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Abstract

This paper proposes H-UPF (Hybrid Universal Policy with Forecasting), a hybrid intelligent framework for
scalable sequential decision-making in heterogencous environments under uncertainty. The architecture integrates
probabilistic multi-horizon forecasting via a Temporal Fusion Transformer with continuous control via Proximal
Policy Optimization, embedding predictive quantile distributions directly into the agent’s state representation. A
Dynamic Adaptation Layer normalizes observations relative to instance-specific scales, enabling zero-shot policy
transfer across environments with 18.5% variability in operating characteristics — without inter-agent
communication or per-instance retraining. Validated on two real-world residential energy management datasets
(REFIT: 20 UK households; CityLearn: 6 US buildings with real PV profiles), the framework achieves 88.4% of
the theoretical optimum in zero-shot transfer, outperforming meta-learning (MAML-PPO) by 8.4 percentage
points (Wilcoxon p = 0.003, Cohen’s d = 1.42). Ablation analysis identifies the adaptation layer as the dominant
contributor (—16.2 p.p. upon removal), while probabilistic forecasting adds +6.8 p.p. through proactive scheduling.
The learned policy is robust to reward parameter variations (<3.2 p.p. sensitivity across 5x range) and supports
practical deployment: 9.8 h one-time training, 18.4 ms inference per control step.

Keywords: Home Energy Management System; Reinforcement Learning, Temporal Fusion Transformer;
Probabilistic Forecasting; Zero-Shot Transfer; Scalability; Dynamic Adaptation.
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Anjarma
Byn Makanaga Oenrici3aik sKaFIalbIHAA OPTEKTI OpTaga MacmTadTaNaThIH TiI30CKTI IeIiM KaOBIIIayFa apHaFaH
rudpunri wmaTemnekryanael H-UPF (Hybrid Universal Policy with Forecasting) KypbUIBIMBI YCBHIHBLIAIBI.
YCHIHBUIFAH APXHUTCKTYPa KOIMKS3CHAI BIKTHMAN OO0JDKAM jKacayasl JKy3ere aceipareiH Temporal Fusion
Transformer moxemnin y3aikciz 6ackapyra apHamran Proximal Policy Optimization amiciMeH OipikTipeni *oHeE
00DKAMABIK KBAHTHIIBAIK YICCTIPIMACPA aTCHTTIH KYH KCHICTITIHE TikeneH eHriseai. Dynamic Adaptation Layer
(mmHamMuKaneIK  OciiMaeny KabaTtel) OakpLiay MOHIACPIH opOip oOpTara TOH MAacCIITaOTapFa  KATBICThI
HOpMaM3anuAIaiapl, Oyn opTypIi *KYMBIC cHmarraMamapsl 18.5 ece esrepeTiH opranap apackHIA HOITIK-
6anraymMeH (zero-shot) cascaTTsl TachIManIaayFa MYMKIHIIK Oepei, areHTTEp apackIHAa OaHIaHBICCHI3 JKOHE pOip
OpTa YIIiH KaWTa OKBITYCHI3. OIC €Ki HAKTHI AepekTep *kubiHbIHAA Tekcepinai: REFIT (¥mpiOpurannsanarer 20
v#) sxone CityLearn (AKILI-Tars! HAKTHI KYH ITaHEIbAEPI Oap 6 FuMapat). HoTmkeciHae YChHBIFAH TOCIT HOLTIK-
Oanray >KaFTalBIHAA TCOPHSIBIK OHTAMIE mIenriMHiH 88.4%-bIHA JKETil, METa-0KBITY oaicineH (MAML-PPO) 8 4
MAMBI3ABIK IyHKTKE KOFaphl HOTIDKE KopceTTi (Wilcoxon p = 0.003, Cohen’s d = 1.42). Tamnay moTmkenepi
OciiiMaery KaOaTBIHBIH HETI3T1 YICC KOCATHIHBIH KOPCCTTI (OHBI AjIbIl TACTAFAHIA HOTIKEC —16.2 MAHBI3IBIK
MYHKTKE TOMEHICHII), al BIKTHMa OOpKAMIbl MAaHJaNaHy MPOAKTHBTI HKOCHAPIAY apKbLIbl +6.8 MalbI3AbIK
MYHKT KOCHIMINA YXAKcapTy Ocpemi. YHPETIATCH casgcaT MapamaT ()YHKIHACHIHBIH MAapaMCTPIICPiHIH e3repyiHe
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TYpakTH (5 ece quamnazoHaa <3.2 MaHbI3IBIK MYyHKT AYBITKY) YKOHE MPAKTHKAJBIK KOJIAHYFa KapaMabl: Oip peTTik
OKBITY VaKbITHI 9.8 carar, an 0ackapy Kazambl YIIiH €CENTEy YaKbITH 18.4 MunaucexyH.

Kinr cesmep: Yi# osHeprmwsiceiH Oackapy skyHeci, Kymeltinren oxeiry, Temporal Fusion Transformer;
blxkrimanabIKTEIK O0pKay; Zero-Shot TackiManay; Macmradrany; JuHAMIKAIBIK OcHiMaeTy.
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AHHOTATIHS

B nmamHo# pabore mpemmaractca H-UPF (Hybrid Universal Policy with Forecasting) — ruOpuaHas
HHTCIUICKTYalbHAS apXUTEKTypa U1 MAaCIITa0HMpPyeMOTo TMOCIECJIOBATCILHOTO MPHHATHS pPEHICHHH B
TETCPOTCHHBIX CPElaX B VYCIOBMIX HEONMPEACIEHHOCTH. ApPXHTCKTYpa OOBEAWHICT BEPOATHOCTHOC
MHOTOTOPH30HTHOE NPOTHO3HWPOBAaHHE HA OCHOBE Moxaexm Temporal Fusion Transformer ¢ HempepbIBHBIM
VIpaBJICHHEM C HCIOIb30BaHHEM MeToaa Proximal Policy Optimization, mpu 3T0M IMPOTHO3HBIE KBAHTHIIBHbIC
pacnpenencHus HANPSIMYIO BKIIIOUYAKOTCS B MPEACTABICHUE COCTOSHUSA arcHTa. JIuHaMHYECKUH aJanTaluOHHbII
cnoit (Dynamic Adaptation Layer) HOpMamu3yeT HAOMFOICHHS OTHOCHTCIHHO MACIITA00B, XapaKTCPHBIX I
KaXIOH Cpenbl, YTO IO3BOJLICT NMEPEHOCHTH CTPATECTHIO YNPABICHUS B pexmMme zero-shot mexny cpemamm ¢
Pa3IUHUSIME 3KCIUTYaTAIIMOHHBIX XapaKTEPHCTHK 10 18.5 paza — 0e3 B3auMOACHCTBUS MEKIy arcHTaMu u 0e3
TepeoOyUCHIS A1 KaKA0H OTACTbHOU cpeabl. MeToa ObLI MPOTECTHPOBAH HA IBYX PEANbHBIX HA0OPAX JAHHBIX
Mo yrpasicHHUEO Hepruct xubix 3aaamii: REFIT (20 nomoxossiicTs B BemmkoOpuranun) u CityLearn (6 3manuit
B CIIIA ¢ peaxpHbIMH TPO(WIAMH COJTHCYHOH reHepaumm). B peskume zero-shot MpeamoKCHHBIH MOIX0A
mocturact 88.4% OT TCOPETHUCCKOTO ONTHMYMA H MPEBOCXOIUT METOA MeTa-o0yucHus (MAML-PPO) na 8.4
MPOLCHTHBIX MyHKTA (TeCT YUAKOKCoHA p = 0.003, ko3 dummenT Kosna d = 1.42). Anamm3 ab A MOKA36IBACT,
YTO aAANTAIMOHHBIH CIIOH SBILIETCS KITFOYUCBBIM KOMIIOHEHTOM (€10 YAaJCHUE PUBOIUT K CHIDKCHHIO Pe3yIbTaTa
Ha 16.2 TMPOICHTHBIX NMyHKTA), TOTJA KAK HCIOIB30BAHHC BCPOSITHOCTHOTO TMPOTHO3HPOBAHHA OOCCHCUMBACT
JIOTIOTHUTEIbHBIA MPHPOCT HA 6.8 MPOLCHTHHIX NMYHKTA 3a CUET NMPOAKTHBHOTO IUAaHMpoBaHmsI. OOyueHHAA
CTpaTermsi yCTOHYMBA K H3MCHCHISIM IAPAMETPOB ()YHKIUHM BO3HATPAKACHHA (IyBCTBHUTCIBHOCTh < 3.2
MPOLCHTHBIX IyHKTA B JUANA30HC HM3MCHCHHWI B 5 pa3) W MPHUrOAHA AT HPAKTHYCCKOTO MPHUMCHCHHA:
OJHOKPATHOC 00yUCHHE 3aHHMACT 9.8 1aca, a BpeMs BBIBOJA COCTABILICT 18.4 MC HA OTHH TIAT YIIPABJICHU.

Kmouesnie cioBa: Cucrema ynpaBlIcHHA SHEpruci ymMHOro aoma, OOyucHme ¢ moakperuicHueM; Temporal
Fusion Transformer; BeposarmoctHoe mporHo3mpoBanue;, Zero-shot mepenoc; MacmrabupyemMocTs;
JuHamuyeckasd agantanus.

1. Introduction

The design of scalable intelligent decision-making systems for heterogeneous
environments remains a fundamental challenge in modern artificial intelligence. In many real-
world domains, including residential energy management, control policies must operate under
uncertainty while generalizing across instances with significantly different dynamics and
scales. Reinforcement learning (RL) has demonstrated strong potential for such sequential
decision-making problems; however, existing approaches often fail to generalize beyond the
specific environments on which they are trained [1, 2].

Recent studies highlight the promise of combining RL with predictive modeling and
distributed control. Multi-agent RL approaches have been shown to reduce peak demand in
decentralized systems [3], while hybrid frameworks integrating deep learning-based forecasting
with RL achieve substantial performance gains [4, 5]. Furthermore, the integration of intelligent
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control with IoT-enabled systems has demonstrated improvements in efficiency under high
variability conditions [6]. Despite these advances, most existing solutions require environment-
specific retraining [7, 8], limiting their scalability.

To address these challenges, we propose H-UPF (Hybrid Universal Policy with
Forecasting), a hybrid intelligent framework designed for scalable decision-making across
heterogeneous environments. The primary objective of this study is to develop and validate a
unified energy management architecture capable of executing robust continuous control across
diverse residential buildings without requiring per-household retraining, edge-specific fine-
tuning, or inter-agent communication. The central scientific hypothesis of this research is that
embedding probabilistic time-series forecasting distributions directly into the policy state space,
combined with an instance-specific peak-power normalization layer, establishes structural
scale-invariance, thereby allowing a single shared policy to achieve near-optimal transfer
performance under extreme operational variability.

Driven by this objective, the H-UPF framework introduces three key innovations:
(1) a model-informed RL paradigm where multi-horizon probabilistic TFT forecasts are
embedded directly into a 202-dimensional PPO state vector to account for environmental
uncertainty; (2) a Dynamic Adaptation Layer (DAL) that normalizes all power-dimensional
observations by household peak power, yielding scale-invariant representations for zero-shot
transfer; (3) a comprehensive validation protocol involving cross-dataset, cross-climate
evaluation and rigorous statistical significance testing.

Through this structured approach, this paper demonstrates a systematic methodology for
bypassing the scalability bottlenecks of traditional reinforcement learning in real-world cyber-
physical systems.

2. Related Work

RL for Energy Management. Early HEMS employed DQN with discrete action spaces,
but battery management requires continuous control. SAC [13, 14] improves exploration but
incurs high per-household training cost. DDPG [15, 16] enables continuous control but suffers
instability. PPO [12] balances sampling efficiency and stability. Complementary optimization
approaches based on multi-objective scheduling [9] and hybrid metaheuristic methods [10]
have also been explored. Recent actor-critic frameworks reduce electricity bills by 21-28%[11,
12], but full retraining per household remains the norm [7, 8].

Transformer-Based Forecasting. LSTM networks were long the standard for load
forecasting [17-19] but struggle with long-range dependencies. The Temporal Fusion
Transformer (TFT) [20] achieves interpretable multi-horizon probabilistic forecasting through
gated variable selection and multi-head attention, outperforming RNNs in energy applications
[21, 22]. Despite these advances, most HEMS treat forecasting and control as separate
pipelines; H-UPF closes this gap by directly embedding TFT quantile outputs into the PPO
state.

Scalability. Transfer Learning [23, 24] enables pretrained models to adapt to new homes
but degrades when household characteristics differ. Meta-RL [25, 26] produces rapid-
adaptation initializations but at high bi-level optimization cost. Independent parameter-sharing
RL [30] trains a single policy across multiple environments with decentralized execution —
our approach belongs to this category. Federated Learning [27, 28] preserves privacy but incurs
communication overhead.
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3. Methodology

3.1 Overall Architecture

H-UPF separates perception and control into two sequentially linked modules (Fig. 1).
The Forecasting Module uses TFT to produce probabilistic 24-hour net-load scenarios. The
Decision Module implements a PPO actor-critic agent whose state vector concatenates TFT
guantile outputs with current physical measurements. The DAL bridges both modules by
normalizing all power-dimensional inputs relative to the household peak power. Information
flows causally: TFT ~ DAL ©~ PPO.

Figure 1 Overall architecture of the H-UPF framework.

3.2 Dataset: REFIT

REFIT [29] provides approximately two years of UK smart-meter data at 8-second
resolution, resampled to 15-minute intervals. Houses 1-15 form the training pool; Houses 16-
20 are held out entirely for zero-shot evaluation. Peak demand ranges from 0.65 kW to 12.00
kW — a 18.5* ratio. All results are reported as means + standard deviation across 5 independent
random seeds.

Table 1 REFIT test household characteristics

House Mean Load (kW) Pmax (KW) PV (KWp) Category
H16 0.56 115 0.9 Low
H17 041 0.87 0.7 Low
H18 0.45 7.12 5.7 High
H19 0.29 0.65 0.5 Low
H20 0.38 3.59 2.9 Medium

Pmax = 99.9th percentile of15-min demand. Training set: Houses 1-15 (0.25-0.78 kW mean,
3.14-12.00 kW Pmax).

3.3 TFT Probabilistic Forecaster

The TFT [20] is trained on pooled data from all 15 training households and evaluated
exclusively on the 5 held-out test households. It outputs quantile forecasts at T G {0.10, 0.50,
0.90} over a 96-step (24 h) horizon, minimizing the Pinball loss (Eg. 1). The median (t = 0.50)
is the RL state input, and the 80% PI width (g90-g10) is included as an uncertainty signal.
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Forecast accuracy on test households: MAPE = 7.3%, RMSE = 0.24 kW, CRPS = 0.12 kW,
80% PI empirical coverage = 80.3% (Fig. 2).

Figure 2. TFT forecaster: (a) 24-hour probabilistic forecast with 80% PI; (b) calibration curve
- 80.3% coverage (TFT) vs 74.1% (LSTM).

3.4 Dynamic Adaptation Layer (DAL) and State Vector

Each household h is characterized by prax (99.9th percentile of load). The DAL
normalizes all power-dimensional state components: snorm = s/P max. Battery capacity and
inverter power are scaled proportionally. The full 202-dimensional state vector is: SoC (1) +
g50 forecast (96) + Pl width (96) + normalized PV (1) + electricity price (1) + temporal
encoding (6) + household context (1).

The household context slot encodes a normalized load-scale indicator from historical
data. For zero-shot transfer to unseen households, this slot is set to 0 (neutral), so the agent
operates entirely on DAL-normalized patterns.

3.5 PPO Agent

The PPO actor-critic uses MLP networks (3 hidden layers x 256 units, Tanh). Continuous
action a G[-1, 1] maps to charge/discharge. Key hyperparameters: clip ratio s = 0.2, learning
rate 3 x 10 4, batch size 2048, GAE = 0.95, y = 0.99, 5 x 106training steps. A single shared
policy n is trained across all 15 training households and deployed independently at test time —
independent multi-agent RL with parameter sharing, distinct from coordination-based MARL.

3.6 Reward Function

The reward function balances three objectives:

rt = —Pgrid,t + *PVselfx —ft « Df (@)
where Qgridt is the electricity cost, Pvseift is self-consumed PV power, and Dt = k »
|ASoC|™ is the battery degradation proxy (k = 2 x 10_4,v = 15), Pearsonr = 0.89 vs rainflow
counting on LiFePO4 [32]. The degradation weight /n is explored in a Pareto analysis (84.4);
the PV weight n = 0.15 is confirmed stable by sensitivity analysis (<3.2 p.p. variation across
N G [0.05,0.25)).

3.7 Statistical Testing Protocol

All experiments use 5 independent random seeds. Performance differences are tested with
the two-sided Wilcoxon signed-rank test on per-household per-seed results (n = 25 paired
observations). Effect sizes are reported as Cohen’s d.
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4. Results

4.1 Method Comparison on REFIT

Table 2 and Fig. 3 report aggregate performance on the 5 unseen test households. H-UPF
(zero-shot) achieves 88.4+0.7% of MILP optimum — exceeding MAML-PPO (80.0£1.2%0) by
8.4 p.p. (Wilcoxon p = 0.003, Cohen’sd = 1.42). After <50 fine-tuning episodes, H-UPF
reaches 96.5+0.4% MILP.

Figure 3. Performance comparison: (a) energy cost reduction vs rule-based; (b) % of MILP
optimum.

Table 2. Aggregate performance on 5 unseen REFIT test households (mean + o, 5 seeds)

Method Cost Saving vs %of MILP Stat. sig. vs
Rule-based (%9 Optimum H-UPF ZS

Rule-based Timer 00+00 00+£00 p < 0.001
SAC (zero-shot) 25202 224+ 19 p<0.001,d=189
Pretrain + Finetune 85+02 76.0£ 15 p<0.001, d= 161
MAML-PPO 90+£01 800+ 12 p=0.003,d=142
H-UPF (zero-shot) [Ours] 9.9+ 0.1 88.4 + 0.7 — (reference)
H-UPF (fine-tuned, <50 ep.) [Ours] 10.8 + 0.0 96.5 + 0.4 VS rule-based: p < 0.001
MILP Oracle 112+ 00 100.0£ 0.0 p < 0.001

4.2 Zero-Shot Transfer: Per-Household Breakdown

Fig. 4 shows per-household results. H-UPF achieves 87.3-91.2% of MILP across all 5
households (0 ~ 15 p.p.) — the narrowest spread of all methods, confirming that the DAL
effectively neutralizes the 18.5* demand-scale variation.
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Zero-Shot Performance by Household (no fine-tuning, 5-seed +a)

100

90 -

—  MILP Oracle (100%)
70 - 1ZS  Pretrain+Finetune
UAML-PPO
H-UPF (zero-shot)

H16 H17 H18 H19 H20

Figure 4. Zero-shot transfer per household. H-UPF achieves 87-91% of MILP across all 5
unseen homes.

Table 3. Per-household zero-shot results (H-UPF, mean £ o, 5 seeds)

House PLiar Cost Saving (%9 %of MLP
H16 1 82108 8r3+12
HL7 0.87 64+07 878+ 14
H18 712 193+11 91.2+09
H19 0.65 55+06 81+15
H20 359 10.7+£09 805+ 11
Mean — 100+ 0.1 88.8 +0.7

4.3 Ablation Study
Table 4 and Fig. 5 isolate the contributions of the two key components on House 18

(hardest zero-shot target). The DAL is the dominant factor: its removal causes a 16.2 p.p.
collapse. The forecast module adds 6.8 p.p. through proactive arbitrage. Wilcoxon tests confirm
both contributions are statistically significant (p < 0.001).

Table 4. Ablation on House 18 (zero-shot, mean £ o, 5 seeds)

Modkel Variant Cost Saving (%9 Drop vs Full (p-velue)
H-UPF (Full) 193+ 11 — (reference)
w0 Forecast (Reactive) 125+ 13 -6.8 pp., p<0.001, d=1%
wlo Adaptation (Raw Inputs) 31+24 -16.2 pp, p<0.001, d=321

Figure 5. Ablation learning curves (5-seed mean + o0 shaded).
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4.4 Battery Degradation Pareto Analysis

Table 5 shows the Pareto frontier as p varies from 0 to 0.05. At the recommended
operating point p = 0.01, battery life extends from 5.2 to 7.9 years (+52%0) at only 4.1 p.p. cost
saving sacrifice.

Table 5. Battery degradation Pareto analysis (p sensitivity)

Weight p Annual Cost Saving (%9 Battery Life (years) Cycle Throughput (%9

0.000 315 5.2 100 (baseline)
0.005 20.6 6.7 94.0

0.010 ( ) 27.4 7.9 87.2
0.020 231 9.4 733
0.050 162 118 514

4.5 Fine-Tuning Convergence

Fig. 6 shows fine-tuning convergence on held-out households. H-UPF reaches 91% of
MILP in 10 episodes — faster than MAML-PPO (88%o at 10 episodes) due to a higher zero-
shot starting point.

(b) Multi-Dimensional Comparison
(normalised score)

(a) Adaptation Convergence Speed Fine-tune  Zero-Shot
E 100 -
Q H-UPF
9 % MAML-PPO
Q50 - W pretrain+FT
2 From Scratch
‘C —  MILP (100%)
.
9 0 _ 1 1 1 f—--- 1 1__ -
= = = =

0 25 50 75 100 125 150 175
Fine-tuning Episodes on New Household

Figure 6. Transfer learning: (a) fine-tuning convergence curves; (b) radar chart of zero-shot
dimensions.

4.6 Cross-Dataset Validation on CityLearn

CityLearn [31] provides hourly load, real PV generation, and tariff data for 6 residential
buildings in Austin, Texas (USA). H-UPF trained on REFIT (UK, 15 households) is applied
without fine-tuning - the strictest possible generalization test: cross-dataset, cross-country,
cross-climate, cross-resolution.

Table 6. CityLearn zero-shot results (trained on REFIT, no fine-tuning)

Building H-UPF Cost Saving (%9 MILP Oracle (%9 H-UPF / MILP vs SAC

BO1 274+ 13 36.8 745% +10.2 pp.
BO2 312+ 11 40.1 77.8% +10.8 p.p.
BO3 288+ 12 375 76.8% +10.4 pp.
B4 206+ 10 38.2 775% +10.6 p.p.
B05 21+ 12 41.0 78.3% +11.1 pp.
B06 265+ 11 35.3 75.1% +9.8 pp.

Mean 293+ 1.1 38.2 76.7% +10.5 p.p.
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4.7 Computational Cost

TFT pre-training (5.1 h) is a one-time investment; PPO training adds 4.7 h for a 9.8 h
total. SAC requires 6.2 h per household, making H-UPF more economical for N > 2 homes.
Inference requires 18.4 ms per 15-minute control step (TFT ~16 ms + DAL+PPO ~2.4 ms) —
0.002% of the available budget, compatible with edge hardware [33].

Table 7. Training time and inference latency

Method Train Time Inference (ms) Notes
Rule-based Timer N/A ~0.1 Deterministic heuristic
SAC ~6.2 h/house ~1.2 Separate per household
MAML-PPO ~14.5h ~1.5 Bi-level meta-training
H-UPF [Ours] ~9.8 h ~18.4 One-time; scales to N homes
MILP Oracle N/A ~4.200 LP solver, 96-step horizon

5. Discussion and Limitations

Three principal findings emerge. First, the DAL is the single most critical component —
without it, performance collapses by 16.2 p.p. The 18.5x demand-scale range is fully addressed,
yielding consistent 87-91% MILP optimality. Second, embedding TFT probabilistic outputs
adds +6.8 p.p. through better anticipation of solar peaks and off-peak windows (p < 0.001).
Third, a single 9.8 h training session produces a universal policy deployable to any number of
households, outperforming MAML-PPO on both training cost and zero-shot performance.

Limitations. (1) pvlib synthetic PV profiles overestimate self-consumption by =2.5 p.p.
relative to real CityLearn data; real PV datasets should be primary benchmarks. (2) The DoD
degradation proxy (r = 0.89 with rainflow counting [37]) requires recalibration for NMC cells
and does not model calendar ageing. (3) The scalar context slot provides marginal guidance (=2
p.p.) and could be improved with online adaptation. (4) Generalization to apartment buildings
and P2P trading remains future work.

6. Conclusion

This paper introduced H-UPF, a scalable framework for residential HEMS that resolves
the efficiency—adaptability trade-off. By embedding probabilistic TFT forecasts into the PPO
state space and normalizing observations via the DAL, a single shared policy achieves robust
zero-shot transfer across a 18.5x demand-scale range.

On REFIT, H-UPF achieves 88.4+0.7% of MILP optimum in zero-shot, significantly
outperforming MAML-PPO (80.0%; p = 0.003, d = 1.42). Cross-dataset validation on
CityLearn confirms generalization (76.7% MILP zero-shot). Battery degradation Pareto
analysis identifies u = 0.01 as Pareto-optimal (+52% battery longevity at —4.1 p.p. savings).
Training requires 9.8 h (RTX 3080); inference is 18.4 ms per step. Future work will extend H-
UPF to multi-agent scenarios with P2P energy trading and validate on multi-family buildings.

From a practical deployment perspective, the proposed H-UPF framework delivers
critical advantages for the modern smart grid industry and IoT-enabled Home Energy
Management Systems (HEMS). Due to its low inference latency (18.4 ms) and minimal
memory footprint, the hybrid architecture can be seamlessly embedded directly into low-cost
edge computing hardware or residential smart meters, eliminating the need for expensive cloud-
based computational resources.

Furthermore, the proven zero-shot transfer capability allows commercial energy
providers and aggregators to mass-deploy a single pre-trained control policy to thousands of
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new households instantly. This eliminates the traditional bottleneck of collecting weeks of
historical data and conducting continuous offline retraining for each individual customer.

Real-world application of this framework not only reduces peak demand stress on
distribution networks but also offers microgrid operators a reliable asset for demand response
programs, simultaneously lowering consumer electricity bills and extending overall battery
lifetime by over 50% via Pareto-optimal degradation management.
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