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Linear Algebra, 선형대수(학), 線型代數學

• Algebra (대수학, 代數學)

– 수를대신하여문자를사용해식을전개하고방정식을푸는방법을
연구하는수학분야

• Linear Algebra (선형대수학, 線型代數學)

– 숫자(數)를대신해서선(線)의형태(型)로표현한다

– 복잡한비선형문제를간단한선형방정식으로변환하여문제를해결

• Dimension of Data

– Scalar, Vector, Matrix, Tensor
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Highlights of Linear Algebra

• Goal: understanding even more than solving
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1. Multiplication Ax Using Columns of A

• Matrix-vector multiplication

– Dot products: (row)·(column), computing, low level

– Linear combination of the columns of A

• Independent columns = basis for the column space

• Combinations of the columns fill out the column space of A

• rank of A = rank of C: number of independent columns

• = Dimension of the column space of A and C

– Column rank = Row rank

• Meaning of Ax = b ?
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• Factor A into C times R

– R: row-reduced echelon form of A, rref(A)
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2. Matrix-Matrix Multiplication AB

• AB = (m by n) times (n by p)

• Inner product: rows times columns

– mp inner products, n multiplications each

• Outer product: columns times rows

– n outer products, mp multiplications each
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Insight from Column times Row

– Why is the outer product approach essential in data science?

• We are looking for the important part of a matrix A

• We don’t usually want the biggest number in A

• What we want more is the largest piece of A: those pieces are 

rank one matrices uvT

– Factor A into CR and look at the pieces ckrk* of A=CR

– Five great factorizations

1
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3. Four Fundamental Subspaces

m by n matrix A

• Column space C(A) in Rm, dim r

• Row space C(AT) in Rn, dim r

• Nullspace N(A), dim n-r

• Left nullspace N(AT), dim m-r
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