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Abstract. In e-commerce systems, the shopping cart is a concentrated reflection
of user decision-making behavior. Its dynamic characteristics reflect the
complex relationship between multidimensional information interaction,
psychological balance, and economic constraints. Traditional shopping cart
optimization models often focus on static combinations or price discount
maximization, failing to fully reflect the dynamic equilibrium characteristics of
shopping behavior. This paper proposes a novel algorithm based on shopping
behavior characteristics: the Self-Balanced Cart Optimization (SBCO)
algorithm driven by shopping cart interaction. This algorithm, based on the
"shopping force field" and "potential energy balance" mechanisms, remodels
the dynamic evolution of the shopping cart from the perspective of a physical
system. By defining shopping force, shopping potential energy functions, and
interaction forces between items, the algorithm achieves adaptive optimization
and stable convergence of the shopping cart state. This paper systematically
derives the complete theoretical structure of the algorithm from a mathematical
perspective, establishing analyzable dynamic equations, potential energy
functions, and optimization constraints. Results demonstrate that the algorithm
can theoretically and naturally describe the self-organizing characteristics of
shopping systems, providing a new algorithmic foundation for intelligent
decision-making and dynamic recommendation in e-commerce.

Keywords: Shopping cart optimization; heuristic algorithm; potential energy
model; shopping force field; self-balancing mechanism.

I. Introduction

In modern e-commerce platforms, the shopping cart is a key node connecting
consumers and the product system. The operations users perform in the shopping cart,
such as adding, deleting, and modifying quantities, are actually a dynamic
optimization process based on psychological trade-offs and economic constraints.
Traditional optimization algorithms, such as greedy strategies, knapsack models, and
dynamic programming, all assume that the system is static and rational, but real-world
user decisions are often nonlinear, volatile, and feedback-based. Shopping behavior is
not only affected by price and discounts, but also by inventory, time, preferences, and
the relationship between products. Therefore, building an optimization algorithm that
can dynamically respond to changes in multiple factors and automatically reach a
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state of equilibrium has become an important research direction for intelligent e-
commerce algorithms [1-46].

Based on the above motivation, this paper proposes an optimization model with the
concept of "shopping force field" as its core. Its concept is derived from the principle
of force field and potential energy balance in physics: in a system, multiple forces act
on each object, and the system continuously adjusts its state to reach the equilibrium
point with the minimum potential energy. This paper introduces this concept into
shopping cart optimization, treating each product as a force-bearing body subject to
the combined effects of attraction and repulsion. The shopping cart state is optimal
when the total potential energy of the system is minimized.

The innovation of this paper lies in: by introducing mathematical definitions such as
shopping force, interaction force, and cart potential energy, a self-organizing and self-
regulating optimization framework is constructed. The algorithm does not require
preset fixed weights, but instead automatically adjusts system variables through a
dynamic update mechanism, allowing the shopping cart to naturally evolve to the
optimal equilibrium state.

II. Algorithm Modeling Concept

Shopping behavior is a multi-factor interaction process. The purchase quantity of each
item is influenced by price, discounts, user preferences, inventory, and other items. If
the set S represents all candidate items, the shopping cart state can be represented as a
vector Q = {Qsubscript1, Qsubscript2, … , Qsubscriptn}, where Qsubscripti
represents the purchase quantity of item i.

The goal of a shopping system is to find the optimal combination Q that maximizes
the user's overall satisfaction or utility while satisfying budget and inventory
constraints. However, in reality, users do not make choices through precise
calculations, but are driven by a series of psychological "forces" that lead to
continuous adjustments and trade-offs. Therefore, the algorithm proposed in this
paper is centered on the "Shopping Force Field Model," arguing that the shopping cart
optimization process can be viewed as a self-balancing process within a physical
system.

In this model, each item (s, subscript i) is subject to the combined forces of multiple
factors. The ultimate goal of the system is to achieve an equilibrium state for the
"shopping force" of all items through multiple rounds of dynamic adjustments,
thereby achieving overall optimization.

III. Mathematical Definition of the Shopping Force Field
3.1 ​ ​ Definition of Shopping Force
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Shopping force, denoted as F, subscript i, represents the degree to which item (s,
subscript i) attracts or repels purchase decisions. It combines four dimensions: user
preference, price, discount, and inventory, and is defined as follows:

Fsubscripti = α × rsubscriptui − β × (Psubscripti / B) + γ × fsubscripti(Qsubscripti) −
δ × (Qsubscripti / Stocksubscripti)

Where:

α , β , γ , and δ are weighting factors for interest, price, discount, and inventory,
respectively, satisfying α + β + γ + δ = 1.

rsubscriptui represents the user's interest score for item i (between 0 and 1).

Psubscripti represents the item price.

B represents the budget.

fsubscripti(Qsubscripti) represents the item discount function, which is related to the
quantity Qsubscripti.

Stocksubscripti represents the inventory quantity.

The four effects correspond to:

α × rsubscriptui: attraction due to user interest;

−β × (Psubscripti / B): economic repulsion due to price;

γ × f(subscript i) (Q(subscript i)): The purchasing appeal of the discount;

−δ × (Q(subscript i) / Stock(subscript i)): The inhibitory effect of inventory shortages.

3.2 Potential Energy Function Definition

The overall state of the shopping cart can be represented by the potential energy
function U(C), which has the form:

U(C) = Σ ( 1/2 × k × (F(subscript i) − Ftarget)² )

Where:

k is the system regulation constant, used to control the degree of potential energy
smoothing;



4 F. Author and S. Author

Ftarget represents the ideal purchasing power (i.e., the user's psychological
equilibrium point, generally set to 0);

When the system reaches equilibrium, F(subscript i) approaches Ftarget, minimizing
U(C).

The mathematical goal of shopping cart optimization is:

Minimize U(C)
Constraints: Σ (Psubscripti × Qsubscripti) ≤ B and 0 ≤ Qsubscripti ≤ Stocksubscripti

3.3 Dynamic Equilibrium Principle

The shopping cart optimization process is not a one-time solution, but a continuous,
dynamic process.

Define the state of the shopping cart at time step t as Qsubscripti(t), and its change as
Δ Qsubscripti. The update of the item quantity follows the following dynamic
equation:

ΔQsubscripti = λ × Fsubscripti − θ × ∂U(C)/∂Qsubscripti

Where:

λ is the shopping momentum coefficient, representing the strength of the user's
decision response;

θ is the potential energy damping coefficient, used to balance system oscillations;

∂U(C)/∂Qsubscripti is the partial derivative of the potential energy with respect to the
item quantity.

From the definition of U(C), we obtain:

∂U(C)/∂Qsubscripti = k × (Fsubscripti − Ftarget) × (∂Fsubscripti/∂Qsubscripti)

Since Fsubscripti contains fsubscripti(Qsubscripti), its partial derivative is:

∂ Fsubscripti/ ∂ Qsubscripti = γ × ∂ fsubscripti(Qsubscripti)/ ∂ Qsubscripti − δ /
Stocksubscripti

Thus, the complete dynamic update equation is:

Δ Qsubscripti = λ × Fsubscripti − θ × k × (Fsubscripti − Ftarget) × ( γ × ∂
fsubscripti(Qsubscripti)/∂Qsubscripti − δ / Stocksubscripti)
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After the update, execute:

Qsubscripti ← Qsubscripti + ΔQsubscripti
If Qsubscripti < 0, set 0
If Q<subscript i > Stock<subscript i, then set it to Stock<subscript i.

IV. Inter-item Interaction Mechanism

In a shopping cart system, items often complement or substitute with each other. For
example, buying a certain brand of mobile phone may increase the probability of
purchasing a phone case, while buying a certain food may reduce the choice of
substitutes. Therefore, the purchasing power of a single item is not isolated but is
influenced by other items.

Define the inter-item interaction force G<subscript ij> to describe the association
effect between items s<subscript i> and s<subscript j>:

G<subscript ij> = ρ × S<subscript ij> × (F<subscript i> − F<subscript j>)

Where:

ρ is the interaction influence coefficient;

S<subscript ij> represents the semantic or purchase association between items
(negative for complementarity and positive for substitution).

The total potential energy function of the system expands to:

U(C) = Σ (1/2 × k × (Fsubscript i − Ftarget) ² ) + Σ Σ (1/2 × ρ × Ssubscript ij ×
(Fsubscript i − Fsubscript j)²)

The optimization objective remains to minimize U(C).

At this point, each item in the system is no longer independent but interacts with other
items in a "shopping force field." This interaction force forces the items to
collectively adjust toward lower potential energy, thereby achieving self-organization
and self-balancing of the shopping cart as a whole.

V. Algorithm Iteration Mechanism

The shopping cart system performs the following operations at each time step:

Calculate the shopping force Fsubscript i:
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Using the above definition, calculate the shopping force of each item based on the
current Qsubscript i.

Calculate the interaction force Gsubscript ij:
For each pair of items i and j, calculate the interaction term between them.

Update quantity Qsubscript i:
According to the dynamic equation
Qsubscript i ← Qsubscript i + λ × Fsubscript i − θ × k × (Fsubscript i − Ftarget) × (γ
× ∂fsubscript i/∂Qsubscript i − δ / Stocksubscript i) + Σ Gsubscript ij

Constraint modification:
If Σ (Psubscript i × Qsubscript i) > B, prioritize reducing the quantity of the item with
the smallest |Fsubscript i| until the budget is met.

Convergence determination:
If the absolute value of all ΔQsubscript i values ​ ​ is less than the threshold ε, the
algorithm terminates and the shopping cart reaches a self-balancing state.

VI. Self-regulation Mechanism

During user interaction, the shopping power weight parameters α, β, γ, and δ are not
fixed but automatically adjust based on user behavior.
For example, if a user frequently increases the quantity of a certain category of items,
the system automatically increases the interest weight α for that category; when
inventory is low, the system increases δ to enhance the suppression effect.

The weight update mechanism is defined as:

α ← α + η × (Preference Contribution − α)
β ← β + η × (Price Contribution − β)
γ ← γ + η × (Discount Contribution − γ)
δ ← δ + η × (Inventory Contribution − δ)

where η is the learning rate, which controls the adjustment amplitude.

Through this mechanism, the system can continuously self-learn during user
interaction, making the purchasing power model more closely aligned with the user's
true psychological dynamics.

VII. Algorithm Convergence Analysis

From a mathematical perspective, the algorithm's iterative process is equivalent to
gradient descent in a multidimensional potential energy space.
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The potential energy function U(C) is squared with respect to F (subscript i), and the
weight parameters k and ρ are both positive. Therefore, U(C) is always non-negative
and has a global minimum.

Each update to Q (subscript i) either decreases or remains constant, so the algorithm
theoretically converges to a stable equilibrium point.

Furthermore, if the values ​ ​ of θ and λ satisfy the following conditions:

0 < θ < 1

0 < λ < 1

then the system update can be viewed as a damped oscillation process, eventually
approaching an equilibrium point exponentially.

This convergence is consistent with the psychological model of shopping behavior:
after repeated trade-offs, users eventually reach a state of satisfaction and stop
frequently modifying their shopping carts.

VIII. Algorithm Significance and Application Prospects

This algorithm provides a new modeling paradigm:

Converting shopping cart behavior into a "force field equilibrium system." This
perspective not only describes users' immediate choices but also simulates their
psychological dynamics, impulsivity, and stability. Through the interplay of shopping
force and interaction force, the system can automatically identify incompatible
combinations of items in the shopping cart and gradually optimize to an equilibrium
state.

This algorithm has a wide range of applications:

Shopping recommendation systems on e-commerce platforms can be used to optimize
recommendation results;

Dynamic discount strategy adjustment systems can be used to predict shopping cart
trends;

User behavior modeling can be used to analyze shopping habits and decision-making
patterns;

Interactive intelligent marketing can be used to predict users' psychological critical
points.
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Because this algorithm is based on dynamic mechanics, does not rely on historical
sample training, and can adaptively optimize even with incomplete data, it is of great
value in real-time e-commerce decision-making, recommendation, and user modeling.

IX. Mathematical Summary

(1) Definition of shopping power:
Fsubscripti = α × rsubscriptui − β × (Psubscripti / B) + γ × fsubscripti(Qsubscripti) −
δ × (Qsubscripti / Stocksubscripti)

(2) Interaction force between commodities:
Gsubscriptij = ρ × Ssubscriptij × (Fsubscripti − Fsubscriptj)

(3) Total potential energy function:
U(C) = Σ ( 1/2 × k × (Fsubscripti − Ftarget) ² ) + Σ Σ ( 1/2 × ρ × Ssubscriptij ×
(Fsubscripti − Fsubscriptj)² )

(4) Dynamic update equation:
Δ Qsubscripti = λ × Fsubscripti − θ × k × (Fsubscripti − Ftarget) × ( γ × ∂
fsubscripti(Qsubscripti)/∂Qsubscripti − δ / Stock (subscript i) + Σ G (subscript ij)

(5) Quantity update:
Q (subscript i) ← Q (subscript i) + ΔQ (subscript i)
And make budget constraint corrections.

X. Conclusion

The shopping cart interaction-driven self-balancing optimization algorithm proposed
in this paper transforms the traditional discrete decision-making problem into a
continuous force field optimization problem.

By introducing the mathematical modeling of shopping power, interaction force and
potential energy function, the algorithm can naturally explain the dynamic
characteristics of user shopping behavior based on the principle of physical balance.
Its core idea is to let the shopping cart evolve automatically under the influence of
multiple factors until the system potential energy reaches the minimum and a stable
optimal configuration is obtained.

This method breaks through the limitations of static solution and fixed weight in
traditional optimization algorithms, and enables the shopping system to have the
ability of self-organization, self-learning and self-regulation.

In the fields of e-commerce, recommendation systems and behavioral economics, this
algorithm provides new theoretical tools and computational frameworks for the
modeling and optimization of intelligent shopping behavior.
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