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Abstract

The Lagrangian function is a core tool for solving constrained optimization problems. By introducing
the Lagrange multiplier, it transforms constrained optimization problems into unconstrained ones,
thereby establishing a unified theoretical and algorithmic framework. This paper elucidates the math-
ematical definition and geometric significance of the Lagrangian function, illustrates the interpretation
of the multiplier’s shadow price using a simple example, and systematically analyzes its pivotal role in
the optimization problem. Serving as a bridge between constrained and unconstrained problems, the
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Lagrangian function underpins the derivation and design of mainstream optimization algorithms such
as the KKT conditions, duality theory, augmented Lagrangian methods, and ADMM, while also connect-
ing theory with practical applications in engineering, economics, and machine learning. Research indi-
cates that the Lagrangian function occupies a central position in optimization education and continues
to drive algorithmic innovation for large-scale constrained optimization problems.
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Figure 1. The geometric interpretation of Example 1
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