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Motivation and Research Questions
Central claim. Evaluating agentic AI in decentralized energy markets cannot stop
at scalar reward. A policy can increase apparent market utility while backing invalid
generation, injecting artificial liquidity, or producing unstable governance actions.
Research questions
▶ How do autonomous market policies trade off economic utility, physical safety,

stability, and fairness against static and heuristic baselines?
▶ Do reward-maximizing agents exploit invalid generation and create artificial liq-

uidity when physics penalties are removed?
▶ Can an LLM Planner/Auditor provide auditable risk mitigation without retraining

the RL controller?
Benchmark contribution
▶ A Gymnasium-compatible hourly market-governance MDP with physical PV up-

per bounds and FDIA labels.
▶ Joint reporting of utility, physics safety, market stability, action smoothness, spatial

fairness, and auditability.
▶ Structured Planner/Auditor traces that record triggers, revisions, action deltas,

and rationales.
The benchmark treats trustworthiness as a joint property of economic payoff, phys-
ical feasibility, and explainable intervention, so a policy is not considered reliable
merely because its reward is high.

Data and Evaluation Matrix
Table 1. Benchmark data and policy coverage.
Component Scale Evaluation use
Cities Beijing, Shanghai,

Chengdu, Shenzhen,
Hangzhou

Spatial fairness and het-
erogeneous weather

Nodes 50 Distributed energy pro-
sumers

Period 2026-04-01 to 2026-04-30 720 hourly market states
Generation 36,000 records PV capacity, verified gen-

eration, FDIA labels
P2P trades 1,185 records Market clearing and token

burning
Rollouts 90 per policy across 3

seeds
Mean and paired compar-
isons

Agentic logs 12,960 steps Planner/Auditor traces
Policies Static, Random, Myopic,

PPO, SAC, DQN
Baseline and learned gov-
ernance

The data matrix links three layers of evidence: physical solar feasibility, market ex-
ecution, and agentic oversight. SolarChain-Eval therefore tests whether higher re-
ward is backed by valid supply, stable liquidity, and traceable governance.
▶ Physical layer: weather, PV capacity, verified generation, and FDIA labels.
▶ Market layer: liquidity, slippage, P2P trading, token burn, and unmatched de-

mand.
▶ Agentic layer: Planner bounds, Auditor triggers, revisions, action deltas, and

rationales.
Paired comparisons reuse matched seeds and episodes, so policy differences are
interpreted as governance effects rather than weather or city-composition artifacts.
Evaluation settings. The poster integrates the main benchmark, a no-physics re-
ward ablation, and deployment-time LLM auditing into one evaluation matrix.

Method: RL plus LLM Audit
Reinforcement Learning Layer

Rollout Buffer
o, a, r

Observation
state vector

Policy Network
PPO / SAC / DQN

State Encoder
features

obs

RL Update
training only

parameter update

Action Decode
r, l, b

raw action

AI Agentic Governance Layer

Episode Context
risk summary

Planner Prompt
task rules

LLM Planner
episode policy

Schema Check
clip to config

Plan
bounds + audit rules

Action Composer
final action

Agentic Log
plan, audit, delta

action delta

LLM Auditor
approve / revise

revision

Bounds Gate
constrain action

bounds

Risk Detector
gap, violation

audit rules

bounded action

Audit Scheduler
budget + cooldown

budget policy

risk flags

no audit

Audit Prompt
step context

audit call

Feedback Signals
reward, next obs, safety metrics

Interaction Evidence
action changes + audit metrics

action proposal

final action

next obs

reward + info

episode summary

agentic metrics
interaction metrics

Evaluation-time Planner/Auditor wrapper.
State and action.

st = [ sin τt , cos τt , Gv
t , Gr

t , Pmax
t ,∆t , Lt , pt ,

νt , σt ,αt−1, ℓt−1],
at = (αt , ℓt , bt), αt + ℓt ≤ 0.98.

Reward.
Rt = Mt − λdDt − λjJt − λuUt

− λpΦt − λf Ft ,
Φt = Vt + At , At = βtXt .

Market transition.
Mt = min(Lt + ℓt(Gv

t + βtXt), Q̃t),
Lt+1 = max(Lt + ℓt(Gv

t + βtXt) − Mt , 0).

Audit trigger.

Ht = I[νt > τν ∨∆audit
t < τ∆ ∨ σt > τσ],

St = I[κt > τκ], Et = Ht ∨ St ,

Iaudit
t = Et ∧

[
Ht ∨ (Naudit

e,t < Be ∧ t − t last
e > ce)

]
.

▶ PPO/SAC control continuous actions; DQN uses a 53 = 125 action grid.
▶ Planner bounds action ranges and audit policy at the episode level.
▶ Auditor reviews risky eligible steps and returns approve or schema-validated

revise.
▶ Sanitizer clips actions and enforces αt + ℓt ≤ 0.98.
Logged outputs include the raw RL action, bounded action, audited final action,
trigger type, action delta, and natural-language rationale.
Execution contract. The LLM layer never directly controls the market: every pro-
posed action is bounded by the Planner, revised only under explicit triggers, and
clipped again before environment execution.
Trustworthiness dimensions.
Dimension Evidence
Utility Reward and trading volume
Physical safety Violation rate and artificial liquidity
Market stability Slippage, liquidity drawdown, and jitter
Auditability Audit rate, revision rate, action delta, ra-

tionale
Why the wrapper is auditable. The benchmark stores raw, bounded, and audited
actions, allowing later analysis to separate controller competence from governance
intervention.
Policy-to-evidence linkage. Each intervention links what RL proposed, what the
Auditor changed, and how the executed action affected market clearing. Failures
can therefore be assigned to reward design, controller instability, or audit rules.

Benchmark Pipeline and RL Formulation

1. Solar-Market Inputs 2. Physics-Constrained Benchmark MDP 3. Agentic AI 4. Evaluation 

☀️
Solar Nodes

irradiance, temp, P_max

⚡
P2P Market

demand, liquidity, price

🔎
Trust Labels

FDIA flags, rejected reports, excess generation

📁
Benchmark Tables

nodes | generation | trades | liquidity

🕑
City-Hour Aggregation

verified, reported, rejected
MWh

📈
Market Features

supply gap, slippage, volume

BenchmarkData
shared data object for training and

evaluation

🔧
State Encoder

time, supply, demand, risk

🗺️
Observation

, previous action, market state

🛡️
Physics Gate

P_max, FDIA, unsafe supply

⚖️
Market Transition

clearing, price, drawdown

🎯
Reward Accounting

utility, stability, safety, fairness

🔃
Step Output

, , info_t

Benchmark Environment
Gymnasium-compatible MDP

🤖
Policy Candidate

Static, Random, Myopic, RL

🎲
Governance Action

🧠
LLM Planner

episode bounds, audit policy

🛡️
LLM Auditor

trigger, approve, revise

📐
Action Sanitizer

bounds, allocation budget

📋
Agentic Trace

plan validity, audits, revisions

Final Executed Action
policy action after planner/auditor

constraints

🔄
Controlled Rollouts

policy x episode x seed

📊
Trust Metrics

reward, risk, drawdown, fairness

🔬
Penalty Ablation

unsafe supply still logged

📝
Agentic Metrics

audit rate, revision rate, delta

📄
Run Artifacts

metrics.csv, actions.csv,
summary.json

🖼️
Paper Figures

curves, frontier, city-hour
heatmap

Benchmark Evidence Bundle
utility, safety, stability, fairness, auditability

Action space
: reward allocation; : liquidity support; : token burn.

Constraint signals
P_max, FDIA labels, unsafe-backed MWh, and physics-penalty ablation.

Reported Matrix
Learning curves, safety-utility frontier, city heatmap, and agentic logs.

hourly records

labels

verified supply

risk terms

reward

observation
proposal

bounds

triggerclip

revision

logs

final action

trajectories

counterfactual

agent logs
CSV/JSON

End-to-end benchmark workflow.
▶ Hourly states aggregate weather, PV capacity, reported generation,

verification labels, liquidity, and demand.
▶ Evaluation joins market utility with physical validity and auditable inter-

vention traces.

1. Physics-Constrained Reinforcement Learning Loop

2. Policy Optimization 3. Trustworthiness Evaluation

4. Reported Artifacts

State Encoder
city-hour features

MDP State
: market and risk

Policy / Q Function
 or 

Governance Action Constraint Gate
bounds and budget

Environment Kernel
physics and clearing

Reward Model
utility, safety, fairness

Transition Record

: time; : verified/reported generation; : physical limit; : supply gap; :
liquidity/price; : risk/stability.

  : matched energy; : drawdown and jitter; :
unsafe supply, violation, fairness loss.

Trajectory Buffer
rollout or replay

PPO
on-policy

SAC
entropy-regularized

DQN
value-based

: policy ratio; : advantage; : entropy temperature; :
discount factor; : target network.

Trained Policy
benchmark candidate

Policy Set
baselines and RL

Controlled Rollouts
episode and seed

Trust Metrics
utility and risk

Utility | Safety | Stability | Fairness | Auditability

Benchmark Outputs
hourly trajectories and reproducibility metadata

 Figures
safety-utility tradeoff and city-hour allocation patterns

Trust Evidence
physics-penalty ablation and unsafe-liquidity monitoring for

agentic AI evaluation

observation proposal projection

market outcomenext state

samples

objective update

parameter update

reported evidence

Energy Data
generation and trades

Market Data
liquidity and price

Physics Labels
P_max and FDIA

RL environment and metrics.
▶ Physics-constrained reward prevents reward-only exploitation of in-

valid generation.
▶ LLM oversight is evaluated at deployment time, not during RL training.

Pipeline output. Each rollout emits aligned records for market utility, physical risk, stability, fairness, and audit traces, enabling paired comparisons
across RL, RL+LLM, and no-physics settings.

Evaluation Result

Table 2. Main benchmark under the physics-constrained reward.
Policy Reward Volume Violation Slip. Art. liq.
Static -23.38 0.514 0.4874 0.0140 0.1803
Random -25.46 0.480 0.4771 0.0148 0.1137
Myopic -23.08 0.456 0.4779 0.0144 0.1009
PPO -22.35 0.470 0.4520 0.0134 0.1453
SAC -22.26 0.521 0.4461 0.0178 0.0686
DQN -23.23 0.491 0.4688 0.0148 0.1298

Main finding. Learned policies improve reward over non-RL
baselines, but each policy occupies a different trustworthi-
ness point. SAC leads reward, volume, physical validity, and
artificial liquidity; PPO gives the lowest slippage.
Table 3. Learned-policy means.
Setting Reward Violation Art. liq.
RL -22.61 0.4557 0.1146
RL+LLM -22.76 0.4626 0.1181
RL no-
physics

0.28 0.4858 0.2012

LLM no-
physics

0.26 0.4843 0.1901

Reward distribution. Utility-safety frontier. Artificial liquidity.

Physics violation. Mean slippage. Reward trajectory.
Result synthesis. Reward gains are interpreted together with physical validity and market execution. The no-physics rows show why scalar utility
alone is insufficient: reward can rise while artificial liquidity and violation exposure worsen.
Evaluation implication. The benchmark should be read as a multi-objective stress test: a deployable policy must improve market utility, avoid
backing suspicious supply, preserve execution stability, and expose its interventions through traceable audit logs.
How to read the panel set. Table 2 gives policy-level averages, while the six panels check distributional spread, utility-safety shape, artificial
liquidity, constraint violations, slippage, and temporal reward stability. SAC’s average advantage is meaningful because it also reduces artificial
liquidity; PPO’s lower slippage marks a deployment tradeoff rather than a universal winner.
Benchmark message. Reward is trusted only when it is backed by feasible supply, stable execution, and a traceable intervention record.

Constraint and Audit Diagnostics
Table 4. Physics-penalty ablation.
Setting ∆Violation ∆Art. liq.
RL PPO 0.0311 0.0785
RL SAC 0.0412 0.1238
RL DQN 0.0182 0.0576
LLM PPO 0.0225 0.0598
LLM SAC 0.0344 0.1149
LLM DQN 0.0081 0.0413
Removing the physics penalty inflates scalar utility while increasing ar-
tificial liquidity. LLM governance reduces some unsafe exposure, but it
cannot fully repair reward misspecification.

Risk deltas. Liquidity by setting.
Table 5. Audit trigger profile.
Policy Phys. Gap Slip. Jitter
DQN 0.120 0.440 0.168 0.230
PPO 0.121 0.440 0.171 0.171
SAC 0.120 0.441 0.137 0.211
Diagnostic takeaway. Gap and physics triggers dominate safety
reviews, while jitter flags unstable controller behavior. The largest
artificial-liquidity increase appears when SAC loses the physics penalty,
indicating reward misspecification rather than random rollout noise.

Conclusions and Acknowledgments
Table 6. LLM Planner/Auditor effect.
Policy ∆Reward ∆Jitter Audit Rev.
PPO -0.094 0.0223 0.344 0.961
SAC -0.062 -0.0290 0.342 0.966
DQN -0.277 -0.0179 0.372 0.958

Action stability under RL and RL+LLM.
Conclusions
▶ Trustworthy agentic AI evaluation requires physical constraints and

transparent intervention logs.
▶ RL improves governance utility, but reward-only optimization can back

invalid supply.
▶ LLM auditing supports risk control, but it is not a substitute for correct

reward design.
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