buildings, 327, 115075. https://doi.org/10.1016/j.enbuild.2024.115075

19) Chahoud, M., Sami, H., Mizouni, R., Bentahar, J., Mourad, A., Otrok, H., & Talhi, C. (2025). Reward shaping
in DRL: A novel framework for adaptive resource management in dynamic environments. Information Sciences,
715, 122238. https://doi.org/10.1016/}.ins.2025.122238

20) Chatterjee, A., & Khovalyg, D. (2023). Dynamic indoor thermal environment using Reinforcement Learning-
based controls: Opportunities and challenges. Building and Environment, 244, 110766.
https://doi.org/10.1016/j.buildenv.2023.110766

21) Chen, C., An, J., Wang, C., Duan, X., Lu, S., Che, H.,...Yan, D. (2023). Deep Reinforcement Learning-Based
Joint Optimization Control of Indoor Temperature and Relative Humidity in Office Buildings. Buildings, 13(2),
438.

22) Chen, L., Meng, F., & Zhang, Y. (2023). Fast Human-in-The-Loop Control for HVAC Systems via Meta-Learning
and Model-Based Offline Reinforcement Learning. IEEE Transactions on Sustainable Computing, 8(3), 504-521.
https://doi.org/10.1109/TSUSC.2023.3251302

23) Chen, Z., Yu, L., Zhang, S., Hu, S., & Shen, C. (2024). Multiagent Hierarchical Deep Reinforcement Learning
for Operation Optimization of Grid-Interactive Efficient Commercial Buildings. IEEE Transactions on Artificial
Intelligence, 5(8), 4280-4292. https://doi.org/10.1109/TA1.2024.3366869

24) Coraci, D., Brandi, S., Piscitelli, M. S., & Capozzoli, A. (2021). Online implementation of a soft actor-critic
agent to enhance indoor temperature control and energy efficiency in buildings. Energies, 14(4), Article 997.
https://doi.org/10.3390/en14040997

25) Cui, C., & Xue, J. (2024). Energy and comfort aware operation of multi-zone HVAC system through preference-
inspired deep reinforcement learning. Energy, 292, Article 130505. https://doi.org/10.1016/j.energy.2024.130505

26) Dawood, S. M., Hatami, A., & Homod, R. Z. (2022). Trade-off decisions in a novel deep reinforcement learning
for energy savings in HVAC systems. Journal of Building Performance Simulation, 15(6), 809-831.
https://doi.org/10.1080/19401493.2022.2099465

27) Deng, X., Zhang, Y., & Qi, H. (2022). Toward smart multizone HVAC control by combining context-aware
system and deep reinforcement learning. IEEE Internet of Things Journal, 9(21), 21010-21024.

- 31 -



https://doi.org/10.1109/J10T.2022.3175728

28) Deng, X., Zhang, Y., & Qi, H. (2022). Towards optimal HVAC control in non-stationary building environments
combining active change detection and deep reinforcement learning. Building and Environment, 211, 108680.
https://doi.org/10.1016/j.buildenv.2021.108680

29) Devasenan, M., & Madhavan, S. (2024). Thermal intelligence: exploring AI’s role in optimizing thermal systems
—areview. Interactions, 245(1), 282. https://doi.org/10.1007/s10751-024-02122-6

30) Devidze, R. (2025). Reward Design for Reinforcement Learning Agents. ArXiv, abs/2503.21949.

31) Ding, X., Cerpa, A., & Du, W. (2024a). Exploring Deep Reinforcement Learning for Holistic Smart Building
Control. ACM Transactions on Sensor Networks, 20(3), Article 70. https://doi.org/10.1145/3656043

32) Ding, X., Cerpa, A., & Du, W. (2024b). Multi-Zone HVAC Control With Model-Based Deep Reinforcement
Learning. IEEE Transactions on Automation Science and Engineering, 1-19.
https://doi.org/10.1109/TASE.2024.3410951

33) Ding,Z.,Fu,Q., Chen, ], Lu, Y., Wu, H., Fang, N., & Xing, B. (2023). MAQMC: Multi-Agent Deep Q-Network
for Multi-Zone Residential HVAC Control. CMES - Computer Modeling in Engineering and Sciences, 136(3),
2759-2785. https://doi.org/10.32604/cmes.2023.026091

34) Ding, Z.-K., Fu, Q.-M., Chen, J.-P.,, Wu, H.-J., Lu, Y., & Hu, F.-Y. (2022). Energy-efficient control of thermal
comfort in multi-zone residential HVAC via reinforcement learning. Connection Science, 34(1), 2364-2394.
https://doi.org/10.1080/09540091.2022.2120598

35) Dinh, H. T., & Kim, D. (2022). MILP-Based Imitation Learning for HVAC Control. IEEE Internet of Things
Journal, 9(8), 6107-6120. https://doi.org/10.1109/JI0T.2021.3111454

36) Dmitrewski, A., Molina-Solana, M., & Arcucci, R. (2022). CNTRLDA: A building energy management control
system with real-time adjustments. Application to indoor temperature. Building and Environment, 215, Article
108938. https://doi.org/10.1016/j.buildenv.2022.108938

37) Du, Y., Zandi, H., Kotevska, O., Kurte, K., Munk, J., Amasyali, K.,...Li, F. (2021). Intelligent multi-zone
residential HVAC control strategy based on deep reinforcement learning. Applied Energy, 281, Article 116117.
https://doi.org/10.1016/j.apenergy.2020.116117

38) Esrafilian-Najafabadi, M., & Haghighat, F. (2022). Towards self-learning control of HVAC systems with the
consideration of dynamic occupancy patterns: Application of model-free deep reinforcement learning. Building
and Environment, 226, Article 109747. https://doi.org/10.1016/j.buildenv.2022.109747

39) Esrafilian-Najafabadi, M., & Haghighat, F. (2023). Transfer learning for occupancy-based HVAC control: A data-
driven approach using unsupervised learning of occupancy profiles and deep reinforcement learning. Energy and
Buildings, 300, 113637. https://doi.org/10.1016/j.enbuild.2023.113637

40) Fan,Y., Fu, Q., Chen, J., Wang, Y., Lu, Y., & Liu, K. (2025). A deep reinforcement learning control method for
multi-zone precooling in commercial buildings. Applied Thermal Engineering, 260, 124987.
https://doi.org/10.1016/j.applthermaleng.2024.124987

41) Fang, X., Gong, G., Li, G., Chun, L., Peng, P., Li, W., & Shi, X. (2023). Cross temporal-spatial transferability
investigation of deep reinforcement learning control strategy in the building HVAC system level. Energy, 263,
125679. https://doi.org/10.1016/j.energy.2022.125679

- 32 -



42) Fang, X., Gong, G., Li, G., Chun, L., Peng, P., Li, W.,...Chen, X. (2022). Deep reinforcement learning optimal
control strategy for temperature setpoint real-time reset in multi-zone building HVAC system. Applied Thermal
Engineering, 212, Article 118552. https://doi.org/10.1016/j.applthermaleng.2022.118552

43) Fisk, W. J. (2000). Estimates of potential nationwide productivity and health benefits from better indoor
environments. In J. D. Spengler, J. M. Samet, & J. F. McCarthy (Eds.), Indoor Air Quality Handbook. McGraw-
Hill.

44) Friansa, K., Pradipta, J., Mahesa Nanda, R., Nashirul Haq, 1., Armanto Mangkuto, R., Fauzi Iskandar,
R.,...Leksono, E. (2024). Enhancing University Building Energy Flexibility Performance Using Reinforcement
Learning Control. IEEE Access, 12, 192377-192395. https://doi.org/10.1109/ACCESS.2024.3512543

45) Fu, C., & Zhang, Y. (2021). Research and Application of Predictive Control Method Based on Deep
Reinforcement Learning for HVAC Systems. IEEE Access, 9, 130845-130852.
https://doi.org/10.1109/ACCESS.2021.3114161

46) Fu, Q., Chen, X., Ma, S., Fang, N, Xing, B., & Chen, J. (2022). Optimal control method of HVAC based on
multi-agent deep reinforcement learning. Energy and Buildings, 270, 112284.
https://doi.org/10.1016/j.enbuild.2022.112284

47) Gao, C., & Wang, D. (2023). Comparative study of model-based and model-free reinforcement learning control
performance in HVAC systems. Journal of Building Engineering, 74, Article 106852.
https://doi.org/10.1016/j.jobe.2023.106852

48) Gao, G., Li, J., & Wen, Y. (2020). DeepComfort: Energy-Efficient Thermal Comfort Control in Buildings Via
Reinforcement Learning. IEEE Internet of Things Journal, 709), 8472-8484.
https://doi.org/10.1109/J10T.2020.2992117

49) Gao, Y., Shi, S., Miyata, S., & Akashi, Y. (2024). Successful application of predictive information in deep
reinforcement learning control: A case study based on an office building HVAC system. Energy, 291, Article
130344. https://doi.org/10.1016/j.energy.2024.130344

50) Gunnarsen, L., & Ole Fanger, P. (1992). Adaptation to indoor air pollution. Environment International, 18(1),
43-54. https://doi.org/10.1016/0160-4120(92)90209-M

51) Guo, F., Ham, S. W., Kim, D., & Moon, H. J. (2025). Deep reinforcement learning control for co-optimizing
energy consumption, thermal comfort, and indoor air quality in an office building. Applied Energy, 377, Article
124467. https://doi.org/10.1016/j.apenergy.2024.124467

52) Gupta, A., Badr, Y., Negahban, A., & Qiu, R. G. (2021). Energy-efficient heating control for smart buildings
with deep reinforcement learning. Journal of Building Engineering, 34, Article 101739.
https://doi.org/10.1016/j.jobe.2020.101739

53) Han, M., May, R., Zhang, X., Wang, X., Pan, S., Yan, D.,...Xu, L. (2019). A review of reinforcement learning
methodologies for controlling occupant comfort in buildings. Sustainable Cities and Society, 51, 101748.
https://doi.org/10.1016/j.s¢s.2019.101748

54) Han, M., Zhao, J., Zhang, X., Shen, J., & Li, Y. (2021). The reinforcement learning method for occupant behavior
in  building control: A  review. Energy and  Built  Environment, 2(2), 137-148.
https://doi.org/10.1016/j.enbenv.2020.08.005

- 33 -



55) He, K., Fu, Q., Lu, Y., Ma, J., Zheng, Y., Wang, Y., & Chen, J. (2024). Efficient model-free control of chiller
plants via cluster-based deep reinforcement learning. Journal of Building Engineering, 82, 108345.
https://doi.org/10.1016/j.jobe.2023.108345

56) Heidari, A., Girardin, L., Dorsaz, C., & Maréchal, F. (2025). A trustworthy reinforcement learning framework
for autonomous control of a large-scale complex heating system: Simulation and field implementation. Applied
Energy, 378, Article 124815. https://doi.org/10.1016/j.apenergy.2024.124815

57) Heidari, A., & Khovalyg, D. (2023). DeepValve: Development and experimental testing of a Reinforcement
Learning control framework for occupant-centric heating in offices. Engineering Applications of Artificial
Intelligence, 123, Article 106310. https://doi.org/10.1016/j.engappai.2023.106310

58) International Energy Agency (IEA) (2023). The Breakthrough Agenda Report 2023, Accelerating transition
across the world's most emitting sectors, https://www.iea.org/reports/breakthrough-agenda-report-2023

59) Jiang, Z., Risbeck, M. J., Ramamurti, V., Murugesan, S., Amores, J., Zhang, C., Drees, K. H. (2021). Building
HVAC control with reinforcement learning for reduction of energy cost and demand charge. Energy and Buildings,
239, Article 110833. https://doi.org/10.1016/j.enbuild.2021.110833

60) Kadamala, K., Chambers, D., & Barrett, E. (2024). Enhancing HVAC control systems through transfer learning
with deep reinforcement learning agents. Smart Energy, 13, Article 100131.
https://doi.org/10.1016/j.segy.2024.100131

61) Kannari, L., Kantorovitch, J., Piira, K., & Piippo, J. (2023). Energy Cost Driven Heating Control with
Reinforcement Learning. Buildings, 13(2), Article 427. https://doi.org/10.3390/buildings 13020427

62) Kodama, N., Harada, T., & Miyazaki, K. (2021). Home energy management algorithm based on deep
reinforcement  learning  using  multistep  prediction. IEEE  Access, 9, 153108-153115.
https://doi.org/10.1109/ACCESS.2021.3126365

63) Kurte, K., Munk, J., Kotevska, O., Amasyali, K., Smith, R., McKee, E.,...Zandi, H. (2020). Evaluating the
adaptability of reinforcement learning based HVAC control for residential houses. Sustainability (Switzerland),
12(18), Article 7727. https://doi.org/10.3390/sul2187727

64) Kwon, K. B., Park, J. Y., Hong, S. M., Heo, J. H., & Jung, H. (2024). Development of machine learning-based
energy management agent to control fine dust concentration in railway stations. Journal of Electrical Engineering
and Technology, 19(4), 2757-2766. https://doi.org/10.1007/s42835-023-01730-6

65) Lan, H, Huiying, H, & Zhonghua, G., & Gou, Z. (2024). User-centric approach to optimizing thermal comfort
in university classrooms: Utilizing computer vision and Q-XGBoost reinforcement learning. Energy and
Buildings, 323, Article 114808. https://doi.org/10.1016/j.enbuild.2024.114808

66) Lan, L., Wargocki, P., & Lian, Z. (2011). Quantitative measurement of productivity loss due to thermal discomfort.
Energy and Buildings, 43(5), 1057-1062. https://doi.org/10.1016/j.enbuild.2010.09.001

67) Lei, Y., Zhan, S., Ono, E., Peng, Y., Zhang, Z., Hasama, T., & Chong, A. (2022). A practical deep reinforcement
learning framework for multivariate occupant-centric control in buildings. Applied Energy, 324, Article 119742.
https://doi.org/10.1016/j.apenergy.2022.119742

68) Li, R., & Zou, Z. (2025). How far back shall we peer? Optimal air handling unit control leveraging extensive
past observations. Building and Environment, 269, Article 112347.

- 34 -



https://doi.org/10.1016/j.buildenv.2024.112347

69) Li, W., Wu, H., Zhao, Y., Jiang, C., & Zhang, J. (2024). Study on indoor temperature optimal control of air-
conditioning based on Twin Delayed Deep Deterministic policy gradient algorithm. Energy and Buildings, 317,
Article 114420. https://doi.org/10.1016/j.enbuild.2024.114420

70) Li, W., Zhao, Y., Zhang, J., Jiang, C., Chen, S., Lin, L., & Wang, Y. (2023). Indoor temperature preference setting
control method for thermal comfort and energy saving based on reinforcement learning. Journal of Building
Engineering, 73, Article 106805. https://doi.org/10.1016/j.jobe.2023.106805

71) Li, Z., Sun, Z., Meng, Q., Wang, Y., & Li, Y. (2022). Reinforcement learning of room temperature set-point of
thermal storage air-conditioning system with demand response. Energy and Buildings, 259, Article 111903.
https://doi.org/10.1016/j.enbuild.2022.111903

72) Lim, S. H.,Kim, T. G., Yeom, D. J., & Yoon, S. G. (2024). Robust deep reinforcement learning for personalized
HVAC system. Energy and Buildings, 319, Article 114551. https://doi.org/10.1016/j.enbuild.2024.114551

73) Lin, X., Yuan, D., & Li, X. (2023). Reinforcement Learning with Dual Safety Policies for Energy Savings in
Building Energy Systems. Buildings, 13(3), Article 580. https://doi.org/10.3390/buildings13030580

74) Liu, B., Akcakaya, M., & McDermott, T. E. (2021). Automated Control of Transactive HVACs in Energy
Distribution Systems. IEEE Transactions on Smart Grid, 12(3), 2462-2471.
https://doi.org/10.1109/TSG.2020.3042498

75) Liu, X., & Gou, Z. (2024a). Occupant-centric HVAC and window control: A reinforcement learning model for
enhancing indoor thermal comfort and energy efficiency. Building and Environment, 250, Article 111197.
https://doi.org/10.1016/j.buildenv.2024.111197

76) Liu, X., Wu, Y., & Wu, H. (2024b). Enhancing HVAC energy management through multi-zone occupant-centric
approach: A multi-agent deep reinforcement learning solution. Energy and Buildings, 303, Article 113770.
https://doi.org/10.1016/j.enbuild.2023.113770

77) Liu, X., Ren, M., Yang, Z., Yan, G., Guo, Y., Cheng, L., & Wu, C. (2022). A multi-step predictive deep
reinforcement learning algorithm for HVAC control systems in smart buildings. Energy, 259, Article 124857.
https://doi.org/10.1016/j.energy.2022.124857

78) Manjavacas, A., Campoy-Nieves, A., Jiménez-Raboso, J., Molina-Solana, M., & Gémez-Romero, J. (2024). An
experimental evaluation of deep reinforcement learning algorithms for HVAC control. Artificial Intelligence
Review, 57(7), Article 173. https://doi.org/10.1007/s10462-024-10819-x

79) Marzullo, T., Dey, S., Long, N., Leiva Vilaplana, J., & Henze, G. (2022). A high-fidelity building performance
simulation test bed for the development and evaluation of advanced controls. Journal of Building Performance
Simulation, 15(3), 379-397. https://doi.org/10.1080/19401493.2022.2058091

80) Masdoua, Y., Boukhnifer, M., & Adjallah, K. H. (2024). Active fault-tolerant control based on DDQN architecture
applied to HVAC system. Transactions of the Institute of Measurement and Control, 01423312241273767.
https://doi.org/10.1177/01423312241273767

81) Miao, C., Cui, Y., Li, H., & Wu, X. (2024). Efficient multi-agent reinforcement learning HVAC power
consumption optimization. Energy Reports, 12, 5420-5431. https://doi.org/10.1016/j.egyr.2024.11.011

82) Naug, A., Quinones-Grueiro, M., & Biswas, G. (2022). Deep reinforcement learning control for non-stationary

- 35 -



building energy management. Energy and Buildings, 2717, Article 112584.
https://doi.org/10.1016/j.enbuild.2022.112584

83) Ng, A., Harada, D., & Russell, S. J. (1999). Policy Invariance Under Reward Transformations: Theory and
Application to Reward Shaping. In Proceedings of the Sixteenth International Conference on Machine Learning,
pp. 278-287

84) Nguyen, A. T., Pham, D. H., Oo, B. L., Santamouris, M., Ahn, Y., & Lim, B. T. H. (2024). Modelling building
HVAC control strategies using a deep reinforcement learning approach. Energy and Buildings, 310, Article
114065. https://doi.org/10.1016/j.enbuild.2024.114065

85) Paoluccio, J. P. (1978). Dead band controls guide (CR 79.002).

86) Park, H.-A., Byeon, G., Son, W., Kim, J., & Kim, S. (2023). Data-Driven Modeling of HVAC Systems for
Operation of Virtual Power Plants Using a Digital Twin. Energies, 16(20), 7032.

87) Qin,H.,Yu,Z.,Li, T, Liu, X., & Li, L. (2023). Energy-efficient heating control for nearly zero energy residential
buildings with deep reinforcement learning. Energy, 264, Article 126209.
https://doi.org/10.1016/j.energy.2022.126209

88) Quang, T. V., & Phuong, N. L. (2024). Using Deep Learning to Optimize HVAC Systems in Residential Buildings.
Journal of Green Building, 19(1), 29-50. https://doi.org/10.3992/jgb.19.1.29

89) Razzano, G., Brandi, S., Piscitelli, M. S., & Capozzoli, A. (2025). Rule extraction from deep reinforcement
learning controller and comparative analysis with ASHRAE control sequences for the optimal management of
Heating, Ventilation, and Air Conditioning (HVAC) systems in multizone buildings. Applied Energy, 381, Article
125046. https://doi.org/10.1016/j.apenergy.2024.125046

90) Scarcello, L., Cicirelli, F., Guerrieri, A., Mastroianni, C., Spezzano, G., & Vinci, A. (2023). Pursuing Energy
Saving and Thermal Comfort With a Human-Driven DRL Approach. IEEE Transactions on Human-Machine
Systems, 53(4), 707-719. https://doi.org/10.1109/THMS.2022.3216365

91) Seppinen, O., Fisk, W. J., & Lei, Q., H. (2006). Room temperature and productivity in office work. Healthy
Buildings: Creating a Healthy Indoor Environment for People,

92) Shen, R., Zhong, S., Zheng, R., Yang, D., Xu, B., Li, Y., & Zhao, J. (2023). Advanced control framework of
regenerative electric heating with renewable energy based on multi-agent cooperation. Energy and Buildings, 281,
112779. https://doi.org/10.1016/j.enbuild.2023.112779

93) Shi, Z., Zheng, R., Zhao, J., Shen, R., Gu, L., Liu, Y.,...Wang, G. (2024). Towards various occupants with
different thermal comfort requirements: A deep reinforcement learning approach combined with a dynamic PMV
model for HVAC control in buildings. Energy Conversion and Management, 320, Article 118995.
https://doi.org/10.1016/j.enconman.2024.118995

94) Shin, M., Kim, S., Kim, Y., Song, A., & Kim, H. Y. (2024). Development of an HVAC system control method
using weather forecasting data with deep reinforcement learning algorithms. Building and Environment, 248,
Article 111069. https://doi.org/10.1016/j.buildenv.2023.111069

95) Sierla, S., Ihasalo, H., & Vyatkin, V. (2022). A review of reinforcement learning applications to control of heating,
ventilation and air conditioning systems. Energies, 15(10), 3526.

96) Silvestri, A., Coraci, D., Brandi, S., Capozzoli, A., Borkowski, E., Kohler, J.,...Schlueter, A. (2024). Real building

- 36 -



implementation of a deep reinforcement learning controller to enhance energy efficiency and indoor temperature
control. Applied Energy, 368, Article 123447. https://doi.org/10.1016/j.apenergy.2024.123447

97) Su,Y., Zou, X., Tan, M., Peng, H., & Chen, J. (2024). Integrating few-shot personalized thermal comfort model
and reinforcement learning for HVAC demand response optimization. Journal of Building Engineering, 91,
Article 109509. https://doi.org/10.1016/j.jobe.2024.109509

98) Sun, L., Hu, Z., Mae, M., & Imaizumi, T. (2024). Individual room air-conditioning control in high-insulation
residential building during winter: A deep reinforcement learning-based control model for reducing energy
consumption. Energy and Buildings, 323, Article 114799. https://doi.org/10.1016/j.enbuild.2024.114799

99) Sutton, R. S., & Barto, A. G. (2018). Reinforcement learning: An introduction (2nd ed.). MIT Press.

100) Togashi, E., Miyata, M., & Yamamoto, Y. (2020). The first world championship in cybernetic building
optimization. Journal of Building Performance Simulation, 13(3), 391-408.
https://doi.org/10.1080/19401493.2020.1741685

101) Togashi, E., Ogata, H., Ayame, H., Nakatsuka, K., Satoh, M., Ukai, M.,...lio, Y. A benchmarking framework
for HVAC optimization via competitive evaluation: insights from the 2nd wccbo. Journal of Building
Performance Simulation, 1-14. https://doi.org/10.1080/19401493.2025.2539356

102) Touzani, S., Prakash, A. K., Wang, Z., Agarwal, S., Pritoni, M., Kiran, M.,...Granderson, J. (2021). Controlling
distributed energy resources via deep reinforcement learning for load flexibility and energy efficiency. Applied
Energy, 304, Article 117733. https://doi.org/10.1016/j.apenergy.2021.117733

103) Wang, H., Chen, X., Vital, N., Duffy, E., & Razi, A. (2024). Energy optimization for HVAC systems in multi-
VAV open offices: A deep reinforcement learning approach. Applied Energy, 356, Article 122354.
https://doi.org/10.1016/j.apenergy.2023.122354

104) Wang, M., & Lin, B. (2023). MF~2: Model-free reinforcement learning for modeling-free building HVAC
control with data-driven environment construction in a residential building. Building and Environment, 244,
Article 110816. https://doi.org/10.1016/j.buildenv.2023.110816

105) Wang, X., Mahdavi, N., Sethuvenkatraman, S., & West, S. (2025). An environment-adaptive SAC-based HVAC
control of single-zone residential and office buildings. Data-Centric Engineering, 6, Article e3.
https://doi.org/10.1017/dce.2024.57

106) Wang, Z., & Hong, T. (2020). Reinforcement learning for building controls: The opportunities and challenges.
Applied Energy, 269, 115036. https://doi.org/10.1016/j.apenergy.2020.115036

107) Wei, T.,Ren, S., & Zhu, Q. (2021). Deep Reinforcement Learning for Joint Datacenter and HVAC Load Control
in Distributed Mixed-Use Buildings. IEEE Transactions on Sustainable Computing, 6(3), 370-384.
https://doi.org/10.1109/TSUSC.2019.2910533

108) Xia, M., Chen, F., Chen, Q., Liu, S., Song, Y., & Wang, T. (2023). Optimal Scheduling of Residential Heating,
Ventilation and Air Conditioning Based on Deep Reinforcement Learning. Journal of Modern Power Systems
and Clean Energy, 11(5), 1596-1605. https://doi.org/10.35833/MPCE.2022.000249

109) Xia, Y., Wang, X., Yin, X., Bo, W., Wang, L., Li, S., & Li, K. (2024). Federated Accelerated Deep Reinforcement
Learning for Multi-Zone HVAC Control in Commercial Buildings. IEEE Transactions on Smart Grid.
https://doi.org/10.1109/TSG.2024.3524756

- 37 -



110) Xin, X., Zhang, Z., Zhou, Y., Liu, Y., Wang, D., & Nan, S. (2024). A comprehensive review of predictive control
strategies in heating, ventilation, and air-conditioning (HVAC): Model-free vs. model. Journal of Building
Engineering, 94, 110013. https://doi.org/10.1016/j.jobe.2024.110013

111) Xu, D. (2022). Learning Efficient Dynamic Controller for HVAC System. Mobile Information Systems, 2022,
Article 4157511. https://doi.org/10.1155/2022/4157511

112) Xue, W., Jia, N., & Zhao, M. (2025). Multi-agent deep reinforcement learning based HVAC control for multi-
zone buildings considering zone-energy-allocation optimization. Energy and Buildings, 329, Article 115241.
https://doi.org/10.1016/j.enbuild.2024.115241

113) Yan, K., Lu, C., Ma, X., Ji, Z., & Huang, J. (2024). Intelligent fault diagnosis for air handing units based on
improved generative adversarial network and deep reinforcement learning. Expert Systems with Applications,
240, 122545. https://doi.org/10.1016/j.eswa.2023.122545

114) Yang, J., Yu, J., & Wang, S. (2024). Heating ventilation air-conditioner system for multi-regional commercial
buildings based on deep reinforcement learning. Advanced Control for Applications, 6(4), ¢190.
https://doi.org/10.1002/adc2.190

115) Yu, H., Tam, V. W. Y., & Xu, X. (2024). A systematic review of reinforcement learning application in building
energy-related  occupant  behavior  simulation. Energy and  Buildings, 312, 114189.
https://doi.org/10.1016/j.enbuild.2024.114189

116) Yu, L., Sun, Y., Xu, Z., Shen, C., Yue, D., Jiang, T., & Guan, X. (2021). Multi-Agent Deep Reinforcement
Learning for HVAC Control in Commercial Buildings. IEEE Transactions on Smart Grid, 12(1), 407-419.
https://doi.org/10.1109/TSG.2020.3011739

117) Yu, L., Xie, W., Xie, D., Zou, Y., Zhang, D., Sun, Z.,.. .Jiang, T. (2020). Deep Reinforcement Learning for Smart
Home  Energy = Management. IEEE  Internet of  Things  Journal, 7(4), 2751-2762.
https://doi.org/10.1109/JI0T.2019.2957289

118) Yu, L., Xu, Z., Zhang, T., Guan, X., & Yue, D. (2022). Energy-efficient personalized thermal comfort control
in office buildings based on multi-agent deep reinforcement learning. Building and Environment, 223, Article
109458. https://doi.org/10.1016/j.buildenv.2022.109458

119) Yuan, X., Pan, Y., Yang, J., Wang, W., & Huang, Z. (2021). Study on the application of reinforcement learning
in the operation optimization of HVAC system. Building Simulation, 14(1), 75-87.
https://doi.org/10.1007/s12273-020-0602-9

120) Zenginis, 1., Vardakas, J., Koltsaklis, N. E., & Verikoukis, C. (2022). Smart Home's Energy Management
Through a Clustering-Based Reinforcement Learning Approach. IEEE Internet of Things Journal, 9(17), 16363-
16371. https://doi.org/10.1109/JI0T.2022.3152586

121) Zhang, B., Hu, W., Ghias, A. M. Y. M., Xu, X., & Chen, Z. (2022). Multi-agent deep reinforcement learning-
based coordination control for grid-aware multi-buildings. Applied Energy, 328, Article 120215.
https://doi.org/10.1016/j.apenergy.2022.120215

122) Zhang, S., Bai, J., Guan, M., Zhang, Y., Sun, J., Huang, Y.....Pu, G. (2024). CFP: A Reinforcement Learning
Framework for Comprehensive Fairness-Performance Trade-Off in Machine Learning. Artificial Neural

Networks and Machine Learning — ICANN 2024, Cham.

- 38 -



123) Zhao, H., Zhao, J., Shu, T., & Pan, Z. (2021). Hybrid-Model-Based Deep Reinforcement Learning for Heating,
Ventilation, and Air-Conditioning Control. Frontiers in Energy Research, 8, Article 610518.
https://doi.org/10.3389/fenrg.2020.610518

124) Zhong, X., Zhang, Z., Zhang, R., & Zhang, C. (2022). End-to-End Deep Reinforcement Learning Control for
HVAC Systems in Office Buildings. Designs, 6(3), Article 52. https://doi.org/10.3390/designs6030052

125) Zhou, S. L., Shah, A. A., Leung, P. K., Zhu, X., & Liao, Q. (2023). A comprehensive review of the applications
of machine learning for HVAC. DeCarbon, 2, 100023. https://doi.org/10.1016/j.decarb.2023.100023

126) Zhuang, D., Gan, V. J. L., Duygu Tekler, Z., Chong, A., Tian, S., & Shi, X. (2023). Data-driven predictive
control for smart HVAC system in IoT-integrated buildings with time-series forecasting and reinforcement
learning. Applied Energy, 338, Article 120936. https://doi.org/10.1016/j.apenergy.2023.120936

127) Zou, Z., Yu, X., & Ergan, S. (2020). Towards optimal control of air handling units using deep reinforcement
learning and recurrent neural network. Building and Environment, 168, Article 106535.

https://doi.org/10.1016/j.buildenv.2019.106535

-39 -



	Abstract
	1. Introduction
	2. Methods for Literature Search and Selection
	3. Results: Summary Table of Reward Functions
	3.1 Standardization of Variables and Unit Notations
	1) Unification of Variable Symbols
	2) Integration of Energy-Related Terms
	3) Unified Representation of Electricity Purchase and Sale
	4) Taxonomy and Standardization of Comfort Indicators

	3.2 Simplification of Reward Calculation Formulae
	1) Omission of Redundant Multipliers and Non-essential Terms
	2) Simplification of Summation for Multi-Object Evaluation
	3) Introduction of Normalization Functions for Data Scaling
	4) Standardization of Weighting Coefficient Representation
	5) Representation of Core Reward Components in Shaping

	3.3 Introduction of a Common Error Function ferr and Typical Adjustments
	1) Incorporating Occupancy Information into Rewards
	2) Defining Comfort Range
	3) Non-linear Error Transformation
	4) Defining Acceptable Range
	5) Notation of error function


	4. Discussion
	4.1 Diversity of Reward Functions and Challenges in Research Comparability
	4.2 Integrating Energy Performance and Comfort: Current Approaches and Limitations
	4.3 State Variables for Comfort Assessment: Selection and Implications
	4.4 Structuring Comfort in Rewards: Common Techniques and Considerations
	1) Incorporating Occupancy Information into Rewards
	2) Defining Comfort Zones (Deadbands) and Their Significance
	3) Non-linear Error Transformation and Penalty Design for Exceeding Acceptable Limits

	4.5 Proposal of a Typical Reward Function Structure Based on Literature Review

	5. Conclusions

