Thermodynamics-Inspired Trading Strategy: A Statistical
Mechanics Framework for Market Dynamics

All Juice Capital
May 2025

Abstract

This paper introduces a novel quantitative trading algorithm grounded in principles from ther-
modynamics and statistical mechanics. Drawing parallels between financial markets and physical
systems, we propose a deterministic optimization framework where asset prices evolve analogously
to particles seeking minimal free energy. Concepts such as entropy, energy, and the Boltzmann
distribution are used to model decision-making under uncertainty.

1 Introduction

Modern financial markets exhibit stochastic, nonlinear, and often chaotic behavior akin to complex
physical systems. Thermodynamics, the study of energy transformation and statistical equilibrium,
provides tools to model such systems using macroscopic quantities derived from microscopic randomness.
In this paper, we map trading environments onto thermodynamic analogues, treating market states as
ensembles and price movements as thermally influenced fluctuations.

2 Thermodynamic Analogies in Financial Markets

2.1 Key Concepts

e Energy (F): Interpreted as the deviation from an equilibrium price (e.g., mean reversion).

Entropy (5): Represents market uncertainty or information entropy.

Temperature (T): Captures market volatility or randomness.

Free Energy (F): Measures the trade-off between return and uncertainty.

Partition Function (Z): Normalizes state probabilities, summing over all configurations.

2.2 Boltzmann Distribution for Trade Probabilities
Given an asset state with energy E;, the probability P; of being in that state is:

o—Ei/kT
J

where k is a scaling constant analogous to the Boltzmann constant.

2.3 Interpretation in Finance

Let E; = (P; — p)? be the squared deviation from a mean price y. High-energy states (far from equilib-
rium) have lower probability unless temperature (volatility) is high.
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3 Free Energy Gradient Descent for Trade Execution
We model trade decision-making as a deterministic descent in the free energy landscape:

F=E-TS (2)

Trading Principle: Move in the direction of steepest descent of F'. The partial derivative of F' with
respect to trading decision variables (e.g., position size, asset allocation) guides updates.

3.1 Gradient-Based Trading Rule

Assume the position vector & represents current asset holdings. Define:
ft+1 = ft — T]VF(CE}) (3)
Where:
e 7 is the learning rate (step size).

e VF is the gradient of free energy with respect to positions.

3.2 Computing Gradients

Assuming E(Z) = _,(P; — w;)? and entropy S as the Shannon entropy over returns or price histogram:

VE =2(P; — p;) - VP;(7) (4)
VS = — Z(l +log p;) - Vp;(%) (5)

Final update:
.’ft+1 = ii"t - 7](VE -T- VS) (6)

4 Entropy-Based Market State Estimation
We define entropy using Shannon entropy to quantify uncertainty in price distribution:
S=-> pilogpi (7)
i
High entropy implies noisy, indecisive markets. We filter signals based on entropy thresholds:

o If S > Sipreshota: Reduce position size (market too noisy).

o If S < Sinreshola: Increase conviction.

5 Free Energy as Profit Potential

5.1 Decision Criterion

A trade is executed if the expected drop in F' is significant:

AF = Fcurrent - Fproposed > 6F (8)

Where 6 is a tunable threshold for free energy reduction.

©) 2025 All Juice Capital. All rights reserved. ~—  |LinkedIn: All Juice Capital


https://www.linkedin.com/company/all-juice-capital

5.2

Example

Suppose:

e FE =9 (price deviation squared)

e T = 2 (volatility)

e S =15 (entropy)

Then:

F=9-2x5=-1 (trade executed) (9)

Compare with S = 2:

F=9-2x2=5 (trade avoided) (10)

6 Implementation

6.1

1.

- W

7

Implementation Steps
Data Acquisition: Obtain historical price data.
Preprocessing: Compute moving averages, returns, and price histograms.
Energy Function: Define £ = Y. (P, — w;)*.
Entropy Estimation: Compute Shannon entropy over recent price histogram.
Free Energy Calculation: Use F = E —TS.
Gradient Descent:

(a) Compute VF
(b) Update position: #y11 =& —nVF
(¢) Check if AF > §p before trade execution

Risk Management: Set stop-loss based on E spikes or entropy surges.

Conclusion

This work proposes a thermodynamics-inspired trading model. By interpreting market dynamics through
the lens of energy and entropy, and optimizing trades via free energy gradient descent, we offer a novel
quantitative strategy rooted in physics. This deterministic approach provides both theoretical rigor and
practical adaptability for modern algorithmic trading.
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