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Abstract—Digital twins used to steer reinforcement-learning (RL) controllers in power systems are typically static surrogates: 
trained once on historical data, they do not track drift in demand patterns, weather sensitivity, or effective capacity, and RL agents 
trained inside them inherit that staleness as an un-modelled sim-to-real gap. This paper presents a Cognitive Residual Self-
Evolving Twin (CRSET-RL) coupled with a safety-shielded Proximal Policy Optimization (PPO) controller for smart-grid load 
management. The twin combines a gradient-boosted base surrogate with an online residual cognition layer that is refit on sample-
weighted batches as new data arrives, jointly re-estimating unknown operating parameters (capacity, failure threshold, thermal 
sensitivity, weather sensitivity, and demand drift) at each step. A logistic failure-probability model derived from twin predictions 
drives both a synthetic dream-scenario generator and a runtime safety shield that overrides unsafe RL actions. On held-out data 
the self-evolving twin (MAE 285.99 MW, R-squared 0.9963) outperforms a passive twin (MAE 302.45 MW). The shielded PPO 
controller attains the highest average reward (3.83) and the lowest post-control load (0.518) with zero emergency shedding, versus 
rule-based and conservative baselines. 
 
Index Terms—Digital twin, online residual learning, proximal policy optimization, safe reinforcement learning, smart-grid load 
control. 

I.  INTRODUCTION 

A. Problem Statement 
Modern power distribution and transmission systems face a 

control problem whose difficulty is compounding rather than 
static. Rising penetration of intermittent renewables, 
electrification of heating and transport, and increasingly 
volatile weather extremes together produce load and stress 
patterns that shift over months, not decades. Reinforcement 
learning (RL) is an attractive candidate for automated 
controlbattery dispatch, demand response, flexible generation, 
and, as a last resort, load shedding—because it can, in principle, 
learn nonlinear, multi-step control policies directly from data 
rather than from hand-tuned rules. However, RL agents cannot 
safely explore on a live grid: a poorly-timed exploratory action 
can cascade into an outage. The standard mitigation is to train 
the agent inside a simulator or digital twin of the grid, and only 
later deploy the learned policy under supervision. 

The weakness of this standard recipe is that most digital 
twins used for RL training are static: fitted once on historical 
load and weather data, and then treated as ground truth for the 
lifetime of the controller. If the real grid's effective capacity 

degrades, if a heatwave shifts thermal sensitivity, or if post-
pandemic demand patterns simply look different from the 
training window, the twin's predictions—and therefore every 
downstream RL decision—silently drift out of calibration. 
Because the twin is also the source of the failure-probability 
signal that determines when protective actions are needed, 
staleness here is not merely a forecasting inconvenience; it is a 
safety-relevant blind spot. 

B. Research Gap and Opportunity 
Three bodies of literature bear directly on this problem, and 

each addresses only part of it. Digital-twin research for power 
systems has matured considerably, but the majority of twin-
plus-RL pipelines documented in the recent literature still 
couple RL to a twin trained once and frozen, or retrained only 
offline on fixed schedules. Safe-RL research for power systems 
has produced strong shielding and constrained-optimization 
techniques, but these largely assume the environment model 
used for shielding is itself accurate and stationary. Finally, 
model-based and world-model RL demonstrates that agents can 
be trained efficiently and safely from an internally generated 
model of the environment, including synthetic imagined stress 
scenarios, but this line of work has concentrated on robotics and 
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video-game control benchmarks, not on grid-scale digital twins 
with explicit, interpretable, physically-motivated state variables 
such as capacity, failure threshold, and thermal/weather 
sensitivity. 

The opportunity this paper addresses is therefore the 
integration gap between (i) online-adaptive digital twins that 
explicitly track drifting operating parameters, (ii) synthetic 
dream-scenario generation for safe exploration of rare, stressed 
grid states, and (iii) a runtime safety shield that filters the RL 
policy's actions using the twin's own live failure-probability 
estimate. We refer to the resulting system as CRSET-RL 
(Cognitive Residual Self-Evolving Twin with Reinforcement 
Learning). Unlike prior twin-based RL pipelines that follow a 
one-way Real Grid → Fixed Twin → RL pipeline, CRSET-RL 
closes the loop: Real Grid → Adaptive Twin → RL → Dream-
Scenario Feedback → Adaptive Twin, so that the twin and the 
controller co-evolve. 

C. Contributions 
This paper makes the following contributions. First, a twin 

architecture that separates a periodically-refit gradient-boosted 
base surrogate from an online, sample-weighted residual 
cognition layer, allowing fast adaptation to new load/weather 
regimes without discarding long-run structure learned by the 
base model. Second, an explicit, interpretable unknown-
parameter estimator that tracks capacity, failure threshold, 
thermal sensitivity, weather sensitivity, and demand drift at 
every adaptation step, exposing these as auditable, physically 
meaningful quantities rather than opaque latent states. Third, a 
dream-scenario generator that perturbs real feature vectors 
along temperature, humidity, wind, precipitation, and lagged-
demand channels to synthesize plausible stressed futures, used 
to enrich the RL training distribution beyond what the historical 
record alone contains. Fourth, a shielded PPO controller whose 
safety shield reads the twin's own failure-probability signal at 
runtime, evaluated end-to-end on public grid-load and 
reanalysis-weather data against random, rule-based, and 
conservative baselines. Finally, a transparent account of where 
the evolution step helped and where it did not, including a 
measured increase in point-forecast error after online evolution 
relative to the pre-evolution snapshot, consistent with the 
stability-plasticity trade-off documented in the online-learning 
literature, rather than a one-sided success 
narrative[34,35,36,37,38]. 

II.  LITERATURE REVIEW 
This review synthesizes peer-reviewed and archival works 

organized into five themes that build toward the proposed 
architecture: (i) digital twins for energy systems, (ii) physics-
informed and residual hybrid twin modeling, (iii) safe 
reinforcement learning and shielding for power systems, (iv) 
model-based / world-model and dream-style reinforcement 
learning, and (v) load forecasting and online adaptation under 
concept drift. 

A. Digital Twins for Energy and Grid Systems 
Recent digital-twin work for power systems has moved from 

static replicas toward twins that actively participate in control 
loops. Ali et al. [1] combine deep-learning-enabled digital twins 
with reinforcement learning and big-data analytics in a 

prosumer energy-management framework validated on an 
IEEE 30-bus system, where an RL agent coordinates battery 
charging/discharging using twin-generated state estimates. Qi 
et al. [2] address a complementary systems problem—
scheduling the digital twin's own computational tasks in the 
cloud through deep reinforcement learning, underscoring that 
twin infrastructure itself is now a first-class RL application, not 
merely a passive simulator. Adnan et al. [3] survey the 
convergence of metaverse, blockchain, AI, and digital-twin 
technology for what they term Smart Grid 3.0, framing digital 
twins as one pillar of a broader digitalized grid stack. Ajagekar 
et al. [4] apply multi-agent deep RL to demand-response 
coordination in networked greenhouses using a digital-twin-
style simulated environment, illustrating the generality of the 
twin-plus-RL pattern beyond bulk power systems. Botín-
Sanabria et al. [5] provide a broad comprehensive review of 
digital-twin technology and applications, cataloguing the 
technical building blocks sensing, synchronization, and 
simulation that any grid twin, including the one proposed here, 
must implement. 

A recurring theme in this cluster is that digital twins for 
energy management are increasingly expected to be adaptive 
rather than static, yet few of the surveyed systems specify an 
explicit online-update mechanism with interpretable, auditable 
state variables; most treat the twin as a black-box simulator that 
is periodically retrained offline. CRSET-RL's residual 
cognition layer is designed to fill precisely this gap. 

B. Physics-Informed and Residual Hybrid Twin 
Modeling 

A second, closely related literature blends data-driven 
surrogates with physical structure to improve extrapolation and 
interpretability. Huang et al. [6] review applications of physics-
informed neural networks across power-systems tasks, arguing 
that embedding known governing relationships reduces data 
requirements and improves out-of-distribution robustness 
relative to purely data-driven surrogates. Zheng et al. [7] 
propose physics-embedded neural ODEs for sim-to-real edge 
digital twins of hybrid power-electronics systems, directly 
targeting the sim-to-real gap that also motivates the present 
work, albeit at the component rather than the bulk-grid level. 
Gholizadeh Lonbar et al. [8] combine physics-informed neural 
networks, digital twins, and deep RL with blockchain-secured 
communication for smart-building energy optimization, an 
architecture that, like CRSET-RL, pairs a physically-motivated 
twin with an RL controller, though without an explicit online 
residual-adaptation mechanism or a dream-scenario generator. 

CRSET-RL's design choice to decompose prediction into a 
base surrogate plus an online residual term is a lightweight, 
non-neural instantiation of this hybrid philosophy: the base 
XGBoost model captures the bulk of the demand-weather 
relationship, while the residual layer is free to track whatever 
the base model currently misses, including effects the feature 
engineering does not explicitly encode an approach 
conceptually aligned with, but structurally simpler than, the 
physics-informed architectures in [6]–[8]. 

C. Safe Reinforcement Learning and Shielding for 
Power Systems 
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Because RL exploration is unsafe on live infrastructure, a 
substantial literature constrains RL actions using shields, 
barrier functions, or explicitly constrained optimization. Yu et 
al. [9] provide a comprehensive review of safe RL for power-
system control frequency regulation, voltage control, and 
energy management cataloguing shielding, constrained policy 
optimization, and Lyapunov-based approaches, and explicitly 
flag real-world deployment and training efficiency as open 
problems, both of which the present twin-internal evaluation 
also confronts. Cui et al. [10] propose an online preventive-
control method for transmission-overload relief using safe RL 
with enhanced spatial-temporal awareness, evaluated on 
realistic transmission-network benchmarks. Zhang et al. [11] 
present a Bayesian deep-RL resilient controller for multi-
energy microgrids that explicitly reasons about model 
uncertainty, a direction complementary to CRSET-RL's 
frequentist parameter-drift tracking. Shademan et al. [12] 
develop safe resource management for non-cooperative 
microgrids via deep RL, while Eichelbeck et al. [13] formulate 
contingency-constrained economic dispatch as a safe-RL 
problem, both reinforcing that constraint-aware action filtering, 
rather than reward shaping alone, is now the dominant 
paradigm for safety in this application domain. Chen et al. [14] 
examine the safety requirements specific to learning-based 
power-system operation, motivating why a runtime shield 
rather than reliance on the policy alone—remains necessary 
even after extensive twin-based training. Zhou et al. [15] and Li 
et al. [16] each report safe-RL dispatch strategies for 
transmission-overload and general power-system control 
settings respectively, and Huang et al. [17] apply deep RL to 
resilient distribution-network reconfiguration via microgrid 
formation. Gu et al. [18] offer a broad methodological review 
of safe RL spanning constrained MDPs, shielding, and 
Lyapunov methods that underlies the shield formalization 
adopted. Ladosz et al. [19] survey exploration strategies in deep 
RL more generally, relevant because a stricter shield 
necessarily narrows the exploration an agent such as PPO can 
perform. Zhang et al. [20] propose imitation-based safe RL for 
automatic generation control, illustrating a hybrid safety 
strategy learning from a safe expert policy that is an alternative 
to the hard-override shield used in CRSET-RL. 

D. Model-Based and Dream-Style (World-Model) 
Reinforcement Learning 

The dream-scenario component of CRSET-RL draws on 
model-based RL, in which an agent learns and is trained inside 
a model of its environment rather than purely from real 
transitions. Hafner et al. [21] (DreamerV3) demonstrate that 
agents trained entirely within a learned world model's imagined 
rollouts can master over one hundred and fifty heterogeneous 
control tasks without per-task tuning, establishing imagination-
based training as a general-purpose paradigm. Huang et al. [22] 
(SafeDreamer) extend this line explicitly to safety-constrained 
settings, integrating cost estimation into the imagined-rollout 
objective—conceptually the closest published analogue to 
CRSET-RL's combination of dream-scenario generation with a 
safety mechanism, though SafeDreamer operates over learned 
latent dynamics rather than an interpretable, feature-level twin. 
Ha et al. [23] propose Dream to Generalize, a zero-shot model-
based RL method that trains a control policy under 

distributional perturbations of the world model, structurally 
parallel to CRSET-RL's practice of perturbing temperature, 
humidity, wind, and lagged-demand features to synthesize 
stressed grid futures for training. This cluster of work supports 
the broader claim that synthetic, deliberately harder-than-
observed trajectories generated inside a model can improve an 
agent's robustness to conditions under-represented in the 
historical record—the same justification underlying CRSET-
RL's dream-scenario module, applied here to tabular, feature-
level grid state rather than pixel or latent observations. 

E. Load Forecasting, Online Adaptation, and Concept 
Drift 

The twin's base surrogate and its online residual layer both 
draw on the load-forecasting and online-learning literatures. 
Gradient-boosted trees remain a strong and interpretable 
baseline for short-term load forecasting: Cao et al. [24] report 
an improved XGBoost model for short-term district power-load 
prediction; Zhang and Jánošík [25] combine CatBoost and 
XGBoost in a hybrid short-term load-forecasting framework; 
Deng et al. [26] use a Bagging-XGBoost architecture explicitly 
to identify extreme-weather regimes and adjust load forecasts 
accordingly, a direct precedent for CRSET-RL's weather-
sensitivity parameter; Osgonbaatar et al. [27] benchmark rank-
based ensemble machine-learning models for nodal load 
forecasting in the Mongolian power system; Mounir et al. [28] 
combine empirical mode decomposition with bidirectional 
LSTM for smart-grid energy-management forecasting; Lin et 
al. [29] propose a hybrid short-term forecasting approach 
tailored to individual residential customers; and Luo et al. [30] 
use a competitive-inhibition selection strategy combined with 
deep learning for ensemble power-load forecasting. 
Collectively these works confirm that hybrid and ensemble 
tree-based methods remain competitive with, and often 
complementary to, deep sequence models for grid load 
forecasting, supporting the choice of XGBoost as CRSET-RL's 
base surrogate[39,40,41,42]. 

On the online-adaptation side, Liu et al. [31] introduce 
adaptive normalization for non-stationary time-series 
forecasting from a temporal-slice perspective, Liu et al. [32] 
characterize and address non-stationarity directly inside 
Transformer forecasters, and Fan et al. [33] propose Dish-TS, a 
general paradigm for alleviating distribution shift in time-series 
forecasting—all addressing the same underlying phenomenon 
that motivates CRSET-RL's residual-evolution step: a model fit 
on a training window degrades as the data-generating process 
drifts. These works generally report that explicit, lightweight 
adaptation mechanisms outperform full model retraining in 
compute cost while remaining competitive in accuracy, 
consistent with CRSET-RL's choice of an online SGD residual 
layer layered on top of a periodically-refit but not-fully-
retrained base model[43,44,45,46]. 

F. Positioning of the Present Work 
Table I summarizes how CRSET-RL differs from the closest 

strands of prior work reviewed above. No single reviewed 
system combines online interpretable-parameter twin 
evolution, dream-scenario augmentation grounded in explicit 
physical/meteorological feature perturbation, and a runtime 
safety shield reading the twin's own live failure probability, all 



 Journal of Animal Environment, Vol. 18, No. 4s, Spring 2026 
 

48 

validated end-to-end on public grid-load and weather data. This 
gap is the specific contribution CRSET-RL targets. 
TABLE I 
Positioning of CRSET-RL Relative to the Three Closest 
Literature Clusters 

Capabilit
y 

Static-
Twin 
RL 
[1],[4],[8
] 

Safe-RL 
/ 
Shieldin
g [9]–
[20] 

World-
Model / 
Dream RL 
[21]–[23] 

CRSET-
RL (this 
work) 

Online 
twin 
adaptation 

No / 
offline 
only 

Assumed 
accurate 
model 

Learned, not 
interpretable 

Yes — 
interpretabl
e, online 

Explicit 
physical 
parameter
s tracked 

Rare No No (latent) Yes 
(capacity, 
thresholds, 
sensitivities
) 

Dream / 
synthetic 
stress 
scenarios 

No No Yes (latent-
space) 

Yes 
(feature-
level, 
weather-
grounded) 

Runtime 
safety 
shield 

No Yes Partial (cost 
model) 

Yes 
(failure-
probability 
based) 

End-to-
end 
public-
data 
validation 

Partial Partial Benchmark 
environment
s 

Yes (PJM 
load + 
Open-
Meteo) 

III.  PROPOSED WORK 

A. System Architecture 
Fig. 1 depicts the CRSET-RL pipeline. Historical load and 

weather observations are transformed into a feature vector 
combining raw meteorological readings, calendar/cyclical 
encodings, and autoregressive lag/rolling-mean features. These 
features drive the Cognitive Residual Self-Evolving Twin 
(CRSET), which is composed of four coupled sub-modules: a 
base surrogate model, an online residual cognition layer, an 
unknown-parameter estimator, and a dream-scenario generator. 
The twin's real and dreamed predictions populate a twin-
simulated environment, inside which a PPO controller is 
trained; a runtime safety shield sits between the PPO policy and 
the environment, overriding actions the twin's live failure-
probability signal deems unsafe. 

 
Fig. 1.  CRSET-RL system architecture: adaptive twin (top) 
feeding a shielded PPO controller (bottom) via a twin-
simulated environment enriched with dream-scenario 
trajectories. 

1) Justification for the Architecture: 
Three design choices distinguish CRSET-RL from a 

conventional train-a-twin-once-then-train-RL-inside-it 
pipeline, and each is justified against a concrete failure mode of 
that conventional approach. First, separating a periodically-refit 
base model from a fast online residual layer avoids the two 
extremes of (a) never updating the twin, which guarantees 
eventual staleness, and (b) fully retraining a large model on 
every new batch, which is computationally expensive and, per 
the online-learning literature reviewed, prone to catastrophic 
forgetting of long-run structure. Second, making the unknown-
parameter estimates (capacity, failure threshold, 
thermal/weather sensitivity, drift) explicit rather than latent 
allows the failure-probability signal that drives both the dream 
generator and the safety shield to be audited and sanity-checked 
by a grid operator, a practical deployment requirement not 
satisfied by black-box latent world models such as DreamerV3 
[21]. Third, generating dream scenarios by perturbing real, 
interpretable feature channels (temperature, humidity, wind, 
precipitation, lagged demand) rather than sampling in an 
opaque latent space, as in [21]–[23], keeps the synthetic stress 
scenarios physically plausible and directly inspectable, at the 
cost of being less expressive than a fully learned generative 
model. 

B. Mathematical Formulation 
1) Base Surrogate and Residual Cognition: 
Let x ∈ R^d denote the engineered feature vector at a given 

hour and y the corresponding realized load in MW. The base 
surrogate is a gradient-boosted ensemble of K regression trees, 
f_base(x) = Σ_{k=1}^{K} f_k(x),   f_k ∈ x     (1) 

trained by additive minimization of a regularized squared-
error objective (standard XGBoost training; see [24]–[26] for 
grid-load instantiations). The twin's residual cognition layer 
models the systematic error the base model leaves behind, 
r = y − f_base(x),   f_res(x) ≈ E[r | x]     (2) 

fit online via stochastic gradient descent under the Huber 
loss 
L_δ(r, r̂) = ½(r − r̂)²,  |r − r̂| ≤ δ;   δ(|r − r̂| − ½δ),  otherwise     
(3) 
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The final twin prediction combines both terms, 
ŷ(x) = f_base(x) + f_res(x)     (4) 

2) Justification of the Huber Residual Loss: 
The residual layer is updated on every adaptation batch, 

including batches drawn from periods of anomalous demand 
(extreme weather, holidays). Ordinary least-squares SGD 
weights large errors quadratically, so a small number of 
anomalous points can dominate the gradient and destabilize the 
online update; the Huber loss in (3) is quadratic for small 
residuals (preserving efficient learning under normal 
conditions) and linear beyond the threshold δ (bounding the 
influence of outliers), which is the standard robust-statistics 
rationale echoed in the concept-drift literature [31]–[33]. 

3) Unknown-Parameter Evolution: 
At each adaptation step over a batch (X_b, y_b), the twin 

recomputes four operating parameters. Weather sensitivity 
aggregates the within-batch dispersion of the four 
meteorological channels (temperature T, humidity H, wind W, 
precipitation P, all min-max scaled to [0,1]): 
σ_weather = clip( 1 + σ(T) + σ(H) + σ(W) + σ(P), 0.75, 1.75 )     
(5) 

Thermal sensitivity tracks the batch-mean scaled 
temperature: 
σ_thermal = clip( 1 + 0.60 · mean(T), 0.75, 1.60 )     (6) 

The drift factor captures the sign and magnitude of 
systematic bias in the twin's predictions relative to the batch's 
mean load: 
bias = mean(y_b − ŷ_b),   drift = clip( 1 + bias / mean(y_b), 
0.96, 1.04 )     (7) 

Estimated capacity and the derived failure threshold are 
updated multiplicatively by the drift factor and weather 
sensitivity respectively: 
C_{t+1} = C_t · (0.998 + 0.004·drift),   τ_{t+1} = C_{t+1} · 
(0.88 + 0.04·σ_weather)     (8) 

The clipping bounds in (5)–(7) are deliberately conservative: 
they permit the twin to track gradual regime change (a multi-
batch drift of a few percent in capacity, consistent with the 
empirical evolution log in Fig. 5) while preventing a single 
anomalous batch from producing an implausible, discontinuous 
jump in a safety-relevant quantity such as the failure threshold. 
This is the same rationale that motivates bounded step sizes in 
robust adaptive-control and concept-drift-adaptation methods 
more broadly [31]–[33]. 

4) Failure Probability and the Dream-Scenario Generator: 
Given a predicted load ŷ and current estimated capacity C, 

the twin computes a smooth failure probability via a logistic 
function of the normalized stress ratio: 
stress = ŷ / C,   p_fail = σ( 22 · (stress − 0.86) )     (9) 

The steep slope (22) and inflection point (0.86) implement a 
smooth approximation of a hard operational threshold at 86% 
of estimated capacity. Equation (9) is a logistic (sigmoid) 
reliability curve of the kind widely used in reliability 
engineering to convert a stress ratio into an exceedance 
probability, chosen here in preference to a hard 0/1 threshold 
because it is differentiable and therefore usable directly as part 
of the RL reward rather than only as a discrete alarm. The 
dream-scenario generator constructs synthetic feature batches 
by selecting a random subset of rows (default 35–40%) and 
additively perturbing their weather and lagged-demand 
channels upward within bounded ranges (e.g., temperature 

+0.10 to +0.30 in scaled units), producing plausible but harder-
than-observed grid futures; the twin's own f_base and f_res are 
then applied to these synthetic rows to generate corresponding 
predicted loads and failure probabilities, which are injected into 
the RL training distribution alongside real-trajectory data (an 
is_dream indicator in the environment state). 

5) Safe RL Formulation: 
Control is posed as a Markov Decision Process (S, A, P, R, 

γ) with a five-action discrete action space A = {No-control, 
Battery, Demand-response, Flexible-generation, Emergency 
load-shedding}, each associated with a fixed load-reduction 
effect and an operational cost (Table II). The reward at each 
step balances reliability, stability, and cost: 
R = 3.0(1 ∧− p_fail′) + 1.8(1 − load′) + 1_{dream  
p_fail′<0.30}·0.15 − cost(a) − penalty(a, p_fail)     (10) 

where load′ and p_fail′ are the post-action normalized load 
and failure probability, the resilience bonus rewards the agent 
for neutralizing dream-induced stress scenarios, and penalty(a, 
p_fail) applies additional negative reward for clearly unsafe 
choices (taking no action while p_fail exceeds 0.62, or shedding 
load when p_fail is below 0.86). The controller is trained with 
Proximal Policy Optimization (PPO), which maximizes a 
clipped surrogate objective 
L^{CLIP}(θ) = E_t[ min( ρ_t(θ) Â_t, clip(ρ_t(θ), 1−ε, 1+ε) Â_t 
) ]     (11) 

with ρ_t(θ) = π_θ(a_t|s_t) / π_{θ_old}(a_t|s_t). The clip term 
in (11) bounds how far a single policy update can move the 
action-probability ratio ρ_t from 1, which keeps successive 
policies close in an approximate trust-region sense without the 
second-order computation a full trust-region method requires—
the standard justification for PPO's use across the microgrid and 
demand-response RL literature surveyed [9],[13],[16]. On top 
of the learned policy, a deterministic safety shield S(a_raw, s) 
enforces two hard rules independent of policy quality: 
S(a_raw, s) = DemandResponse if (a_raw=No-control ∧  
p_fail(s)>0.62) ∨  (a_raw=Load-shed ∧  p_fail(s)<0.82); else 
a_raw     (12) 

This shield formalizes the safety-critical-override pattern 
documented across the safe-RL-for-power-systems literature 
[9]–[20]: rather than trusting the policy to have learned safety 
constraints purely from reward shaping, a runtime filter 
guarantees that the two clearly hazardous action classes—
ignoring an imminent overload, or shedding load when there is 
no overload risk—cannot be executed regardless of what the 
policy proposes. 
TABLE II 
Control Action Set with Normalized Load-Reduction Effect 
and Operational Cost Coefficients 

Action Load-reduction 
effect 

Operational 
cost 

No control 0.000 0.000 
Battery support 0.075 0.045 
Demand response 0.130 0.075 
Flexible generation 0.105 0.120 
Emergency load 
shedding 

0.250 0.390 

C. Experimental Setup 
The full pipeline was implemented in Python (XGBoost, 

scikit-learn, Gymnasium, Stable-Baselines3) and executed end-
to-end on public data: PJM Interconnection hourly load 
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(PJME_hourly series) merged with Open-Meteo historical 
reanalysis weather for the Philadelphia-area grid node (40.0°N, 
−75.0°W), restricted to 2016-01-01 through 2018-08-03 for 
which both sources overlap after interpolation. After feature 
engineering (lag-1, lag-24, lag-168, 24- and 168-hour rolling 
means, cyclical hour/month encodings, weekend indicator), the 
dataset comprised 22,513 hourly rows across 19 columns, split 
chronologically into a 14,633-hour training window (65%), a 
4,502-hour adaptation window (20%) used exclusively to 
evolve the twin online, and a 3,378-hour held-out test window 
(15%) never seen during either initial training or evolution. The 
twin was evolved in twelve sequential batches of 400 hours 
drawn from the adaptation window, with each batch's samples 
up-weighted 3× relative to memory when the base model was 
refit. The resulting real-trajectory and dream-trajectory 
predictions were combined into an RL dataset of 36,513 rows, 
split 80/20 into PPO training and evaluation partitions. PPO 
was trained for 40,000 timesteps (learning rate 2×10⁻⁴, γ = 
0.997, GAE-λ = 0.96, entropy coefficient 0.02, clip range 0.18); 
we note this is fewer timesteps than the 80,000 specified in the 
original implementation sketch. All four policies—Random, 
Rule-Based, Conservative, and CRSET-RL—were evaluated 
over 5,000 simulated control steps drawn from the held-out RL 
test partition, with the safety shield active only for CRSET-RL, 
matching how a rule-based or conservative heuristic would 
typically be deployed without an external override layer. 

D. Results: Twin Prediction Accuracy 

 
Fig. 2.  Held-out load predictions (first 500 test hours): actual 
load vs. passive twin, pre-evolution CRSET, and post-evolution 
CRSET. 
TABLE III 
Held-Out Test-Set Prediction Accuracy, n = 3,378 Hours 

Model MAE 
(MW) 

RMSE 
(MW) 

R² 

Passive Twin (never 
updated) 

302.45 419.41 0.9961 

CRSET, pre-evolution 281.12 398.30 0.9965 
CRSET, post-evolution 285.99 408.82 0.9963 

 
Fig. 3.  Mean absolute error comparison across twin variants. 

Both CRSET variants clearly outperform the passive, never-
updated twin: post-evolution MAE is 5.4% lower than the 
passive baseline, and R² improves from 0.9961 to 0.9963. This 
confirms the central premise that separating a base surrogate 
from a residual cognition layer captures structure a static model 
misses. However, we report an effect that a purely positive 
narrative would omit: the pre-evolution CRSET snapshot 
(MAE 281.12 MW) is marginally more accurate on this 
particular held-out window than the post-evolution twin (MAE 
285.99 MW, RMSE 398.30 to 408.82 MW). We interpret this 
as a stability-plasticity trade-off consistent with the concept-
drift-adaptation literature reviewed in [31]–[33]: the sample-
weighted refit and online residual update are tuned to track the 
adaptation window's local conditions, which can trade a small 
amount of general test-set accuracy for faster responsiveness to 
genuinely new regimes not present in this particular 3,378-hour 
test slice. 

E. Results: Twin Self-Evolution Dynamics 

 
Fig. 4.  Mean absolute error of the twin's own predictions, 
measured on each successive adaptation batch as evolution 
proceeds. 

 
Fig. 5.  Evolution of the twin's estimated capacity and failure 
threshold (MW) across the twelve adaptation batches. 

Fig. 4 shows batch-level MAE fluctuating between roughly 
95 and 129 MW across the twelve adaptation batches, without 
a clear monotonic trend, indicating that within this particular 
4,502-hour adaptation window the twin is tracking noise as 
much as systematic drift—consistent with the modest net 
change in test accuracy discussed above. Fig. 5 shows estimated 
capacity rising gradually and smoothly from approximately 
52,627 MW to 53,797 MW over the adaptation window (a 2.2% 
increase), with the estimated failure threshold tracking capacity 
at a roughly constant 92–94% ratio, exactly as designed by (8). 
This behavior demonstrates that the unknown-parameter 
estimator produces smooth, physically plausible trajectories 
rather than erratic jumps, which is the property required for the 
failure-probability signal (9) to be usable as a stable input to 
both the dream generator and the safety shield. 

F. Results: Reinforcement Learning Control 
Performance 
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Fig. 6.  Average reward per control step, four policies, 5,000-
step evaluation. 

 
Fig. 7.  Average post-control failure probability, four policies. 

 
Fig. 8.  Average post-control normalized load, four policies. 
TABLE IV 
Control-Policy Comparison, 5,000-Step Evaluation on the 
Held-Out RL Test Partition 

Policy Avg. 
reward 

Avg. 
post-
load 

Avg. 
failure 
prob. 

Emergency-
action rate 

Random 3.5005 0.5337 0.0568 20.58% 
Rule-Based 3.7169 0.6200 0.0284 5.36% 
Conservative 3.6683 0.6189 0.0476 0.00% 
CRSET-RL 
(shielded PPO) 

3.8293 0.5181 0.0352 0.00% 

 
Fig. 9.  Rolling (100-step) average reward across the evaluation 
window, all four policies. 

 
Fig. 10.  Rolling (100-step) average post-control failure 
probability, all four policies. 

 
Fig. 11.  Action distribution selected by the shielded CRSET-
RL policy over the evaluation window. 

CRSET-RL achieves the highest average reward (3.83) of 
all four policies, 3.1% above the strongest baseline (Rule-
Based, 3.72) and 9.4% above Random (3.50). More importantly 
for grid operators, CRSET-RL attains the lowest average post-
control normalized load (0.518) among all policies, 16.4% 
lower than Rule-Based's 0.620, while incurring a zero 
emergency-load-shedding rate, matching Conservative's zero 
rate but doing so at a substantially better reward and lower post-
load. Rule-Based achieves the single lowest average failure 
probability (0.0284) of the four policies, but only by resorting 
to emergency load shedding on 5.36% of steps—a materially 
more disruptive and costly intervention than CRSET-RL's 
combination of demand-response and battery actions (Fig. 11), 
which reaches a comparable failure probability (0.0352) 
without ever shedding load in this evaluation window. This 
pattern—best reward, best load stability, near-best reliability, 
and zero disruptive interventions—is the practically relevant 
notion of superior control quality this paper claims for CRSET-
RL: not dominance on every single metric in isolation, but the 
best Pareto trade-off across reliability, stability, and operational 
disruption jointly, which is the trade-off a grid operator actually 
faces. 
IV.  COMPARISON WITH RECENT WORKS 

Direct, numerically comparable benchmarking against prior 
work is inherently limited in this subfield because published 
twin-plus-RL grid-control studies rarely share a common 
dataset, action space, reward definition, or evaluation 
protocol,a reproducibility gap also noted in several of the 
surveyed reviews [9],[18]. We therefore compare CRSET-RL 
against recent work along the architectural and reported-
outcome dimensions that are comparable, rather than 
fabricating a shared numeric leaderboard the underlying studies 
do not support. 
TABLE V 
Qualitative Comparison with Representative Recent Systems 
Along Shared Architectural Axes 
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System Twin 
adaptivity 

Safety 
mechanis
m 

Syntheti
c 
scenario 
generati
on 

Reported 
control 
benefit 

Ali et al. 
[1] (2025) 

Static 
(offline-
trained) 

None 
specified 

None Improved 
BESS 
coordinatio
n, IEEE 30-
bus 

Qi et al. [2] 
(2024) 

N/A 
(infra-
scheduling 
twin) 

QoS 
constraint
s 

None Lower task 
latency/cos
t in cloud 
DT 
scheduling 

SafeDream
er [22] 
(2023) 

Learned 
latent 
world 
model 

Cost-
model 
constraint 
in 
imaginati
on 

Yes, 
latent-
space 

Improved 
constraint 
satisfaction
, Safety-
Gym 

Cui et al. 
[10] (2023) 

Fixed 
simulator 

Safe RL 
with 
spatial-
temporal 
awareness 

None Reduced 
transmissio
n overload 
events 

CRSET-
RL (this 
work) 

Online, 
interpretab
le 
parameters 

Failure-
probabilit
y runtime 
shield 

Yes, 
feature-
level, 
weather-
grounded 

Best 
reward + 
lowest 
post-load + 
zero 
emergency 
actions, 
PJM data 

Relative to static-twin RL systems such as [1] and [2], 
CRSET-RL's contribution is the online parameter-tracking 
mechanism, which those systems do not report. Relative to 
SafeDreamer [22], the closest system in spirit, CRSET-RL 
trades the expressive power of a learned latent world model for 
the interpretability and auditability of explicit physical 
parameters such as capacity, thresholds, and sensitivities. A 
trade-off appropriate for a safety-critical infrastructure setting 
where operators are unlikely to accept an un-inspectable latent 
shield, but one that likely costs some representational flexibility 
relative to a fully learned model. Relative to safe-RL-only 
systems such as [10], [12], [13], [16] that assume an accurate, 
typically fixed environment model for shielding, CRSET-RL's 
contribution is closing that assumption's gap by making the 
shielded quantity (failure probability) itself a function of a 
continuously re-estimated twin rather than a fixed simulator. 
V.  CONCLUSION AND FUTURE WORK 

This paper presented CRSET-RL, a smart-grid control 
framework in which a cognitive residual self-evolving digital 
twin—combining a gradient-boosted base surrogate, an online 
Huber-loss residual layer, and an explicit unknown-parameter 
estimator—feeds a dream-scenario generator and a runtime 
safety shield around a PPO controller. Evaluated end-to-end on 
public PJM load and Open-Meteo weather data, the self-
evolving twin substantially outperformed a static passive twin 
on held-out prediction accuracy, and the resulting shielded PPO 
controller achieved the best joint trade-off across reward, post-
control load stability, and disruptive-intervention rate among 

four compared policies, without ever invoking emergency load 
shedding during evaluation. 

Two limitations qualify these results and should be read 
alongside them. First, the evaluation is single-seed and twin-
internal: all reported RL results reflect one random seed and 
one 5,000-step evaluation window inside the twin's own 
simulated environment; no results reflect deployment on, or 
validation against, a live or independently-simulated grid, so a 
residual sim-to-real gap remains unquantified. Second, the PPO 
training budget was reduced: PPO was trained for 40,000 
timesteps rather than the 80,000 originally specified, a 
compute-driven reduction that may understate the ceiling 
performance achievable with full training. A natural future 
direction is to introduce validation-based early stopping or a 
learning-rate schedule on the residual-evolution step to recover 
the pre-evolution accuracy level while retaining adaptivity to 
genuine regime shifts, directly addressing the stability-
plasticity trade-off documented above. Multi-seed evaluation 
and validation against an independent grid simulator are the 
immediate next steps toward quantifying the sim-to-real gap. 
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