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1 Motivation

Ø Energy markets present lucrative 
trading opportunities, contributing
to the steady rise in trading volume.

Ø Pre-trained Foundation Models show strong generalization 
with zero-shot capabilities

Ø How to employ cross-modality adaptation to extract 
trading opportunities from Time-Series via Text-Prompts.
Ø Reasoning Capabilities to provide more interpretation into 
the decision-making? 

Strategies:

Intraday Spot Trading

Derivatives & Futures Trading

Introduction: “Temporal Arbitrage” as Intraday Trading Strategy! 2

Charging at 
low prices

Discharging at 
high prices

Ø  Not just a buy-low/sell-high problem
Ø Practical Deployment requires more than a single 
optimization model:

Ø Validate data
Ø Forecast future price candles
Ø  Optimization based on trading strategy
Ø  Feasibility Checking
Ø  Benchmarking Trading PnL
Ø  Stress Testing on scenarios
Ø  Reasoning Explanation behind the decision making.

Challenges:

Data:

Online 
Datasheets:

(Configs)

Market ISO data:
Italy, 

New York, 
Texas

Zenodo

3 Forecast Layer Benchmarks

Gaussian 
Noise

Binned 
Random Forest LSTM 

Networks
TimeLLM

Italy
New York

Texas Ø Italy: stable market
      NY: moderately                                   

volatile market
     TX: highly volatile 
 market
Ø Across Different 

Classes: TimeLLM 
emerges as winner.

Ø TimeLLM forms the 
building block for the 
forecasting layer in 
the architecture.

Optimization Problem Setup4
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Battery Parameters

Market ISO Daily Data 𝜉! = 𝝅!, 𝝅̂!, 𝐃!, 𝑫̂!, 𝐗!, 𝜃!market
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Optimization Benchmarks5

1) Heuristic Baselines: 2) Mixed Integer Linear Programming Baselines:

1) Reinforcement Learning (PPO)

Price

Price

0 ≤ 𝑃+ 𝑡 ≤ 𝑃+-./ 𝑦+ 𝑡 , 𝑡 = 0,… , 𝑇 − 1,
0 ≤ 𝑃, 𝑡 ≤ 𝑃,-./ 𝑦, 𝑡 , 𝑡 = 0,… , 𝑇 − 1.

𝑦+ 𝑡 + 𝑦, 𝑡 ≤ 1, 𝑡 = 0,… , 𝑇 − 1
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bias Construct 
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6 Our Models

𝑠! = SoC! , 𝜋̂!:!-.

State PPO agent

Policy 
𝜋! 𝑎"|𝑠"

𝑎! ∈ −1,1

Near 
Horizon 
Mask.

Avoid late 
charging

Action to Power

𝑃/ 𝑡 = max 0, 𝑎! 𝑃/012
𝑃3 𝑡 = max 0, −𝑎! 𝑃3012Daily z 

score 
prices
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2) LLM Solvers: API Call + QLoRA fine-tuned Qwen

QLoRA Fine-tuning (learn forecast to SoC mapping from MILP oracle trajectories)

Training	Pairs
𝑥) = 𝜉), 𝜃*+,  ,  𝑦)

Prompt s

ChatML 
masking

Supervised 
QLoRA adapters 

4-bit base

Fine-tuned 
Qwen 𝑝-

Inference

New	instance
𝑥./0

Prompt s

CoT	+	greedy	
decode

decode
Fine-tuned Qwen

GPT-4 API-call

Candidate	
schedule

Validation	&	Repair	Layer

Feasible	Schedule	o/p

7 Experimental Results

Profits across price forecasting methods (for Italy)

Long Horizon: Profit comparison across methods (for Italy)

Stress Test Results in Normal vs High Volatility Days in New York 20238

Cum. Profit Comparison across Regions9 Limitations10

Ø No battery degradation model
Ø Forecast and RL sensitivity: Profit depends on 

forecast quality, while PPO performance is sensitive 
to reward scaling, rollout length, learning rate, and 
exploration choices. 

Ø Limited long-horizon LLM performance: Fine-tuned 
Qwen performs well on daily tasks but degrades over 
longer horizons due to possible overflowing numerical 
tokenization issues, and limited model capacity. 

Ø Post-hoc explanations only: Generated rationales 
improve interpretability but are not formal guarantees 
and may omit solver-specific nuances.


