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Appendix A

Linear algebra basics

A.1 Basic operations

We frequently envision or frame problems as linear systems of equations.!
It is useful to write this compactly in matrix notation, say

Ay==z

where A is an m x n (rows X columns) matriz (a rectangular array of
elements), y is an n-element vector, and z is an m-element vector. This
statement compares the result on the left with that on the right, element-
by-element. The operation on the left is matriz multiplication or each ele-
ment is recovered by a vector inner product of the corresponding row from
A with the vector y. That is, the first element of the product vector Ay is
the vector inner product of the first row A with y, the second element of
the product vector is the inner product of the second row A with y, and
so on. A vector inner product multiplies the same position element of the
leading row and trailing column and sums over the products. Of course, this
means that the operation is only well-defined if the number of columns in
the leading matrix, A, equals the number of rows of the trailing, y. Further,
the product matrix has the same number of rows as the leading matrix and

LG. Strang, Linear Algebra and its Applications, Harcourt Brace Jovanovich Col-
lege Publishers, or Introduction to Linear Algebra, Wellesley-Cambridge Press offers a
mesmerizing discourse on linear algebra.
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columns of the trailing. For example, let

ai1 a2 a3 ai4
A= a21 A22 (23 (24

a31 as2 a33 34

and

then
a11Y1 + a12y2 + a13Y3 + a14Y4
Ay = | a2y + a2y + a23y3 + a4y
a31Y1 + a32y2 + a33yYs + a34Y4

The system of equations also covers matriz addition and scalar multiplica-
tion by a matrix in the sense that we can rewrite the equations as

Ay—z=0

First, multiplication by a scalar or constant simply multiplies each element
of the matrix by the scalar. In this instance, we multiple the elements of x
by —1.

a11y1 + a12y2 + a13y3 + a14Ys 1 0

G21Y1 + G22Y2 + G23Y3 + G24Ysa | — | T2 = 0

a31Y1 + a32y2 + a33ys + as34ys x3 | | 0 |
a11y1 + a12y2 + a13Yy3 + a14ya —x1 0
a21Y1 + a22y2 + a23ys + agays | + | —22 = 0
as31y1 + az2y2 + as3ys + aszays —T3 | | 0 |

Then, we add the m-element vector x to the m-element vector Ay where
same position elements are summed.

a11Y1 + a12Y2 + A13Y3 + A14Ys — T1 0
a21Y1 + G22Y2 + G23Yy3 + G2qys —x2 | = | 0
az1y1 + az2y2 + aszys + assys — T3 0

Again, the operation is only well-defined for equal size matrices and, unlike
matrix multiplication, matrix addition always commutes. Of course, the
m-element vector (the additive identity) on the right has all zero elements.

By convention, vectors are represented in columns. So how do we repre-
sent an inner product of a vector with itself? We create a row vector by
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transposing the original. Transposition simply puts columns of the original
into same position rows of the transposed. For example, y”y represents the
vector inner product (the product is a scalar) of y with itself where the
superscript T' represents transposition.

vy = (v w2 ys v |

= yi+yi+yit+ui
Similarly, we might be interested in AT A.

a1l azr asi
a a a
AT A — 12 22 32
@13 a23 as3
Q14 0G24 Q34

a1l a2 ai13 0G4
@21 A22 Aa23 Q24
az1 asz2 a3z 34

2 2
ajy + a3 ( ayjaiz + agiazy ) ( ajjalg + agiasg ) ( ajjaig +agjagg )
+a3, t+agiags +agiazs taziazg
2 2
( aijaiz + aziagy ) aiz T e22 ( ajgalg + agpagy ) ( ajgaly + agzagy )
taziazz +azo tazzagzs tazzagg
= 2 2
( ajjalz + agiagg ) ( ajgay3 + aggang ) ajg + ajg ( ajzaly + aggasg )
+agiazs tazzazs +a2, +azzazg
2 2
( ajjalg +agiagy ) ( ajgaig + agpany ) ( ajgaly + aggasy ) ajq + ady
+agiagg tagzagy t+agzagq +a3y

This yields an n X n symmetric product matrix. A matrix is symmetric if
the matrix equals its transpose, A = AT. Or, AAT which yields an m x m
product matrix.

a11  a21 asi

a1 a2 a3 ai4 a1y Gy 3o

AAT = @21 Q22 Aa23 (24 N
a13 423 a33

a3z1 agz G33 Aa34
a14 Q24 Aa34

2 2

ajy + aiaz a11a21 + a12a22 a11a31 + a12a22

2 2
+ais +aig +aiza23 + ai4a24 +ai3ass + ai1aa34
2 2
o ai1a21 + a12a22 a3y + asza a21a31 + a22032
= 2 2
+ai13azs + a14a24 +azz + azq +a23a33 + a24a34

2 2
a11a31 + a12a22 21031 + a22032 a3y + a3z
2 2
+ai13a3s + a14a34 +az23a33 + a24a34 +as3 + asy
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A.2 Fundamental theorem of linear algebra

With these basic operations in hand, return to
Ay==x

When is there a unique solution, y? The answer lies in the fundamental
theorem of linear algebra. The theorem has two parts.

A.2.1 Part one

First, the theorem says that for every matrix the number of linearly inde-
pendent rows equals the number of linearly independent columns. Linearly
independent vectors are the set of vectors such that no one of them can be
duplicated by a linear combination of the other vectors in the set. A lin-
ear combination of vectors is the sum of scalar-vector products where each
vector may have a different scalar multiplier. For example, Ay is a linear
combination of the columns of A with the scalars in y. Therefore, if there ex-
ists some (n — 1)-element vector, w, when multiplied by an (m x (n — 1))
submatrix of A, call it B, such that Bw produces the dropped column
from A then the dropped column is not linearly independent of the other
columns. To reiterate, if the matrix A has r linearly independent columns it
also has r linearly independent rows. r is referred to as the rank of the ma-
trix and dimension of the rowspace and columnspace (the spaces spanned
by all possible linear combination of the rows and columuns, respectively).
Further, r linearly independent rows of A form a basis for its rowspace and
r linearly independent columns of A form a basis for its columnspace.

Accounting example

Consider an incidence matrix describing the journal entry properties of
accounting in its columns (each column has one +1 and —1 in it with
the remaining elements equal to zero) and T accounts in its rows. The
rows capture changes in account balances when multiplied by a transaction
amounts vector y. By convention, we assign +1 for a debit entry and —1
for a credit entry. Suppose

-1 -1 1 -1 0 0
1 o 0 o0 -1 0
A= 0 1 o 0 0 -1
o 0 -1 1 1 1

where the rows represent cash, noncash assets, liabilities, and owners’ eq-
uity, for instance. Notice, —1 times the sum of any three rows produces the
remaining row. Since we cannot produce another row from the remaining
two rows, the number of linearly independent rows is 3. By the fundamen-
tal theorem, the number of linearly independent columns must also be 3.
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Let’s check. Suppose the first three columns is a basis for the columnspace.
Column 4 is the negative of column 3, column 5 is the negative of the sum
of columns 1 and 3, and column 6 is the negative of the sum of columns 2
and 3. Can any of columns 1, 2 and 3 be produced as a linearly combination
of the remaining two columns? No, the zeroes in rows 2 through 4 rule it
out. For this matrix, we’'ve confirmed the number of linearly independent
rows and columns is the same.

A.2.2 Part two

The second part of the fundamental theorem describes the orthogonal com-
plements to the rowspace and columnspace. Two vectors are orthogonal if
they are perpendicular to one another. As their vector inner product is
proportional to the cosine of the angle between them, if their vector inner
product is zero they are orthogonal.? n-space is spanned by the rowspace
(with dimension 7) plus the n — r dimension orthogonal complement, the
nullspace where

ANT =0

N is an (n — r) X n matrix whose rows are orthogonal to the rows of A and
0 is an m x (n — r) matrix of zeroes.

Accounting example continued

For the A matrix above, a basis for the nullspace is

1 -1 0 0 1 -1
N=|0 1 1 0 0 1
0O 0 1 1 0 O
and
1 0 0
(-1 -1 1 -1 0 0 -1 1 0
T 1 0 O 0 -1 0 0 1 1
AN = o 1 o0 0 o0 -1 0 1
| 0 0 -1 1 1 1 1 0 0
-1 1 0
[0 0 0
|0 0O
“ 10 00
|0 0 0

2The inner product of a vector with itself is the squared length (or squared norm) of
the vector.
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Similarly, m-space is spanned by the columnspace (with dimension r) plus
the m — r dimension orthogonal complement, the left nullspace where

(LN)"A=0

LN is an m x (m — r) matrix whose rows are orthogonal to the columns of
A and 0 is an (m — r) x n matrix of zeroes. The origin is the only point in
common to the four subspaces: rowspace, columnspace, nullspace, and left
nullspace.

1

1

LNf1

1

and

-1 -1 1 -1 0 0
T . 1 O o 0 -1 0
(LN)A_[1111]01000_1
o 0 -1 1 1 1

|

=
o
o
o
o
o
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A.3 Nature of the solution

A.3.1 Exactly-identified

If r = m = n, then there is a unique solution, y, to By = z, and the
problem is said to be exactly-identified.® Since B is square and has a full
set of linearly independent rows and columns, the rows and columns of
B span r space (including x) and the two nullspaces have dimension zero.
Consequently, there exists a matrix B!, the inverse of B, when multiplied
by B produces the identity matriz, I. The identity matrix is a matrix when
multiplied (on the left or on the right) by any other vector or matrix leaves
that vector or matrix unchanged. The identity matrix is a square matrix
with ones along the principal diagonal and zeroes on the off-diagonals.

1 0 --- 0
j 0 1
0
0 0 1
Hence,
B™'By = Bz
Iy = Bz
Y B~z
Suppose
3 1
s-[31]
and
v = 6
5
then
y = Bz
r . [ 4 1
ERNHINEENG
~0 10 2 4]y | % o E
- . [ 24-5
{1 0] | o_ 10 1
—12415
0 1 _yz_ i 13‘
[ 19
vi| 10]
3
L Y2 | B

3Both y and x are r-element vectors.
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A.3.2  Under-identified

However, it is more common for r < m,n with one inequality strict. In
this case, spanning m-space draws upon both the columnspace and left
nullspace and spanning n-space draws from both the rowspace and the
nullspace. If the dimension of the nullspace is greater than zero, then it is
likely that there are many solutions, y, that satisfy Ay = x. On the other
hand, if the dimension of the left nullspace is positive and the dimension
of the nullspace is zero, then typically there is no exact solution, y, for
Ay = z. When r < n, the problem is said to be under-identified (there are
more unknown parameters than equations) and a complete set of solutions
can be described by the solution that lies entirely in the rows of A (this is
often called the row component as it is a linear combination of the rows)
plus arbitrary weights on the nullspace of A. The row component, y/*5(4),
can be found by projecting any consistent solution, yP, onto a basis for the
rows (any linearly independent set of r rows) of A. Let A™ be a submatrix
derived from A with r linearly independent rows. Then,

-1
ytSA = an?t (AT (AT)T) ATyP
= (Par)y?
and
yp — yRS(A) + NTk
-1
where Py- is the projection matrix, (A”)" (AT (AT)T) A", onto the rows
of A and k is any n-element vector of arbitrary weights.

Utilizing y? = yftS(A) 4 yNS(A) = (A’“)T b+ NTE, we have two immediate
ways to derive projection matrices. First, y™5(4) = (AT)T b says the row
component of yP is a linear combination of the rows of A” with weights b
and yV3(A) = NTE says the null component of y” is a linear combination

of the rows of N with weights k. Projecting into the rows of A" follows
from orthogonality of the row and null components.

y? = (A" b4y VW

where
AryNS(A) -0

Since
yNS(A) _ yp N (AT)T b

we have by substitution
AT (yp —(anT b) —0

or
AryP = A" (A")" b
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As A" has linearly independent rows, the inverse of A" (AT)T exists and we
can solve for the weights

(AT (AT)T>_1 ATyP = (AT (AT)T)_l AT (A b=Tb=1b

Now that we have b, we can immediately identify the row component of y?

y = @A’

N
= ()" (a7 @) LAy

= (Par)y”

The projection is matrix is symmetric ((PAT)T = Py4r) and idempotent
((Par) (Par) = Par). Idempotency is appealing since if y? = y%(4) and
we project yP into the rows of A” then it doesn’t change rather it remains

y™3(4) (the row component is unique).
Notice from above we have
y NI = yp— (AT
P T r T -1 r,p
= (A" (am@)") Ay
= (I =Par)y’

which implies the projection matrix into the rows of the nullspace of A™ can
be described by Pan = (I — Par). Alternatively (and equivalently), Pan =
NT (NNT) N. This representation of the projection matrix is derived in
analogous fashion to P4r above.

yp _ yRS(A) + NTk

where
NyRS(A) — g

Since
yRS(A) — yp _ NTk

we have by substitution
N(y» —N"k) =0

or

Ny? = NNTk

As N has linearly independent rows, the inverse of NN7 exists and we can
solve for the weights

(NNT) "' Ny? = (NNT) " NNTk = Tk = k
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Now that we have k, we can immediately identify the null component of y?

NS(A)  _ NTk
= NT(NNT)™' Ny
= (Pan)y’

Pyn is also symmetric and idempotent. Further, from the above analysis
it’s clear P4r + P4n» = I (the entire n-dimensional space is spanned by
linear combinations of the rowspace and nullspace).

Return to our accounting example above. Suppose the changes in account
balances are

Y

2
1
-1
-2

Tr=

Then, a particular solution can be found by setting, for example, the last
three elements of y equal to zero and solving for the remaining elements.

1
-1
2
p_
=1 o
0
0
so that
Ay? = =z
1
-1 -1 1 -1 0 0 -1 2
1 0 0 0 -1 0 2 - 1
0 1 0 0 0 -1 0 - -1
0 0 -1 1 1 1 0 -2
0
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and
YD = (Pa)y
7 1 -2 2 -5 1 1
1 7T -2 2 1 -5 -1

B -2 -2 4 —4 -2 -2 2
T 120 2 2 —4 4 2 2 0
-5 1 -2 2 7 1 0
1 -5 -2 2 1 7 0

1

-5

1| 4

= sl L

-5

1

The complete solution, with arbitrary weights k, is

y = yRS(A) + NT]{)
1] 1 0 0
-5 -1 1 0
1 4 0 1 1 ?
Y= 5l =4t 0 01 2
-5 1 0 0 3
1] | -1 10
Y1 1 k1
Y2 -5 —k1 + ko
Y3 _ 1 4 n ko + k3
Y4 T 6| —4 ks
Ys ) k1
Y6 L | | kit ke

A.8.8  Qver-identified

In the case where there is no exact solution, m > r = n, the vector that
lies entirely in the columns of A which is nearest z is frequently identified
as the best approximation. This case is said to be over-identified (there are
more equations than unknown parameters) and this best approximation
is the column component, y©5(4) and is found via projecting = onto the
columns of A. A common variation on this theme is described by

Y = X

where Y is an n-element vector and X is an n X p matrix. Typically, no
exact solution for 8 (a p-element vector) exists, p = r (X is composed of
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linearly independent columns), and

b=pB5W = (xTx)"' XTy

is known as the ordinary least squares (OLS) estimator of 5 and the es-
timated conditional expectation function is the projection of Y into the
columns of X

Xb=X (XTX)" XTY = PyY

For example, let X = (AT)T and Y = y*. then

4
1
-1
and Xb = PxY = yft5(4),
1
-5
1
Xb=PxY =~ 4
—4
-5
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A.4 Matrix decomposition and inverse operations

Inverse operations are inherently related to the fundamental theorem and
matrix decomposition. There are a number of important decompositions,
we’ll focus on four: LU factorization, Cholesky decomposition, singular
value decomposition, and spectral decomposition.

A.4.1 LU factorization

Gaussian elimination is the key to solving systems of linear equations and
gives us LU decomposition.

Nonsingular case

Any square, nonsingular matrix A (has linearly independent rows and
columns) can be written as the product of a lower triangular matrix, L,
times an upper triangular matrix, U.*

A=LU

where L is lower triangular meaning that it has all zero elements above
the main diagonal and U is upper triangular meaning that it has all zero
elements below the main diagonal. Gaussian elimination says we can write
any system of linear equations in triangular form so that by backward
recursion we solve a series of one equation, one variable problems. This is
accomplished by row operations: row eliminations and row exchanges. Row
eliminations involve a series of operations where a scalar multiple of one
row is added to a target row so that a revised target row is produced until
a triangular matrix, L or U, is generated. As the same operation is applied
to both sides (the same row(s) of A and z) equality is maintained. Row
exchanges simply revise the order of both sides (rows of A and elements
of x) to preserve the equality. Of course, the order in which equations are
written is flexible.
In principle then, Gaussian elimination on

Ay ==

involves, for instance, multiplication of both sides by the inverse of L,
provided the inverse exists (m = r),

LAy = !

-
L7'Luy = L
Uy = L7!

8 8 8

4The general case, A is a m X n matrix, is discussed below.
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As Gaussian elimination is straightforward, we have a simple approach for
finding whether the inverse of the lower triangular matrix exists and, if so,
its elements. Of course, we can identify L in similar fashion

L = AU7!
Luu—!

Let A= A" (AT)T the 3 x 3 full rank matrix from the accounting example
above.
4 -1 -1
A=| -1 2 0
-1 0 2

We find U by Gaussian elimination. Multiply row 1 by 1/4 and add to rows
2 and 3 to revise rows 2 and 3 as follows.

4 -1 -1
0 7/4 -—1/4
0 —1/4 7/4

Now, multiply row 2 by 1/7 and add this result to row 3 to identify U.

4 -1 -1
U=|0 7/4 —1/4
0 0 12/7

Notice we have constructed L~ in the process.

1 0 o0 1 0 0
L = 10 1 o0 /4 1 0
| 0 1/7 1 1/4 0 1
1 0 O
= 1/4 1 0
_2/7 1/7 1
so that
LA = U
1 0 O 4 -1 -1 4 -1 -1
/4 1 0 -1 2 0 = 0 7/4 —-1/4
2/7 1/7 1 -1 0 2 0 0 12/7
Also, we have L in hand.
L= "
and
L' = 1
1 0 0 fi1 O 0 1 0 0
1/4 1 0 ly1 flog O = 01 0
2/7 1/7 1 l31 f39 {33 0 0 1
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From the first row-first column, #1; = 1. From the second row-first column,
1/4€11+ 1421 = 0, or £2; = —1/4. From the third row-first column, 2/7¢1; +
1/78o1 + 131 = 0, or £33 = —2/7 + 1/28 = —1/4. From the second row-
second column, o9 = 1. From the third row-second column, 1/7095+ 1435 =
0, or £35 = —1/7. And, from the third row-third column, ¢35 = 1. Hence,

1 0 0
L=| —-1/4 1 0
-1/4 -1/7 1
and
LU = A
1 0 0 4 -1 -1 4 -1 -1
—1/4 1 0 0 7/4 —-1/4 = -1 2 0
—-1/4 -1/7 1 0 0 12/7 -1 0 2
For
-1
T = 3
5
the solution to Ay =z is
Ay = =z
LUy = =z
Uy = L'z
4 -1 -1 yl -1
0 7/4 —1/4 || 42| = 3—14 =| 11/4
0 0 12/7 y3 5—1/4—1—11/28 36/7

Backward recursive substitution solve for y. From row three, 12/7y; =
36/7 or y3 = 7/12 x 36/7 = 3. From row two, 7/4ys — 1/4ys = 11/4, or
y2 = 4/7(11/44+3/4) = 2. And, from row one, 4y; — y2 — y3 = —1, or
y1 =1/4(—1+ 2+ 3) = 1. Hence,

y=|2

General case

If the inverse of A doesn’t exist (the matrix is singular), we find some
equations after elimination are 0 = 0, and possibly, some elements of y are
not uniquely determinable as discussed above for the under-identified case.

For an m x n matrix A, the general form of LU factorization may involve
row exchanges via a permutation matrix, P.

PA=LU
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where L is lower triangular with ones on the diagonal and U is an m x n
upper echelon matrix with the pivots along the main diagonal.

LU decomposition can also be written as LDU factorization where, as
before, L and U are lower and upper triangular matrices but now have ones
along their diagonals and D is a diagonal matrix with the pivots of A along
its diagonal.

Returning to the accounting example, we utilize LU factorization to solve
for y, a set of transactions amounts that are consistent with the financial
statements.

Ay = =z
n
-1 -1 1 -1 0 0 Yo 2
1 0 0 0 -1 0 Y3 . 1
0 1 0 0 0 -1 m o -1
0 0o -1 1 1 1 Y5 -2
Ye

For this A matrix, P = I, (no row exchanges are called for), and row one
is added to row two, the revised row two is added to row three, and the
revised row three is added to row four, which gives

hn
-1 -1 1 -1 0 0 Y2 2
O -1 1 -1 -1 0 y3 | | 3
0 o 1 -1 -1 -1 ya | | 2
0 0 0 O 0 0 Us 0
Ys

The last row conveys no information and the third row indicates we have
three free variables. Recall, for our solution, y? above, we set y4 = y5 = yg =
0 and solved. From row three, y3 = 2. From row two, yo = — (3 —2) = —1.
And, from row one, y; = — (2 — 1 —2) = 1. Hence,



A .4 Matrix decomposition and inverse operations 17

A.4.2 Cholesky decomposition

If the matrix A is symmetric, positive definite® as well as nonsingular, then
we have A = LDLT as U = LT. In this symmetric case, we identify an-
other useful factorization, Cholesky decomposition. Cholesky decomposition
writes
A=T1r"

where I' = LD? and D2 has the square root of the pivots on the diagonal.
Since A is positive definite, all of its pivots are positive and their square
root is real so, in turn, I' is real. Of course, we now have

r-ta = rrrt
= 17
or
A@D™H = rr? (@)
=T

For the example above, A = A" (A’”)T, A is symmetric, positive definite
and we found

A = LU
4 -1 -1 1 0 0 4 -1 -1
-1 2 0 = -1/4 1 0 0 7/4 —1/4
-1 0 2 -1/4 -1/7 1 0 0 12/7
Factoring the pivots from U gives D and LDLT.
A = LDL"
1 0 0 4 0 0 1 -1/4 -1/4
= —1/4 1 0 0 7/4 0 0 1 —1/7
-1/4 —-1/7 1 0 o0 12/7 0 0 1
And, the Cholesky decomposition is
I = LD?
[ 1 0 0 2 0 0
= —1/4 1 0 0 7/4 0
| —1/4 —-1/7 1 0 0 12/7
[ 2 0 0

= | -12 ¥ 0

1 3
| -12 - 22

5 A matrix, A, is positive definite if its quadratic form is strictly positive
zT Az >0

for all nonzero x.
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so that
A = 11"
R 2 0 0 2 —1/2 —1/2
12 o | = |-12 ¥ 0 0o ¥ ;L
-1 0 2 -2 5= /2 o0 0 2/

A.4.8 FEigenvalues and eigenvectors

A square n X n matrix A times a characteristic vector x can be written as
a characteristic scalar )\ times the same vector.

Ax = \x

The characteristic scalar is called an eigenvalue and the characteristic vec-
tor is called an eigenvector. There are n (not necessarily unique) eigenvalues
and associated eigenvectors.’ Rewriting the above as

(A= M)z =0

reveals the key subspace feature. That is, we choose A such that A — A\J
has a nullspace. Then, x is a vector in the nullspace of A — AI.
Example

Now, we explore construction of eigenvalues and eigenvectors via our ac-
counting example.

-1 -1 1 -1 0 0
1 o 0 o0 -1 0
A= 0 1 o 0 0 -1
0o 0 -1 1 1 1

In particular, focus attention on

4 -1 -1 =2
-1 2 0 -1
-1 0 2 -1
-2 -1 -1 4

AAT =

First, we know due to the balancing property of accounting this matrix
has a nullspace. Hence, at least one of its eigenvalues equals zero. We’ll

6For instance, an m X n identity matrix has n eigenvalues equal to one and any
orthogonal (or unitary) matrix is a basis for the eigenvectors.
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verify this by AAT = LU = LDL™ and then utilize this result to find the
eigenvalues.

First, utilize row operations to put AA” in row echelon form and find
its pivots. Row operations on the first column are

4 -1 -1 -2
7 1 _3
4 4 2
Ly'AAT= | o 1 7 _3
4 4 2
3 3
0 -3 -% 3
where
100 0
1100
Li'=11 o 1 ¢
4
1
1o o1

Combine this with row operations on the second column.

4 -1 -1 -2
0§ -+ -3
Ly'LTYAAT = 12 12
2 o 0 F -7
12 12
0 0 -7 7
where

1 0 00

L o100

Ly=lo0o 110

6
0 = 0 1

Combining this with row operations on the third column yields the upper
triangular result we're after.

4 -1 -1 =2
0§ -k -3
Lyi'Ly 'Lyt AAT =U=| (12 _12
7 7
0 O 0 0
where
1 0 0 O
-1_ |0 1 00
Ly~ = 0 01 0
0 0 1 1
Hence,
1 0 0 O
L1 00
[t S 2 o 421 .
3 2 1 2 2 1 0
1 1 1 1
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and
L=tAAT = U
4 -1 -1 =2
07 -b
B
0 0 0 0

Clearly, the rank of U is three and column four is free as its pivot (main
diagonal element in row echelon form) is zero. This means, as suggested
before, one eigenvalue equals zero. To find its associated eigenvector replace
row four with the row vector [ 0 0 0 1 ], call this U® and solve

Uz = b
4 -1 -1 =2
0 T 1 _3 0
1 1 2 |l = 0
12 12 =
0 0 = -3 0
0 0 0 1 1
for . A solution is
1
1
T
1

Since eigenvectors are scale-free, AATx = Az accommodates any rescaling
of x, it is often convenient to make this vector unit length. Accordingly,
define the unit length eigenvector associated with the zero eigenvalue (A =
0) as

X
T = =

vaTy

N[ D= D= N

What are the remaining three eigenvalues? Clearly from U (the first
row is unchanged by our row operations), therefore at least one of the
remaining eigenvalues is A = 4 (we could have repeated eigenvalues). A
more general approach is find A such that the matrix AAT — AT is singular
or equivalently, its determinant is zero. Determinants are messy but we’ll
utilize two facts: the determinant of a triangular matrix is the product of
its pivots (main diagonal elements) and the product of determinants equals
the determinant of the products, det (L) det (U) = det (LU). Since L has
ones along the main diagonal it’s determinant is one, the determinant of U
is the determinant of AA” — \I. Finding eigenvalues of AAT boils down to
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finding the roots of the product of the main diagonal elements of U where
AAT — XTI =LU.
Following similar steps to those above, we find

4— ) -1 -1 —2
0 T—6A4\> 1 A—6
4—X 44—\ 44—\
U= 0 0 12—18A+8A2 )3 —1248XA—)2
T—6A+A2 T—6A+A2
—2404+1022—)\3
0 0 0 S s
det(U) = (4- ) (7—6>\+)\2> (12— 18X + 82 —x”*) y
4— A 7— 6N+ A2
(24/\ + 10X — /\3>
6 — 6\ + \?

= 48N+ 4407 — 1203 + \*

The roots are A =0, 2, 4, and 6.
The next step is to find eigenvectors for A = 2, 4, and 6. For A = 2,
2 -1 -1 =2
1 1
0 —5 -5 -2

U = . Since the third pivot equals zero its a free
0 0 0 0
0 0 0 8
variable and we replace row three with [ 0 0 10 ] and solve
o
Utz = (1]
- 0 -
2 -1 -1 =2 [0 ]
0 -3 -3 -2 R
0 0 1 0 1
0 0 0 8 | 0]
This yields
0
| -1
T
0
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Notice, xo is orthogonal to x;.

=[5 3 3 3]

It works largely the same for A = 6. For A\ = 6,

-2 -1 -1 =2

7
. 0o -2 1 o0
o 0 =2 0
0 0 0 0

Since the fourth pivot equals zero its a free variable and we replace row
four with [ 0 0 01 ] and solve

0
Uz = 8
. 1 -
-2 -1 -1 =2 T 0]
7 1 0
7 2 . = |0
24 =
0 = 0
0 0 [ 1
This yields
—1
- 0
- 0
1
which can be unitized as follows
1
V2
x 0
= Tr 0
1
%

Notice, this eigenvector is orthogonal to both x; and x,.
Unfortunately, we can’t just plug A = 4 into our expression for U as it
produces infinities. Rather, we return to AA” — 41 and factor into its own
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LU. First, we apply a permutation (row exchanges’) to AAT — 41

P(AAT —4I) = LU
-1 -2 0 -1 1 0 00 -1 -2 0 -1
0 -1 -1 -2 _ [0 1 00 0 -1 -1 -2
-1 0 -2 -1 | |1 -2 10 0 0 -4 —4
-2 -1 -1 0 2 -3 1 1 0 0 0 0
where
0100
1000
P=1001 0
0001

swaps rows one and two. Then, we follow similar row operations as de-
scribed above to produce the LU factors where

-1 -2 0 -1
0o -1 -1 -2
0 0 —4 —4
0 0 0 0

As the fourth pivot is zero it’s a free variable and we replace row four
with [ 0 0 0 1 ] to solve

0
Ute = 8
_1_
-1 -2 0 -1 [0 ]
0o -1 -1 -2 _ 0
0 0 —4 —4|® T Jo
0 0 0 1 |1
1
This yields z = :1 and is unitized as
1
1
2
_1
x i 7
3= =
zTx -3
1
2

TRow exchanges can change the sign of the determinant but that is of consequence
here because we’ve chosen the eigenvalue to make the determinant zero.
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Now, as AAT is symmetric all four eigenvectors are orthonormal. Hence,
when we construct a matrix @ of eigenvectors in its columns

T
1o_1 _1
2 V2 2
@=|1 L _1
2 2 2
1 1 1
2 2 V2
and multiply by its transpose
QR"=QTQ=1
Further,
QXT = AAT
O R 1 111
1 1 1 V2 0000 2 21 % ’
5 ——== —3 0 0 —-——= —= 0
2 V2 2 0 2 00 V2 V2
bodoob oo [Jooaofl b b b
1 0 1 1 0 0 0 6 _ 1 0 0 1
2 2 V2 V2 V2
4 -1 -1 =2
| -1 2 0 -1
T -1 0 2 -1
-2 -1 -1 4

where ¥ is a diagonal matrix of eigenvalues and the order of the eigenvectors
matches the order of the eigenvalues.

A.4.4  Singular value decomposition

Now, we introduce a matrix factorization that exists for every matrix. Sin-
gular value decomposition says every m X n matrix, A, can be written as the
product of a m x m orthogonal matrix, U, multiplied by a diagonal m x n
matrix, ¥, and finally multiplied by the transpose of a n x m orthogonal
matrix, V.8 U is composed of the eigenvectors of AAT, V is composed of
the eigenvectors of AT A, and ¥ contains the singular values (the square
root of the eigenvalues of AAT or AT A) along the diagonal.

A=UxVT

Further, singular value decomposition allows us to define a general inverse
or pseudo-inverse, AT.
At =vytuT

8An orthogonal (or unitary) matrix is comprised of orthonormal vectors. That is,
mutually orthogonal, unit length vectors so that U~1 = UT and UUT = UTU = 1.
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where X1 is an n x m diagonal matrix with nonzero elements equal to the
reciprocal of those for . This implies

AATA= A
AtAAT = At
(AtA)" = ata
and
(AAH)T = A4t

Also, for the system of equations
Ay==x
the least squares solution is

YOS — Aty
and AAT is always the projection onto the columns of A. Hence,
AAT = Py = A(ATA) T AT
if A has linearly independent columns. Or,

AT (AT = (ata)”
= (vtuTusv?)’
= vy'UTu (sH) VT
= A*A
— Py = AT (44T) 7 4

if A has linearly independent rows (if AT has linearly independent columns).
For the accounting example, recall the row component is the consistent
solution to Ay = z that is only a linearly combination of the rows of A;
that is, it is orthogonal to the nullspace. Utilizing the pseudo-inverse we
have
yRS(A) — AT (AT)+ yP
= Pary’

_ (AT)T (Ar (AT)T)
= ATAyP

1
A"yP
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or simply, since Ay? = x

yRS(A):A-‘rm
-5 9 -3 -1
-5 -3 9 -1 2
1l 4 0 0 -4 1
= 2%l -4 0 0 4 -1
1 -9 3 5 -2
1 3 -9 5
1
-5
1| 4
= 5| 4
-5
1

The beauty of singular value decomposition is that any m x n matrix,
A, can be factored as

AV =UX

since

AVVT = A=UxVT

where U and V are m x m and n X n orthogonal matrices (of eigenvectors),
respectively, and ¥ is a m x n matrix with singular values along its main
diagonal.

Eigenvalues are characteristic values or singular values of a square matrix
and eigenvectors are characteristic vectors or singular vectors of the matrix
such that

AAT Y = M

or we can work with
AT Av = M

where u is an m-element unitary (u”u = 1) eigenvector (component of 1),
v is an n-element unitary (v7v = 1) eigenvector (component of @), and A
is an eigenvalue of AAT or AT A. We can write AATu = Mu as

AATw = Au
(AA" = X)u = 0©

or write AT Av = \v as

ATAv = M
(ATA-X)v = 0
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then solve for unitary vectors u, v, and and roots A. For instance, once we
have \; and u; in hand. We find v; by

T
U; A= )\ﬂ}i

such that v; is unit length, v} v; = 1.

The sum of the eigenvalues equals the trace of the matrix (sum of the
main diagonal elements) and the product of the eigenvalues equals the
determinant of the matrix. A singular matriz has some zero eigenvalues
and pivots (the det (A) = +[product of the pivots]), hence the determinant
of a singular matrix, det (A4), is zero.” The eigenvalues can be found by
solving det (AAT — A ) = 0. Since this is an m order polynomial, there are
m eigenvalues associated with an m x m matrix.

Accounting example

Return to the accounting example for an illustration. The singular value
decomposition (SVD) of A proceeds as follows. We’ll work with the square,
symmetric matrix AA”. Notice, by SVD,

AAT = Usv” (usvh)”
= vuxvtvstu”
usstu”
so that the eigenvalues of AAT are the squared singular values of A, X7
The eigenvalues are found by solving for the roots of!°
det (AA" —AIL,) = 0
4—-X -1 —1 -2
-1 2—A 0 -1
det) 3 g 2-a 1 | 0
-2 -1 -1 4-X
—ASA 4407 — 1223 X = 0

9The determinant is a value associated with a square matrix with many (some useful)
properties. For instance, the determinant provides a test of invertibility (linear indepen-
dence). If det (A) = 0, then the matrix is singular and the inverse doesn’t exist; otherwise
det (A) # 0, the matrix is nonsingular and the inverse exists. The determinant is the
volume of a parallelpiped in n-dimensions where the edges come from the rows of A.
The determinant of a triangular matrix is the product of the main diagonal elements.
Determinants are unchanged by row eliminations and their sign is changed by row ex-
changes. The determinant of the transpose of a matrix equals the determinant of the
matrix, det (4) = det (AT). The determinant of the product of matrices is the product
of their determinants, det (AB) = det (A) det (B). Some useful determinant identities
are reported in section five of the appendix.

10Below we show how to find the determinant of a square matrix and illustrate with
this example.
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11

Immediately, we see that one of the roots is zero,”' and

—A8N + 4402 —12X03 + \F =
AA=2)(A—4)(A—6)
or
A ={6,4,2,0}

for AAT 12 The eigenvectors for AAT are found by solving (employ Gaussian
elimination and back substitution)

(AAT — )\Z'I4) U; = 0

Since there is freedom in the solution, we can make the vectors orthonormal
(see Gram-Schmidt discussion below). For instance, (AAT — 6]4) up =0

leadstou = —a 0 0 a],sowemakea:%andu{:{—% 0 0

Now, the complementary right hand side eigenvector, vy, is found by

ulTA = \/Evl

1
(V]
HS»—A
w

1

g5

gsh

1
L 2v3

Repeating these steps for the remaining eigenvalues (in descending order;
remember its important to match eigenvectors with eigenvalues) leads to

1 1 1

-5 2 0 3

0 1 _1 1

U— 2 V22
= o -1 L 1

2 V2 2

11 g 1

V2 2 2

1 For det (ATA - )\Iﬁ) =0, we have —48\3 4+ 44X\* — 12)5 + X6 = 0. Hence, there are
at least three zero roots. Otherwise, the roots are the same as for AAT.
12Clearly, A = {6,4,2,0,0,0} for AT A.

S
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and
r1 1 1 g ¥ 1 7
24/3 2 2 2¢/2 2/6
1 1 1 1 1 __1
2V/3 2 2 V3 26 26
_ 1 0 0 1 1 1
ve| VERRY 6
o 1 2
0 00 2
1 1 1 0 V3 __1
23 2 2 22 2v6
1 Lo _1 1 _ .1 __1
L 2v3 2 2 V3 2v6 2v6 -
where UUT = UTU = I, and VVT = VTV = I;.'3 Remarkably,
A = UAVT
_1 1 o L
v L V60O 0 0 0 0
_ 0 -3 —% 3 0 2 0 00 0
0 -3 5 3 0 0 v2 000
1 1 1 0O 0 0O 0 0 O
s oz 0 3
T 1 _1 g 3 _. 7"
243 2 2 24/2 26
1 1 1 1 1 __1
2v/3 2 2 V3 26 26
_ 1 0 0 1 1 1
o V3 V3 NG 6
1 2
L0 0 0 0 /2
111 g M3 1
2V3 2 2 22 2v6
1 1 _1 1 _ .1 __1
L 2v3 2 2 V3 2v6 26 -
-1 -1 1 -1 0 0
B 1 0 0 0 -1 0
o 0 1 0 0 0 -1
0 0o -1 1 1 1

where A is m x n (4 x 6) with the square root of the eigenvalues (in de-
scending order) on the main diagonal.

A.4.5 Spectral decomposition

When A is a square, symmetric matrix, singular value decomposition can
be expressed as spectral decomposition.

A=UxU"

13There are many choices for the eigenvectors associated with zero eigenvalues. We
select them so that they orthonormal. As with the other eigenvectors, this is not unique.
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where U is an orthogonal matriz. Notice, the matrix on the right is the
transpose of the matrix on the left. This follows as AAT = AT A when
A = AT. We've illustrated this above if when we decomposed AA”, a
square symmetric matrix.

AAT = UxvUT
- 1 1 1 1 1
vz 0 s 6 0 0 0 vz 0
0 -1 _1 1 0 -1 _1
. 2 N 0 4 0 O 2 V2
- 1 1 1 1 1
o -1 X 1 00 2 0 o -1 L
a1 9 1 0000 11 0
L 2 2 2 V2 2
4 -1 -1 =2
-1 2 0 -1
o -1 0 2 -1
-2 -1 -1 4

A.4.6 quadratic forms, eigenvalues, and positive definiteness

A symmetric matrix A is positive definite if the quadratic form =7 Az is pos-
itive for every nonzero x. Positive semi-definiteness follows if the quadratic
form is non-negative, 27 Az > 0 for every nonzero z. Negative definite
and negative semi-definite symmetric matrices follow in analogous fashion
where the quadratic form is negative or non-positive, respectively. A pos-
itive (semi-) definite matrix has positive (non-negative) eigenvalues. This
result follows immediately from spectral decomposition. Let y = Qz (y is
arbitrary since z is) and write the spectral decomposition of A as QTAQ
where @ is an orthogonal matrix and A is a diagonal matrix composed of
the eigenvalues of A. Then the quadratic form 27 Az > 0 can be written as
2TQTAQz > 0 or yT' Ay > 0. Clearly, this is only true if A, the eigenvalues,
are all positive.

A. 4.7 similar matrices, Jordan form, and generalized
etgenvectors

Now, we provide some support for properties associated with eigenvalues.
Namely, for any square matrix the sum of the eigenvalues equals the trace
of the matrix and the product of the eigenvalues equals the determinant of
the matrix. To aid with this discussion we first develop the idea of similar
matrices and the Jordan form of a matrix.

Two matrices, A and B, are similar if there exists M and M ! such that
B = M~'AM. Similar matrices have the same eigenvalues as seen from
Ax = \x where z is an eigenvector of A associated with \.

Ar = Mz
AMM 'z = Xz

N= R = N
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Since M B = AM, we have

MBM™ 'z = Xz
M 'MBM 'z = MM 'z
B(M™'z) = MM 'z)

Hence, A and B have the same eigenvalues where x is the eigenvector of A
and M 'z is the eigenvector of B.

From here we can see A and B have the same trace and determinant.
First, we’ll demonstrate, via example, the trace of a matrix equals the

sum of its eigenvalues, Z Ai = tr (A) for any square matrix A. Consider

a1 a22
determined from solving det (A — AI) = 0.

A= [ i } where tr (A) = a11 + ag2. The eigenvalues of A are

(a11 — A) (a2 — A) —aipas; =
A — (a11 + ax) A+ a11az — ajpaz =

The two roots or eigenvalues are

a1l + age £ \/(au + a22)2 —4(ar1a22 — a12a21)
2

and their sum is A\; + Ay = a31 + ass = tr (A). The idea extends to any
square matrix A such that Z A; = tr (A). This follows as det (A — AI) for

any n x n matrix A has coefficient on the A" ™! term equal to minus the
coefficient on A" times Z Ai, as in the 2 x 2 example above.'*

We’ll demonstrate the determinant result in two parts: one for diagonal-
izable matrices and one for non-diagonalizable matrices using their Jordan
form. Any diagonalizable matrix can be written as A = SAS~!. The deter-

minant of A is then |A| = |SAS™!| = |S||A||S™!] = |A] since || = ﬁ

which follows from |SS~*| = [S7!|[S| = |I| = 1. Now, we have |A| = H)‘i'

The second part follows from similar matrices and the Jordan form.
When a matrix is not diagonalizable because it doesn’t have a complete
set of linearly independent eigenvectors, we say it is nearly diagonalizable
when it’s in Jordan form. Jordan form means the matrix is nearly diagonal
except for perhaps ones immediately above the diagonal.

For example, the identity matrix, [ (1) (1) ] , is in Jordan form as well as
1
1

being diagonalizable while is in Jordan form but not diagonaliz-

L——
O =

MFor n even the coefficient on A” is 1 and for n odd the coefficient on A™ is —1 with
the coefficient on A"~ of opposite sign.
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able. Even though both matrices have the same eigenvalues they are not

similar matrices as there exists no M such that { (1) 1 ]equals M~1IM.
Nevertheless, the Jordan form is the characteristic form for a family

of similar matrices as there exists P such that P~'AP = J where J
is the Jordan form for the family. For instance, A = % _11 5 has
2 1

1 9 | Consider another example,

A= é { 113 162 ] has Jordan form { (?; ; il)) ; } Since

they are similar matrices, A and J have the same eigenvalues. Plus, as in
the above examples, the eigenvalues lie on the diagonal of J in general.
The determinant of A = [PJP~Y| = |P||J||P~*| = [J| = [] A This
completes the argument.

To summarize, for any n X n matrix A:

Jordan form (1) 1 ] with P = {

o |

(1) 14 =TT

and

(2) tr(4) =>_ X\

Generalized eigenvectors
The idea of eigenvectors is generalized for non-diagonalizable matrices like

1 . . .
{ (1) 1 } as it doesn’t have a full set of regular eigenvectors. For such matri-

ces, eigenvectors are the (nullspace or nonzero) solutions, ¢, to (4 — AT )’C q=
0 for k > 1 (k = 1 for diagonalizable matrices). For the above matrix k = 2
as there are two occurrences of A = 1.

(A—)\I)lz[g H

therefore ¢ = is an eigenvector of A but there is no other nonzero,

1
0
linearly independent vector that resides in the nullspace of A — AI. On the
other hand,

0

g

and q = [ (1) } and [ (1) } are a basis for the nullspace of (A — )\I)2 or

(A= A)? = [

o O

generalized eigenvectors of A.
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A.5 Gram-Schmidt construction of an orthogonal
matrix

Before we put this section to bed, we’ll undertake one more task. Construc-
tion of an orthogonal matrix (that is, a matrix with orthogonal, unit length

vectors so that QQT = QTQ = I). Suppose we have a square, symmetric
matrix

A:

— =N
DN O =

1
2
3

with eigenvalues {% (7 + \/ﬁ) , % (7 = \/ﬁ) , 1} and eigenvectors (in the
columns)

L(=34+V17) 1(-3-V17) 0
[Ul (%) U3]: 1 1 -1
1 1 1

The first two columns are not orthogonal to one another and none of the
columns are unit length.

First, the Gram-Schmidt procedure normalizes the length of the first
vector

qg =

2
oo
S W
ot O
N ©
S~—

Then, finds the residuals (null component) of the second vector projected
onto q1.15
ro = (L—qg{)vo
H (3= VD)
= 1
1

Now, normalize 75
72

G

15Since the (v{v1)71 term is the identity, we omit it in the development.
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so that ¢; and ¢s are orthonormal vectors. Let

Qe = [a @]

—3+/17 3417

V/34—6V/17 V34+46v17
2 2

- \/1773\@ \/17+3\/ﬁ

2 2
L \/1773\/17 \/17+3\/17

[ 0.369 —0.929
~ 0.657 0.261
| 0.657  0.261

Finally, compute the residuals of v3 projected onto Q12

rs = v3— Q12Q75v3
0
-1
1

and normalize its length.!©

Then,
Q = [ @ ¢
—3+V/17 __3+V17

V/34—6V/17 V344617

_ _2 2  _ 1
- \/1773\/17 \/17+3\/17 V2
2 2 1

L 17-3V17 174317 V2

[ 0.369 —0.929 0
0.657 0.261 —0.707
| 0.657 0.261  0.707

Q

and QQT = QT Q = I. If there are more vectors then we continue along the
same lines with the fourth vector made orthogonal to the first three vectors
(by finding its residual from the projection onto the first three columns)
and then normalized to unit length, and so on.

16 Again, (Q{QQU)_I = I so it is omitted in the expression. In this example, vs is
orthogonal to Q12 (as well as v1 and v2) so it is unaltered.
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A.5.1 QR decomposition

QR is another important (especially for computation) matrix decomposi-
tion. QR combines Gram-Schmidt orthogonalization and Gaussian elim-
ination to factor an m x n matrix A with linearly independent columns
into a matrix composed of orthonormal columns, @ such that Q7Q = I,
multiplied by a square, invertible upper triangular matrix R. This provides
distinct advantages when dealing with projections into the column space of
A. Recall, this problem takes the form Ay = b where the objective is to find
y that minimizes the distance to b. Since A = QR, we have QRy = b and
R'QTQRy = y = R7'Q"b. Next, we summarize the steps for two QR
algorithms: the Gram-Schmidt approach and the Householder approach.

A.5.2  Gram-Schmidt QR algorithm
The Gram-Schmidt algorithm proceeds as described above to form Q. Let

a

a denote the first column of A and construct a; = T to normalize the

first column. Construct the projection matrix for this column, P; = a¥a;
(since a; is normalized the inverse of al a; is unity so it’s dropped from the
expression). Now, repeat with the second column. Let a denote the second
column of A and make it orthogonal to a; by redefining it asa = (I — P) a.
Then normalize via as = —%—. Construct the projection matrix for this

VaTa'
column, P, = aQTag. The third column is made orthonormal in similar
fashion. Let a denote the third column of A and make it orthogonal to
ay and ae by redefining it as a = (I — P, — P»)a. Then normalize via
as = ﬁ Construct the projection matrix for this column, Py = alas.
Repeat this for all n columns of A. @ is constructed by combining the
columns @ = [ a; Gz - Qp ] such that QTQ = I. R is constructed

as R = QT A. To see that this is upper triangular let the columns of A be
denoted A, As, ...,A,. Then,

afA, af4A, - dTA,

OTA = ab’A; alAy - af A,

a,TL'Al af.Ag e af'An
The terms below the main diagonal are zero since a; for j = 2,...,n are
constructed to be orthogonal to A;, a; for j = 3,...,n are constructed to

be orthogonal to As = as + Py Ao, and so on.
Notice, how straightforward it is to solve Ay = b for y.

Ay = b
QRy = b
R'Q"QRy = y=R'Q"b
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A.5.8  Accounting example

Return to the 4 accounts by 6 journal entries A matrix. This matrix clearly
does not have linearly independent columus (or for that matter rows) but
we’ll drop a redundant row (the last row) and denote the resultant matrix
Ap. Now, we'll find the QR decomposition of the 6 x 3 AT, AT = QR by
the Gram-Schmidt process.

-1 1 0
-1 0 1
T 1 0 0
do=1_49 0o o
0 -1 0
0 0 -1
~1 1 1 -1 1 0 0
-1 1 1 -1 1 0 0
PR p_ L] -1 -1 1 -100
L= -1 |t 1 1 -1 1 0 0]
0 0 0 0 0 00
0 0 0 0 0 00
0.567 1 1 -1 1 0 0
—0.189 1 1 -1 1 0 0
_ljomse |, 1P -1 -1 1 100
=5 o180 2711 1 -1 1 0 0|’
—0.756 0 0 0 0 00
0 0 0 0 0 00
and
—0.109
0.546
b 1| 0218
57 9| —0.218
—0.109
—0.764
so that
—0.5 0.567 —0.109
—0.5 —0.189  0.546
| 05 0189 0218
Q=1 _05 —0189 —0218
0 —0.756 —0.109
0 0 —0.764
and

2 —05 —05
R=QTA=1]0 1.323 —0.189
0 0 1.309
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2
The projection solution to Ay = z or Agy = g where x = _11 and
-2
1
: |
Ty = 1 is Yrow = Q (RT) Ty = % _4
1

A.5./ The Householder QR algorithm

The Householder algorithm is not as intuitive as the Gram-Schmidt algo-
rithm but is computationally more stable. Let a denote the first column
of A and z be a vector of zeros except the first element is one. Define
v=a+vaTlazand Hy =1—2x g%ﬁ Then, H; A puts the first column of A
in upper triangular form. Now, repeat the process where a is now defined
to be the second column of H;A whose first element is set to zero and z
is defined to be a vector of zeros except the second element is one. Utilize
these components to create v in the same form as before and to construct
H, in the same form as Hi. Then, HyH; A puts the first two columns of A
in upper triangular form. Next, we work with the third column of HoH1 A
where the first two elements of a are set to zero and repeat for all n columns.
When complete, R is constructed from the first n rows of H,, --- HyHq A.
and Q7 is constructed from the first n rows of H,, --- HoH;.

A.5.5 Accounting example

Again, return to the 4 accounts by 6 journal entries A matrix and work
with Ag. Now, we’ll find the QR decomposition of the 6 x 3 AL, AT = QR
by Householder transformation.

1 1 0
1 0 1
+ |1 0 o0
do=1_ 09 o
0 -1 0
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-1 1
-1 0
. 1 0
In the construction of Hy, a = 1 7= 1o
0 0
0 0
1 1 -1 1 0 0]
1 1 1 -1 0 0
m=3 7 L 1 1 00| Then HAT =
0 0 0 0 2 0
0 0 0 0 0 2
0 0
1 1
. 1] -1 0
For the construction of Ha, a = 5 L 1A= o
-2 0
| 0 0
1 0 0 0 0 0
0 —-0.378 0378 —-0.378 0.756 0
and Hy = 0 0.378 0.896 0.104 —0.207 0
0 —0.378 0.104 0.896 0.207 0
0 0756 —0.207 0.207 0.585 0
0 0 0 0 0 1
-2 0.5 0.5
0 -—1.323 0.189
0 0 0.585
0 0 —0.585
0 0 0.171
0 0 -1
0 0
0 0
. 0.585 1
For the construction of Hsz, a = —0585 1= | o
0.171 0
-1 0
1 0 0 0 0 0
0 0 0 0 0 0
and Hs — 0 0 -—0.447 0447 —-0.130 0.764
0 0 0.447 0.862 0.040 —0.236
0 0 -—0.130 0.040 0.988 0.069
0 0 0.764 —0.236 0.069 0.597

N[—=

1.823

. Then, HQHlAg =

1.894
U 0585 |0
0.171
—1

. Then, H3H2H1Ag =
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—2 0.5 0.5
0 -1.323 0.189
0 0 —1.309 . -2 05 0.5

. This leads to R = 0 -1.323 0.189
0 0 0 0 0 —1.309
0 0 0 ’
0 0 0

0.5 —0.567 0.109
0.5 0189 —0.546
-0.5 -0.189 —-0.218
0.5  0.189 0.218
0 0.756 0.109
0 0 0.764

Finally, the projection solution to Agy = xg iS Yrow = @ (RT)f1 Ty =
0.5 —0.567 0.109
0.5 0.189 —0.546 T\ ~!

and Q =

—0.5 —0.189 —0.218 -2 05 0.5 9
0 —1.323 0.189 1| =

0.5  0.189  0.218 0 g2 0 :
0 0756  0.109 :
0 0 0.764
1
-5

|4

6| —4
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A.6 Computing eigenvalues

As discussed above, eigenvalues are the characteristic values that ensure
(A — AI) has a nullspace for square matrix A. That is, (A—A)xz = 0
where x is an eigenvector. If an eigenvector can be identified such that
Az = Az then the constant, A, is an associated eigenvalue. For instance,
if the rows of A have the same sum then 2 = ¢ (a vector of ones) and A
equals the sum of any row of A.

Further, since the sum of the eigenvalues equals the trace of the matrix
and the product of the eigenvalues equals the determinant of the matrix,
finding the eigenvalues for small matrices is relatively simple. For instance,
eigenvalues of a 2 X 2 matrix can be found by solving

)\1 + )\2 = tr (A)
/\1/\2 = det (A)

Alternatively, we can solve the roots or zeroes of the characteristic polyno-
mial. That is, det (A — AI) = 0.

Example 1 Suppose A = [ ? ; ] then tr (A) = 5 and det (A) = 4.
Therefore,
AM+X = 5
AAe =

which leads to A\ = 4 and Ao = 1. Likewise, the characteristic polynomial
is det (A—A) = (2—X)(3—A) —2 =0 leading to the same solution for
A

However, for larger matrices this approach proves impractical. Hence,
we’ll explore some alternatives.

A.6.1 Schur’s lemma

Schur’s lemma says that while every square matrix may not be diagonaliz-
able, it can be triangularized by some unitary operator U.
T = U'AU
U*AU
or
A=UTU~"

where A is the matrix of interest, T is a triangular matrix, and U is unitary
so that U*U = UU* = I (U* denotes the complex conjugate transpose of
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U). Further, since T' and A are similar matrices they have the same eigen-
values and the eigenvalues reside on the main diagonal of T'. To see they are
similar matrices recognize they have the same characteristic polynomial.

det(A— M) = det(T — )
= det (UAU — M)
= det (U"AU — \U*IU)
= det (U"(A—-ADU)

det (U*)det (A — AI) det (U)
ldet(A—AI)1
= det(A— )

Before discussing construction of T', we introduce some eigenvalue construc-
tion algorithms.

A.6.2 Power algorithm

The power algorithm is an iterative process for finding the largest absolute
value eigenvalue.

1. Let k1 be a vector of ones where the number of elements in the vector
equals the number of rows or columns in A.

2. Let kyq = \/ﬁ where \/k] AT Ak, = norm.

3. iterate until |k;y1 — k¢| < et for desired precision e.

4. norm is the largest eigenvalue of A and k; = k;11 is it’s associated
eigenvector.

Clearly, if k; = k;y1 this satisfies the property of eigenvalues and eigen-
vectors, Az = Az or Ak; = \/ kI AT Ak k;.
kL Ak,
kT k:
Then, iterate as above. This follows as eigensystems are defined by

Ak

and scale Ak; by p, to form kiyq = et

Alternatively, let u, =

Ak = My

Now, multiply both sides by kI to generate a quadratic form (scalars on
both sides of the equation).

kI Ak, = ME] Ky

Then, isolate the eigenvalue, A, by dividing both sides by the right-hand
side scalar, kI k;, to produce the result. As t — n,

_ Kl Ak,

= —FF )\
/’Lt kt]’kt -



42 Appendix A. Linear algebra basics

ey — Ak 1 A
2_no7‘m1_4\/§4 -

Example 2 Continue with A = ?

2
3 |

norms 4

1 4 1 1
@1]@3: Ak —1[?]:[‘@]]{%06,[@]isaneigen-

V2 V2 V2 V2
vector and normg = 4 is the associated (largest) eigenvalue.
. -4 2 .
Example 3 (complex eigenvalues) Suppose A = o _4 | The etgen-

values are A = —4£2i with norm = \/(—4 + 2i) (—4 — 2i) = 4.472136 (not
a complex number). The power algorithm settles on the norm but Ak, #

normxk,. Try the algorithm again except begin with ki = [ 1 } . The algo-
. —0.4406927 — 0.5529828:
rithm converges to the same norm but k, = [ 0.5529828 — 0.4406927i }

Now,

Ak, = Ak,
-4 2 —0.4406927 — 0.5529828:
-2 -4 0.5529828 — 0.4406927¢

— —0.4406927 — 0.55298284
o 0.5529828 — 0.4406927¢

solving for X yields —4 + 2i. Since complex roots always come in conjugate
pairs we also know the other eigenvalue, —4 — 2i. However, the second

. . e 1
power algorithm converges very quickly with initial vector ki = { ; } to
1
ty = —4427 and ky = \? . This suggests the second algorithm is more
V2

versatile and perhaps converges faster.

A.6.3 QR algorithm

The QR algorithm parallels Schur’s lemma and supplies a method to com-
pute all eigenvalues.

1. Compute the factors @, an orthogonal matrix QQT = Q7Q = I, and
R, a right or upper triangular matrix, such that A = QR.

2. Reverse the factors and denote this A1, A; = RQ.

3. Factor Al, A1 = QlRl then A2 = RIQL

4. Repeat until Ay is triangular.

A1 = Qr—1Rp—1
Ay = Rp1Qp—1

The main diagonal elements of Aj, are the eigenvalues of A.
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The connection to Schur’s lemma is RQ = QTQRQ = QTAQ = A, so
that A, A; and Ay, are similar matrices (they have the same eigenvalues).

. . 2 2 34 —1.8
Example 4 Continue with A = { 1 3 } Ay = RQ = [ 08 16 }

4 -1
0 1
A10) are the main diagonal elements, 4 and 1.

and A1 = R1pQ10 = { AT Hence, the eigenvalues of A (and also

5 0 0
Example 5 (complex eigenvalues) Suppose A= | 0 2 3 |. The
0 -3 2

QR algorithm leaves A unchanged. However, we can work in blocks to solve
for the eigenvalues. The first block is simply By = 5 (bordered by zeroes
in the first row, first column) and 5 is an eigenvalue. The second block is

rows 2 and 3 and columns 2 and 3 or By = [ _23 g ] Now solve the
characteristic polynomial for this 2 X 2 matrix.
AN 413 = 0
A= 2438

We can check that each of these three eigenvalues creates a nullspace for
A— M.

0 0 0
A-5I=|0 -3 3
0 -3 -3
1
has rank 2 and nullspace or eigenvector | 0
0
3—3: 0 0
A—-(2+3)I= 0 -3i 3
0 -3 -3i
The second row is a scalar multiple (—i) of the third (and vice versa) and
0
a nullspace or eigenvector is % i |. Finally,'®
3-3i 0 O
A-—(2-3)I= 0 3 3

0 -3 3

17Shifting refinements are typically employed to speed convergence (see Strang).
18 Gauss’ fundamental theorem of algebra insures complex roots always come in con-
jugate pairs so this may be overly pedantic.
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Again, the second row is a scalar multiple (i) of the third (and vice versa)
0

and a nullspace or eigenvector is % i | . Hence, the eigenvalues are
1

A=52+ 3.

A.6.4 Schur decomposition

Schur decomposition works similarly.

1. Use one of the above algorithms to find an eigenvalue of n x n matrix
A, A

2. From this eigenvalue, construct a unit length eigenvector, x;.

3. Utilize Gram-Schmidt to construct a unitary matrix U; from n — 1
columns of A where x; is the first column of U. This creates

I /\1 *
0 =
AU =T, .
| 0 = * |
or ~ _
A1
0
Ur AU, =
i 0 k * |

4. The next step works the same way except with the lower right (n — 1) x
(n — 1) matrix. then, Us is constructed from this lower, right block with a
one in the upper, left position with zeroes in its row and column.

1 0 --- 0
0 o2 “en *k
Uy =
0 xo, --- *
Al ok e %
0 Ay -+ %
U;UfAUlUQ = . .
0 0 *
5. Continue until T is constructed.
T = L UFAUL - Uy
)\1 * s *
0 A - %
U*AU = . . .
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where U = U - - - U, 1. When triangularization is complete, the eigenvalues
reside on the main diagonal of T.

5 0 1
Example 6 (not diagonalizable) Suppose A= | 0 2 -3 |. This
0 -3 2

matriz has repeated eigenvalues (5,5, —1) and lacks a full set of linearly in-
depedent eigenvectors therefore it cannot be expressed in diagonalizable form
A = SAS~! (as the latter term doesn’t exist). Nonetheless, the Schur de-
composition can still be employed to triangulam’ze the matriz. A unit length

etgenvector associated with A =5 is x1 = 0 . Applying Gram-Schmidt
0
1
to columns two and three of A yields Uy = 0 0. 55470 —0.83205
0 —0.83205 —0.55470
This leads to

T Ur AU,
5 —0.83205 —0.55470
0 4.76923 —1.15385

0 —1.15385 —0.76923

Working with the lower, Tight 2 X 2 block gives

1 0 1
Uy=1] 0 —-0.98058 —0.19612
0 019612 —0.98058

Then,
T = UUfAUL U,

5 L L
V2 V2
U*AU = 0 5 0
0 0 -1
1 0 1
where U = U Uy = | O _% %
1 1
0 % »
5 0 0
Example 7 (complex eigenvalues) Suppose A = | 0 2 3 |. We
0 -3 2

know from example 5 A has complex eigenvalues. Let’s explore its Schur

decomposition. Again, A =5 is an eigenvalue with corresponding eigenvec-
1

tor xy = | 0 |. Applying Gram-Schmidt to columns two and three of A
0
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1 0 1
yields Uy = | 0 0.55470  0.83205 |. This leads to
0 —0.83205 0.55470

T, = UfAU;
5 0 0
= 0o 2 3
0 -3 2
Working with the lower, right 2 x 2 block, A\ = 2 + 3i, and associated
0
. 1, .
etgenvector To = ok guves
1
V2
1 0 0
1o 2 1
O RO
0 _ﬁ —%Z
1 0
where 15 = | 0 %Z is applied via Gram-Schmidt to create the third
0 —-L
V2

(column) vector of Uy from the third column of A, A.3.'9

*
A.3 — Z‘12$12A.3

1 0
0 U 1 0 0 0 0
= 31-10 ﬁlz 0o —L1; L 31 = 3
2 0 v V2 V2 2 —3i
0
before normalization and after we have % . Then,
i .
— i
T = USUAU U,
5 0 0
U*AU = 0 2434 0
0 0 2—3i
1 0 1

whereU = U Uz = | 0 —0.5883484 + 0.3922323¢  0.3922323 — 0.5883484¢
0 —0.3922323 — 0.58834847 —0.5883484 — 0.3922323¢

The eigenvalues lie along the main diagonal of T .

19Notice, conjugate transpose is employed in the construction of the projection matrix
to accommodate complex elements.
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A.7 Some determinant identities

A.7.1 Determinant of a square matrix
We utilize the fact that

det (A) = det(LU)
det (L) det (U)

and the determinant of a triangular matrix is the product of the diagonal
elements. Since L has ones along its diagonal, det (A) = det (U). Return to
the example above

4—X -1 -1 -2

T B -1 2-x 0 -1

det (AA - )\14) = det 1 0 9\ 1
-2 -1 -1 4-)

Factor AAT — M, into its upper and lower triangular components via
Gaussian elimination (this step can be computationally intensive).

1 0 0 0
1
L_ | T 1 00
- 1 _ 1 1 0
4+ X T—6AF A2
2 —6+) —6+A 1
A+ T—6A+AZ 6—6AFA2
and
4— )\ -1 -1 -2
0 T—6A4)\? 1 6—\
4—X SV VY
U= 0 0 12—1824+8A2—\3 _12-8A4A?
T—6AFAZ T—6A+AZ
0 0 0 A(24—-10A4)%)
T 6—6A+A2

The determinant of A equals the determinant of U which is the product of
the diagonal elements.

det (AAT —AI) = det(U)
_ 2 _ 2 3
_ (4_)\)<7 6)\—1—)\)(12 18>\+8)\2 )\)
4— A 7—6A+ A
A (24 — 101 + %)
>< —
6 — 6X 4+ A2

which simplifies as
det (AAT — AIy) = —48X\ + 44)% — 12)° + \*

Of course, the roots of this equation are the eigenvalues of A.
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A.7.2 Identities

Below the notation |A| refers to the determinant of matrix A.

Theorem 8 Covrs Dun

where A=Y and D~ exist.

| =1
|

Since the determinant of a block triangular matrix is the product of the
determinants of the diagonal blocks and the determinant of the product of
matrices is the product of their determinants,

{ Amxm Bun H: A||D— CA-'B| = |D||A- BD-'C|

Proof.

Q
O W

0 I A7'B

I 0 D-CA'B
B A—BD7C 0
D D~'C I

A
C
1
0

Am m Bm n _q 1

H Crrm Do H = [A[[|I]|D - CAT'B| = |D||I||A = BD™C] 1]
= |A||D-CA™'B|=|D||A- BD'C|

]

Theorem 9 For A and B m X n matrices,

|I. + A"B| = |I, + BA"| = |I, + BT A| = |I,,, + AB"

Proof. Since the determinant of the transpose of a matrix equals the de-
terminant of the matrix,

L+ ATB| = |1+ ATB)"| = |1 + B" 4]

From theorem 8§,

[ o P H —|I||I + ATIB| = |1||I + BIAT|. Hence,
|1+ ATB| = |1+ BAT| = |(1+ BAT)"| = |1+ AB"| m

Theorem 10 For vectors x and vy, |I + xyT| =1+yTx.

Proof. From theorem 9, [I + 2y | = [T +y"z| =1+ y"z. m

Theorem 11 [A,, ., + myT’ = |A] (1 + yTA_la:) where A1 exists.



C=l

l

A.7 Some determinant identities

I —A" 1z I -z
0 1+yfA 2z | |0 1

= |A] (1+yTA71x)
I —x A+zly” 0
0 1 T o1
1|A+xyT‘

49

A+zlyT 0
1yT 1

J
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A.8 Matrix exponentials and logarithms

For matrices A and B, where e = A, then B = In A. Further, the matrix
exponential is
B _ P
e = Z kyB
k=0

Suppose the matrix A is diagonalizable.
A=SAS™!

where A is a diagonal matrix with eigenvalues of A on the diagonal. Then,

A=S"1AS
and
InA = SlnAS™!
[e’e) 1 .
o= 3 ES(lnA)k S
k=0
In A\ 0 e 0
0 Inhy --- 0
whereln A = . . ) . From this result we see the log-
0 0 -+ In A,

arithm of a matrix is well-defined if and only if the matrix is full rank (has a
complete set of linearly independent rows and columns or, in other words, is
. . 1 0 0 0 0 0
invertible). For example, In { 01 } =Q { 0 0 } QT = { 00 ] where
Q is any 2 x 2 orthogonal matrix (QQT = QTQ = I).

If A is not diagonalizable, then we work with its Jordan form and in
particular, the logarithm of Jordan blocks. A Jordan block has the form

A1 o0 0
0 A 1 0
B—|0 0 X 1 0
0 0 A 1
0 0 0 A

where A is the repeated eigenvalue. This can be written

Ao

o)
Il
>
o O S O =
—
>
L
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0 At 0 0
0 0 X' ... 0
where K = | 0 0 0 A0 . Since ln(l—l—x)::c—z—;—l—
0 0 0 X!
0 0 0 0
.’.L‘B Z4
5 — &+, we have
InB = InA(I+K)
= InA+In(I+K)
K2 KS K4
= ImM+K——+F+ — — — +--.
n + 5 + 3 1 +

This may not converge for all K. However, in the case B = [ (1) 1 },

K= [ 8 (1) } and we know from the discussion of generalized eigenvectors

K? (as well as higher powers) = { 8 8 ] Hence,

O =
—

—_ =B
\_lw

Il Il
l—|l—|E‘
OO OO >

|

o~ oo +

|—|;|N
_|_
—
o O
O =
[
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Appendix B

Iterated expectations

Along with Bayes’ theorem (the glue holding consistent probability as-
sessment together), iterated expectations is extensively employed for con-
necting conditional expectation (regression) results with causal effects of
interest.

Theorem 12 Law of iterated expectations
ElY]|=Ex[E[Y | X]]
Proof.

Bx[EY |X] = [ BIY|X|/(@)ds

A

By Fubini’s theorem, we can change the order of integration

/: l/yyyf(ylz)dyl [ (z)de = yyy [/:f(ylx)f(x)dx] dy

yf(y| =) dy] f(z)dz

The product rule of Bayes’ theorem, f (y | z) f () = f (y,x), implies iter-
ated expectations can be rewritten as

Ex (X = [y V:ﬂy,x)dx] dy

This is page 53
Printer: Opaque this
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Finally, the summation rule integrates out X, fff (y,z)dx = f(y), and
produces the result. B

<

EX[E[Y\XH:/ yf (y)dy = E[Y]

<
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B.1 Decomposition of variance

Corollary 1 Decomposition of variance.

Var|[Y] = Ex [Var[Y | X]|+ Varx [E]Y | X]]

Proof.
Var[y] = E[Y?] - B[]
= Ex[BE[Y?|X]]-Ex[ElY|X]
Varly] = Ex[E[Y?|X]]-E[]?
- EX[VarY|X +E[Y|X]]_EX[E[Y|X]]2
= Ex[Var[Y | X]| + Ex [EIY | X| - Ex [E]Y | X))
VarY] = Ex[Var|Y | X]]4+ Varx [E[Y | X]]

The second line draws from iterated expectations while the fourth line is
the decomposition of the second moment. m

In analysis of variance language, the first term is the residual variation
(or variation unexplained)and the second term is the regression variation
(or variation explained).
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B.2 Jensen’s inequality

For any concave function g (z), E [g (x)] < g (E[z]). Likewise, for any con-
vex function h (x), E [h(x)] > h (E [z]). Hence, utility functions exhibiting
concavity characterize risk aversion or positive risk premia while utility
functions exhibiting convexity characterize risk-seeking preferences or neg-
ative risk premia.

Further, Jensen’s inequality tells us the geometric mean, G (x), is less
than or equal to the arithmetic mean, A (x), with equality only when all
outcomes are the same.

=1

@)= <A@ =Y pa
=1

To see this result, let g () be the logarithm (a monotone increasing, concave
function) for z nonnegative (if any x; = 0 then the inequality is trivially
satisfied as the geometric mean is zero if any z; = 0)

sz Inz; <g(E anpm

Wi

Let p; = % where w = > | w;, then

Z—lnxl < an—xz

i=1

To recover geometric and arithmetic means exponentiate (a monotone in-
creasing function) both sides

n
Lo w;
s =em < fr=Aw

N
Il
-
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Multivariate normal theory

The Gaussian or normal probability distribution is ubiquitous when the
data have continuous support as seen in the Central Limit theorems and
the resilience to transformation of Gaussian random variables. When con-
fronted with a vector of variables (multivariate), it often is sensible to think
of a joint normal probability assignment to describe their stochastic prop-

. X
erties. Let W = 7 } be an m-element vector (X has m; elements and

Z has mgy variables such that m; +mso = m) with joint normal probability,
then the density function is

fw (w) = WGXP [; (w— )" 7" (w— p)

_ | Bx
: [ Hz ]
is the m-element vector of means for W and

E:{EXX EXZ:l

where

Yzx XYzz

is the m x m variance-covariance matrix for W with m linearly independent
rows and columns.

Of course, the density integrates to unity, [y [, fw (w)dzdz = 1. And,
the marginal densities are found by integrating out the other variables, for

example, fx (z) = [, fw (w)dz and fz () = [y fw (w) dz.

This is page 57
Printer: Opaque this
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Importantly, as it unifies linear regression, the conditional distributions
are also Gaussian.

frelz=2 = Lot

I
~ N(E[X|Z=2,Var[X]|Z2])

where

EIX|Z=z=px +3xz555 (2 — uz)
and

Var (X | Z] = Sxx — Ex2%,,52x
Also,
fzz| X=2)~N(FE|[Z|X=x],Var[Z | X])

where

E[Z| X =a]=pg +EzxExk (= — pix)
and

Var[Z | X] =227 — YzxXxxZxz

From the conditional expectation (or regression) function we see when the
data are Gaussian, linearity imposes no restriction.

EZ|X =a]=py+ x5y (@ — px)
is often written

EZ|X=2] = {pz—SzxIxkix}+ {SzxS%xa}
a+ 6Tz

where « corresponds to an intercept (or vector of intercepts) and ﬁT:E
corresponds to weighted regressors. Applied linear regression estimates the
sample analogs to the above parameters, « and .
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Next, we develop more carefully the result for fx (z | Z = z); the result for
fz (z ] X = ) follows in analogous fashion.

fw (w)
fz (2)

T w—
G e [~ w =) =7 (w - )]

fx (@] 2)

W exXp [—% (z — ,UZ)T EEIZ (z = /lz)}
1
(2m)™ "2 [Var [X | 2]/

X exp [; (z—E[X|2) " Var[X | 2] (- E[X | Z])}

The normalizing constants are identified almost immediately since

2m)™2 (o) (mitma)/2 /2
mo/2 = mo /2 :(271—)
(2m)™/ (2m)™/

for the leading term and by theorem 1 in section A.6.2 we have
S| =[Sz |[Exx — Sxz37,2zx|

since X x x, Yzz, and X are positive definite, their determinants are positive
and their square roots are real. Hence,

1 1
5| _[S2z1? |Exx — Ex2Y535zx]”

1 1
|Xzz|? |Xzz|?
1
= |Zxx - ExzE7,%zx]?
= |Var[X | Z]?

This leaves the exponential terms
=) T2 (g —
exp [—3 (w—p) (w—p)

exp | =3 (2 = 12)" B74 (2 = )]

— e H (w5 =)+ 5 (=~ ) 57 (5~ )

which require a bit more foundation. We begin with a lemma for the inverse
of a partitioned matrix.
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Lemma 1 Let a symmetric, positive definite matriz H be partitioned as

A BT
B
matrices (their inverses exist). Then,

} where A and C are square ny X ny and ng X ng positive definite

1

H (A-BTC'B)~ ~A"'BT (C - BA~'BT)™
| —Cc'B(A-BTC'B)" (C - BA-'BT)™

[ @-BTc'B) —(A-BTC-'B) ' BTC!
| —Cc'B(A-BTC'B)" (C - BA-'BT)™!

[ (a-BTcB)! —A~'BT (C - BA='BT) !
| -(c-BA'BT) ' BA™ (C—BA-1BT)™!

Proof. H is symmetric and the inverse of a symmetric matrix is also sym-
metric. Hence, the second and third lines follow from symmetry and the
first line. Since H is symmetric, positive definite,

H = LDLT
B I 0 A 0 I A'BT
o BA™Y T 0 C—BA BT 0 I
and
H—l _ (LT)il D—lL—l

_[1 —ABT ][ AT! 0 I 0
Lo a 0 (C-BA'BT)' || -BA! I

Expanding gives

H'=

b —A~'BT (C - BA—'BT) " ]
—(C—BA™'BT)' BA~! (C-BA-'BT)™!
where

X=A'4+A'B"(C-BA'B") 'BA = (A-B"Cc'B)”"
The latter equality follows from some linear algebra. Suppose it’s true

(A-B"C'B) ' = A '+ A47'BT (C-BA'B") ' BA™!
pre- and post-multiply both sides by A
A(A-BTC™'B) " A=A+B"(C-BA'B")'B

post multiply both sides by A~! (4 — BTC~!B)

A = (A-B'C7'B)

+B" (C—BA'B") ' BA™!' (A- BTC'B)
0 = —B"C'B+B"(C—BA'B")"'BA™!'(A-B'C"'B)
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Expanding the right hand side gives

0 = —B"C'B+B"(C-BA'B")'B

~BT(C-BA™'B")"' BA"'BTC™'B

Collecting terms gives

0=-B"C"'B+B" (C—-BA'B")"' (I-BA™'BTC™")B

Rewrite I as CC~! and substitute

0=-BTC'B+B" (C-BA'B") "' (CC™' —=BA'B"C"")B

Factor

— —BT"C'B+B"(C-BA'B")"' (C-BA'B")C'B

= —-BTCc'B+BTC'B=0

This completes the lemma. m

Now, we write out the exponential terms and utilize the lemma to sim-

plify.

1 _ 1 _
exp [—2 (w— )" S (w—p) 4 1 (2 )" S

T T
[ @) =) ]
= exp{ x [ 712);1)(.271 _Z)_(lx.glzXZzle }
_ZZZZZXZ{()QZ . E%Z»X
+3(z—pz) Bzz (2 —p.)
T e
(z — '“TX) 1ZX1X-Z (z —1,MX)
—(z— ﬂX)T Yxx.z5x2857 (2 — tiz)
- — (2= pz) EEI%EZXE;(%X-Z (z—px)
+ (2 — ,MZ)TZZIZ.X (z —pz)
+% (2 — pz) 2212 (z = p2)
T @
(x — NTx) 1EX1X-Z (z _lﬂx)
= exp L e C ”X)T Z%X~ZZXZ?EZ (z —pz)
2| —(2— ,UZ)TEEZ?ZXE)_(XiZ (= px)
+(z—nz) (Zzzx ~zz) (2 = hz)

N[ =

- uz)]

_x—ﬂx}
L 2~ Hz

where Exx.z = Exxfzxzzglzzzx and ZZZ-X = Zzzfzzxz)_&xzxz.

From the last term, write

-1 -1 _ yv—1 -1 -1
ZZZ-X - ZZZ = ZZZEZXEXX-ZZXZZZZ
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To see this utilize the lemma for the inverse of a partitioned matrix. By
symmetry

N7252x8xx.2 = Szz.xT2xSxx
Post multiply both sides by Y x 7%, and simplify

S7252xSxx.25x2577 = SzpxSzxSxxSxz¥zy
= Supx (22 - %22.x) 55y

-1 -1
= Yyzx —Yzz
Now, substitute this into the exponential component

(z — HX)T 2}1)(-2 (- px)
—(z - MX)T E;(lx.ZEXZEElZ (z—pz)
—(z— ﬂz)T EEEEZXZ)_(lX-Z (z —px)
+(z = pg)" Y222 2xExx.25x 257 (2 — ii7)

1
exXp § — 5

Combining the first and second terms and combine the third and fourth
terms gives

expd —% (o= )" ¥z (@ = nx = D277 (=~ 12))
— (2= nz) BzzYzxYxix.z (v = nx — Yxz¥gy (2 — py))

Then, since
_ _ T
(z — :U'X)T - (z— MZ)T EzleZX = (35 “Hx — EXZEzlz (z— HZ))

combining these two terms simplifies as
1 T 1 _
exp —§($—E[$\Z—Z]) Yyxxz@—FElx|Z=2z])

where E [z | Z = 2] = uxy—Yx2z%,5 (2 — puz). Therefore, the result matches
the claim for fx (z | Z = z), the conditional distribution of X given Z = z
is normally distributed with mean E [x | Z = z| and variance Var [z | Z].
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C.2 Special case of precision

Now, we consider a special case of Bayesian normal updating expressed
in terms of precision of variables (inverse variance) along with variance
representation above. Suppose a variable of interest z is observed with

error
Y=2+¢

1
Z'NN<[,LI,0'3_>
Tx

1
€NN<0,O'§= )
TE

¢ independent of =, 0’? refers to variance, and 7; refers to precision of
variable j. This implies

where

and

var[ 7] - Bl —w?]  BUY - m) @ p)]
! Bl —p) (Y = 1)) E|@=pm)]
02 +02 o2
_ [ e U]

Then, the posterior or updated distribution for = given Y = y is normal.
(z|Y=y)~N(EFE[z|Y =y],Var[z|Y])

where
2

g
Elz|Y =y = _ % _
[z | Y] [y + P (y — 1)

o, + 02y
02+ o2
TIlu’a: + TEy
Te + Te

and

(02)”

02 + o2

02 (0% + 02) — (02)°
02 4 o2

2 .2

029¢

2 1 52
oz +0¢

Varlz |Y] = o2 —

Ty + Te
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For both the conditional expectation and variance, the penultimate line
expresses the quantity in terms of variance and the last line expresses the
same quantity in terms of precision. The precision of z given Y is 7,y =
Ty + Te.
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Suppose we have a continuum of states that map one-to-one into an un-
bounded random variable, , with mean ; and variance o2. Our natural
(maximum entropy) probability assignment for x is a normal distribution
with mean g and variance o2. The density function for z is

_ 1 (z—p)?
f (@)= QMGXP[* 552 }, —o0o < r <00
Suppose we have information that partitions the states, and therefore z,
into two regions around ¢ creating two truncated distributions for x. The
density functions are

f(m|m<t):mexp{—(z2;‘;)2}, —co <<t
and
—11)?
f(x|t<x):mg[ljF(%”exp[—(za’é)], t<z<oo

where F'(-) is the cumulative standard normal distribution. Of course, the
rescaling by F'(-) normalizes each distribution such that it integrates to
one over the region of support.

Often we're interested in the expected value and, possibly, variance of
the truncated outcome random variable z. First, we state the result then
provide brief derivations followed by a numerical example.

Let

—oco< <t

and

u(t):%, t<zx<oo

where ¢ (-) is the standard normal density function with mean zero and
variance one. Then,

Elz|lz<t] = p+ol(t)
_ ¢ (54
SRR
and
Elz|z>t] = p+ou(t)
¢ ("

Il
=
+
Q

~—~|a



66 Appendix C. Multivariate normal theory

Notice, iterated expectations produces the mean of the untruncated random
variable.

BB = F(T)E[m|x<t]+{lF(T)]E[z|z>t]
A5 ki)
e ()]

o
= p

Variances for the truncated distributions are

Varle |z <f = o [l—é(t) (e@)-““)]

= o2 1+?((5:)) (_?iizu))_t;u)]
and
Varjz|z>1t] = ”2[11‘@)(“@):#)}
(¢

- ot ()

To derive these results it’s convenient to transform variables. Let z =
L or x = oz~ p so that de = odz and f (z)dx =of (2)dz = ¢ (2)dz =

\/% exp [—Z—;} dz.

E[x|1:<t]F(;l_u)/ xf (x)dz

Now, transform from z to z and utilize [ zexp {—%} dz = —exp [—z—;}
1 t;u
Ep|le<f] = F(Z,#)/_oo (02 + ) 6 (2) dz
= F(;l;“) {,u/o: ¢(z)dz+o 7; zd)(z)dz}
_OF(5M) oe() |
O
¢ (5
e
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Similarly, the upper support expectation is

Eple>f] = %_M)/m (02 + 1) & (2) dz

- F(E)" T 1oF (B
- ¢ (12)
- TR (B
= p+oul(t)

Variances of the truncated distributions involve

Var[x|x<t]:/ 2f (x)de — Elz |z <t

and -
Var[x|:c>t]:/ 2f (z)de — Elz |z > 1)’
t

As we have expressions for the truncated means, we focus on the second
moments and then combine the results.

El2* |z <t] = M/_mef(m)dx
1 = )
= e ) (oz+4p)" ¢ (2)dz

t—p

= Tﬂ) /_; [02z2 + 20uz + /f] ¢ (2)dz

t—p 2 iop
= u? QU;L?((tfH)) + F((i_—“) [m 22¢(2)dz

Focusing on the last term, integration by parts produces

/_Z z2¢(z)dz = [:z[z¢(z)]dz
— —26(2) tgﬁ—/_:—mfz)dz

() ()
g g g
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Hence,

E[m2|m<t] = u°—20p

and

Il
=
[\
+
)
[\
+
)
[\
~
=

Var[z |z <t

t+

= P+l +a%(t) .

— (1 + 20t (1) + % (1)

= 4o (t) t%“ ~ (200t () + % (1)?)

_ 02{16@) [N)tauH

Variance for upper support is analogous.

1 0o
E[l‘2|l‘>t} = ]MZ xzf(m)dx
1 0o
B 1—F(t_’)/ (02 + 1) ¢ (2) d
= ]M/: [0222+20M'Z+M2} ¢(Z)d2:

o)
= M2+20N1—F(tg”)+1—F(tJ“)/t 22¢(2)dz

Focusing on the last term, integration by parts produces

[OO 2¢(2)dz = [oob z[z¢ (2)] dz

Lk
o o

26 [ - [ —6()ds

o

() e ()
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Hence,
Elz*|z>t] = u?+20 g
S =
o? t— [ t—p t— [
1-F
+1F(t;f‘){ S e (5
t—
2 2 2 ¢(T) ttp
= +o°+o
g 1-F(55) o
t
= ,u2+cr2+02u(t)ﬂ
o
and
t
Var[z |z >1t] = u2+02+02u(t)ﬂ—(u+au(t))2
t+p

= 2402 +%u(t)
- (/ﬁ + 2uou (t) + o*u (t)2>

= o2+ c%u(t) tt% — (2,uau (t) + o*u (t)2>

_ 02{1—u(t) [u(t)—t;”]}

The various components are connected via variance decomposition.

Var[z] = Ey[Var [z | t] + Vary [E [z | t]]

where

B [Varle|{]] = F(t_“>a2{1e(t) e(t)t_“”

69
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and
Van Bleld] = F(8) bt ot -l
+@F<ﬂjﬁ>m+amwm2
= () etr (17 (52 outer
(e (55 )
= () e +u)
Then,

Varlz] = Ei[Varlz|t]]+ Var [E[z | ]
= s (1) - )
2 (-1
+o%0 (1) (e + ulo)

Example 13 Suppose x ~ N (i = 10,0 = 2) and the distribution is trun-
cated at t = 5. The density function at lower support is

_ 1 (z—10)?
and at upper support is
z—10)2
f(z|x>5):mexp[f%}, bh<a<oo

Means of the truncated random variable are

Elz|z <5 = p+ol(t)
&0
= 10-223 2
F(25%)

= 4.35451
and

Elzg|z>5 = p+ou(t)

_ ¢ (*52)

10.03528
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Tterated expectations provides a consistency check.

E[E x| t]]

= 10

Variances of the truncated random variable are

Varlz |z <5 = {16 [ “”
1

-1 -1
= (0.00621)4.35451 + (0.99379) 10.03528

) 0(59) [ 6(552) 5-10
- 4{”F<2°> TFEN) 2
= 0.3558952

and

Var[e |z >5 = 02{1—u(t) [u(t)—t_“]}

¢ (>5°)
= 4{11_F(5_10)

¢ (°52)
2
= 3.822377

2

Variance decomposition provides a consistency check.

Var[z] = E [Var [z | t]] + Var, [E [z | t]]

t_,L) 02{112@) {é(t)tt_yu]}
t;>>oz{1—u<ﬂ”

E Var[z|t] = F

Q

+|1-F

U\
,_.
O

- F (50

)

(>3
(5 10
4

1-F

¢
F
=)
(3510

0(352)

xX<1—

(

(1=
_ F(5 10>4{

(- (5

{ ¢ (

(5 10)

= 3.800852

()

=)
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and
Var [Elw | 4] - F<t<_rﬂ) W(t”2+<1_F(t;M
- P (3 (-22)]
(1-r(55)) [

= 0.199148

Thus, we have

Var [z] E,[Varz |t]] + Var,[E [z | ]
3.800852 + 0.199148

4




Appendix D

Projections and conditional
expectations

D.1 Gauss-Markov theorem

Consider the data generating process (DGP):

Y=X3+¢
where ¢ ~ (0,0%I), X is n x p (with rank p), and E [XTe| = 0, or more
generally F [e | X] = 0.

The Gauss-Markov theorem states that b = (XTX)_1 XTY is the min-
imum variance estimator of § amongst linear unbiased estimators. Gauss’
insight follows from a simple idea. Construct b (or equivalently, the resid-
uals or estimated errors, ¢) such that the residuals are orthogonal to every
column of X (recall the objective is to extract all information in X useful

for explaining Y — whatever is left over from Y should be unrelated to
X).

XTe=0
where e =Y — Xb. Rewriting the orthogonality condition yields
X (Y —Xb)=0

or the normal equations
XTxp=X"y
Provided X is full column rank, this yields the usual OLS estimator

b= (XTx)"' XTY

This is page 73
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It is straightforward to show that b is unbiased (conditional on the data
X).

E[b|X]

E[(X7X)" X"V | X]

E {(XT)()”XT (XB+e) | X}
= B+ (XTX) ' XTE[|X]=8+0=7

Tterated expectations yields E'[b] = Ex [E[b| X]] = Ex [f] = 5. Hence,
unbiasedness applies unconditionally as well.

Var[b| X] = Var [(XTX)’1 xTy | X]
— Var [(XT)()‘1 XT(XB+¢) | X}
_ _ T
_ E {{5 +(XTX) 7 XTe = g {(XTX) T X e} | X]
— (XTX) ' XTE[e"] X (X7X)
= 2 (XTX) XTIX (XTXx) "
- 2 (xTx)"
Now, consider the stochastic regressors case,
Var[b) =Varx [E[b]| X]]+ Ex [Var[b | X]]

The first term is zero since E [b | X] = 8 for all X. Hence,
Var[b] = Ex [Var[b| X]] = 0*E [(XTX)‘l]

the unconditional variance of b can only be described in terms of the average
behavior of X.

To show that OLS yields the minimum variance linear unbiased esti-
mator consider another linear unbiased estimator by = LY (L replaces

(XTX) "' X7T). Since E[LY] = E[LXB + Le] = 8, LX = I.
Let D=L — (XTX) ™" X7 so that DY = by — b.

Varlo | X] = o [D+ (X7X) " XT| [D+ (x7X) " XT]T
o DDT+(XTX)"' XTDT 4+ DX (XTX)"
- +(XTX) T XTX (XTx)

Since .
LX=1=DX+(X"X) X"X,DX=0
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and

Var by | X] = o (DDT + (XTX)_l)

As DDT is positive semidefinite, Var [b] (and Var[b| X]) is at least as
small as any other Var [bo] (Var[bg | X]). Hence, the Gauss-Markov theo-
rem applies to both nonstochastic and stochastic regressors.

Theorem 14 Rao-Blackwell theorem. If e ~ N (O, 021) for the above DGP,
b has minimum variance of all unbiased estimators.

Finite sample inferences typically derive from normally distributed errors
and t (individual parameters) and F (joint parameters) statistics. Some
asymptotic results related to the Rao-Blackwell theorem are as follows.
For the Rao-Blackwell DGP, OLS is consistent and asymptotic normally
(CAN) distributed. Since MLE yields b for the above DGP with normally
distributed errors, OLS is asymptotically efficient amongst all CAN esti-
mators. Asymptotic inferences allow relaxation of the error distribution and
rely on variations of the laws of large numbers and central limit theorems.
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D.2 Generalized least squares (GLS)

For the DGP,
Y=XB+c¢

where ¢ ~ N (0,X) and ¥ is some general n x n variance-covariance matrix,
then the linear least squares estimator or generalized least squares (GLS)
estimator is

bors = (X7 1x) T XTs Y

with
Var bars | X] = (X7 1x) ™"

If ¥ is known, this can be computed by ordinary least squares (OLS)
following transformation of the variables Y and X via I'"! where I is a
triangular matrix such that ¥ = I'T?, say via Cholesky decomposition.
Then, the transformed DGP is

-ty = 1 'xg+4+rte
y = zb+e
where y = 'Y, 2 = I'"'X, and € = I'"'e ~ N (0,1). To see where the
identity variance matrix comes from, consider
Var [I7'¢] = T 'Warle] (I‘*l)T

- rin(@ Y’

= e (rY)’

= oot (o)

1

Hence, estimation involves projection of y onto x

Ely|z]=xb
where
b = (me)_l Ty
-1
= (xT()'rx) X7y
Since X! = (FFT)fl = (F’I)TF*I, we can rewrite

b= (X" 1x) T XTIy
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which is the GLS estimator for 8. Further, Var[b | X| = FE [(b —-B)(b— 5)T}

Since

b—8 = (XT2'X) ' XTe Y -8

= (XTS'X) T XTS T (XB4e) - 8

= (XT2'X) T XTSIXB -
+(XTE X)) T XIS e — 8

= B+ (XTnX) T XTR e - 3

— (X7 'X) T XTR e

Varb| X] = E{
E| '

(

(XT21X) T X e e X (X TR X) | X

(X7 X) T XTE B [T | X] X (X X))

= (XTe1x) T X7y ey X (XTRUlX)
(

XTxtx)™

as indicated above.
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D.3 Recursive least squares

Suppose the analyst expects a series of noisy signals that require filtering
to uncover the signals of interest, 3, where the DGP is

Y=XB+e | X~(0,V)

Instead of recalculating everything with each sample, the analyst can em-
ploy recursive least squares to achieve the same results. The idea revolves
around the design matrix, X;, Fisher’s information matrix, ¢, and weights
from the variance-covariance matrix, V;, for the period ¢ draw.

Ti,—1
Sy =S X VX,

where the components may be augmented with zeroes so that the matrices

conform.
Sy1 O 0 0
v,
o= %5t 0]+ x|

Let K; = %;IXI‘/TV[I represent the gain, Y; — X;b;_1 be the innovation,
_ _ _ -1 _
and by = ST XTV'Y = (XTVi'Xa) XV 'Y be the first sample
least squares estimate.! Then, the recursive least squares estimate is

by = b1 + Ky (Y; — Xiby 1)
where again b;_; may be augmented with zeroes to conform.

Example 15 (smooth accruals) Suppose the DGP for cash flows is

cfi = my+te
my = g my—1+¢&
the variance-covariance matriz, V, is diagonal, and v = 2=, mg and g

are known. Then, accruals;_1 and cf; are, collectively, suﬂ%cient statis-
tics for the mean of cash flows my based on the history of cash flows and

g Yaccruals, is an efficient statistic for my

[Milefi,...,cfi] = gt_laccrualst

1 numM
den, g2

cfi + ¢t WP dens_qaccrualsy_q }

where accrualsg = my, [ den, ] =Bt [ deng } = SAtS! [ ! ], B =
numy num 0
{ 1+02 2

g2 922 ] , A is diagonal matrix with the eigenvalues of B, and S is

LIf prior beliefs regarding B are informed then bp representing priors is included to
construct by in analogous fashion to other samples.
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a matriz of the corresponding eigenvectors for B. The variance of accruals
18 equal to the variance of the estimate of the mean of cash flows multiplied
by g>*=1); the variance of the estimate of the mean of cash flows equals the

coefficient on current cash flow multiplied by o2, Var [m,] = doniea o%. The
development employs recursive least squares. Let X1 = 711/ (a 2x1 ma-
triz), Xo = gy ¥ (a 2 X 2 matriz), X; = 0 - 0 gr —v
P02 0 1 P 0 -~ 0 0 1
(a 2 X t matriz with t — 2 leading columns of zeroes), Y1 = { _‘i?mo },
1

Y, = 0 , and Yy = 0 . The information matriz for a t-period
cfa cft

cash flow history is

S = ¢, + XX,
[ 1+ 02+ g%0? —gv? 0 0
—g? 1+12+ g2 —gu?
= 0 —g? —gv? 0
: . —gv? 1+124+¢%2 —qg?
i 0 e 0 —gv? 1+v%

a symmetric tri-diagonal matriz, where ¢_, is S¢—1 augmented with a row
and column of zeroes to conform with . For instance, 31 = [1 + 1/2] and
1 200 . . )
3§ = { —BV 0 } The estimate of the mean of cash flows is derived
recursively as
’fl\’Lt = T?L?_l + Kt (Zt — Xfffo_l)

for t > 1 where K; = S X[, the gain matriz, and m_, is My, aug-
mented with a zero to conform with my;. The best linear unbiased estimate

of the current mean is the last element in the vector my; and its variance is
the last row-column element of S;l multiplied by o2.

Example 16 (special case) Suppose g = v = 1 for the above DGP.
Then,

[melefi,...,eft] = accruals,

{Fycft + For—raccruals; 1}
Foqq

and variance for the most recent mean estimate (the tth element) is

Fy
Foia

Var [mi|cfi,...,cft], = o?

where Fy = Fy_1 + F;_o, the Fibonacci series.
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Appendix E
Two stage least squares IV (2SLS-1V)

In this appendix we develop two stage least squares instrumental variable
(2SLS-1V) estimation more generally. Instrumental variables are attractive
strategies whenever the fundamental condition for regression, E [¢ | X] = 0,
is violated but we can identify instruments such that E'[e | Z] = 0.

E.1 General case
For the data generating process
Y=XB+¢
the IV estimator projects X onto Z (if X includes an intercept so does

), X =2 (ZTZ)_1 ZT X, where X is a matrix of regressors, and Z is a
matrix of instruments. Then, the IV estimator for 3 is

o ~\ — 1
IV — (XTX> XY

Provided E[e | Z] = 0 and Var[e] = 021, bV is unbiased, E [b'V] = 3,
oy -1
and has variance Var [0V | X, Z] = o2 (XTX>
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Unbiasedness is demonstrated as follows.
~ o ~\ 1~
pIv = (XTX) Xy

(£7X) T RT(XB+e)

= (x7z(272)" 2" 2(2"2)" ZTXY1 XT7(Z272) 27 (XB + <)
= (x7z(272)" 2" x) - (x7z(272)" 27X) 8

o ~\ — 1
+(XTX) X7

g+ (X7X) TR,

Then,

EPY | X, 2] E [ﬁ T ()?T)?) TRT, | X, Z}

— B+ ()?T)?)_l)?TE | X, Z]
= B+0=4

By iterated expectations,
EDYV]=Exz [EDpY |X,Z]] =8
Variance of the IV estimator follows similarly.
Var bV | X,2] = B[tV - 8) (' - 8)" | X, 2]
From the above development,
bV 5= (X7X) X7

Hence,

=

Var 'V | X, 2] = {()?T)?)_l XTec™ X ()?T)?)_l | X, Z}
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E.2 Special case

In the special case where both X and Z have the same number of columns
the estimator can be further simplified,

vV = (Z27Xx) " 2Ty

To see this, write out the estimator

oy~ 1
pVo = (XTX) Xy

= (x7z(272)" 2" x) U XTz(272) " 2Ty

Since XTZ and ZT X have linearly independent columns, we can invert
each square term

vV = (Z7X)T Z72(XT2) T XTZ (27 2) 2Ty
= (Z"x)' 2Ty

Of course, the estimator is unbiased, F [bI V] = (3, and the variance of the
estimator is

Var [V | X, Z] = o ()?T)?)_l

which can be written

Var V'V | X, 2] = 0> (27X) ' 272 (x"2) "

in this special case where X and Z have the same number of columns.
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Appendix F
Seemingly unrelated regression (SUR)

First, we describe the seemingly unrelated regression (SUR) model. Second,
we remind ourselves Bayesian regression works as if we have two samples:
one representative of our priors and another from the new evidence. Then,
we connect to seemingly unrelated regression (SUR) — both classical and
Bayesian strategies are summarized.

We describe the SUR model in terms of a stacked regression as if the
latent variables in a binary selection setting are observable.

r=Xpg+e¢
where
U+ W 0 0 0 Vb
r=1| Y |, X= 0 Xy O ,B=1| 081 |,e=| V1 |,
Yy 0 0 X5 B Vo
and

e~ N©O,V=XQI,)
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1 op1 opo
Let X = | op1 o011 010 |,a3x3 matrix, then the Kronecker product,

opo 010 000
denoted by @), is

I, opil, opoln

V = EQRL,=| opiln ouln oi0ly
UDOI’n UlOIn UOOIn
1 -~ 0 opy - 0 opy --- 0 ]
0o .- 1 0 - opi 0 - opo
op1 - 0 oy -+ 0 o - 0
0 ... JDl O DY 0—11 O DRI 0-10
O-DO ... 0 0'10 DRI 0 O-OO DRI 0
L 0 ... O'DO O DY O’lo O DRI 0'00 i

a 3n x 3n matrix and V-1 =271 ® I,,.

F.1 Classical

Classical estimation of SUR follows generalized least square (GLS).

B=(XT(2'QL)X) X" (S QL)

and
Var [B} = (XT (2 Q1) X) !

F.2 Bayesian

On the other hand, Bayesian analysis employs a Gibbs sampler based on
the conditional posteriors as, apparently, the SUR error structure prevents
identification of conjugate priors. Recall, from the discussion of Bayesian
linear regression with general error structure the conditional posterior for

Bisp(B|X,y;60,8) ~ N (B, Vg) where

J— 71 o~
3 (XT3 X + X781 X) (ngglxoﬁo + XT2—1X5)

1 R
(251 n XTE”X) (2;150 n XT2*1X5)
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B=(xTelx)" XTxly
and

Vo= (XIS X+ XTnx) T

= (5 + XTZ*lX)_l

F.3 Bayesian treatment effect application

For the application of SUR to the treatment effect setting, we replace y with
r = [ U vy 5 }T and Y71 with (E’1®In) yielding the conditional
posterior for 8, p (8 | X,y; 8y, 25) ~ N (BSUR,V;UR) where

BV = (XTI X+ XT (3T QL) X)
x (XTS5 Xy + XT (ST QL) X5 )
-1 N
= (S HXTEQL)X) (S8 XT (ST ®L) X )
BT (XT (2 ®L) X) ' XT (2T QL)
and
VEUR = (XIS X+ XT (ST @) X)

(Z+X (' QL) X)



88 Appendix F. Seemingly unrelated regression (SUR)



This is page 89
Printer: Opaque this

Appendix G

Maximum likelihood estimation of
discrete choice models

The most common method for estimating the parameters of discrete choice
models is maximum likelihood. The likelihood is defined as the joint density
for the parameters of interest 6 conditional on the data X;. For binary
choice models and D; = 1 the contribution to the likelihood is F (XtT 9) ,
and for Dy = 0 the contribution to the likelihood is 1—F (X{ 0) where these
are combined as binomial draws and F' (X{ ) is the cumulative distribution
function evaluated at X[ 0. Hence, the likelihood is

L(0)X) = HF (xTo)” [1 - F (x70)] "
The log-likelihood is
((01X) =logL (0| X) = Z Dylog (F (X['0)) + (1 — Dy)log (1 — F (X7'6))

Since this function for binary response models like probit and logit is glob-
ally concave, numerical maximization is straightforward. The first order

conditions for a maximum, max ¢ (0| X) , are
0
S(XTO)Xie  (1-Do)f(X{0) Xui

; (XTe) 1-F(X[0)

=0 i=1,....k

where f (-) is the density function. Simplifying yields

[P F(XTO)F(XE0) X0 _ (.
; (XTG)[l F(X70)] =0 i=1,...,k



90 Appendix G. Maximum likelihood estimation of discrete choice models

Estimates of 8 are found by solving these first order conditions iteratively
or, in other words, numerically. R
A common estimator for the variance of 0, g is the negative inverse of

R 11
the Hessian matrix evaluated at 0y, [—H (D,Hﬂ . Let H(D,#) be

the Hessian matrix for the log-likelihood with typical element H;; (D, ) =
9%44(D,0) 1
897;89]' :

IDetails can be found in numerous econometrics references and chapter 4 of Account-
ing and Causal Effects: Econometric Challenges.
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Appendix H

Optimization

In this appendix, we briefly review optimization. First, we’ll take up linear
programming then we’ll review nonlinear programming.'

H.1 Linear programming

A linear program (LP) is any optimization frame which can be described
by a linear objective function and linear constraints. Linear refers to choice
variables, say x, of no greater than first degree (affine transformations which
allow for parallel lines are included). Prototypical examples are

max Twx

x>0

st. Az <r
or

min 7Ty

x>0

st. Ax>r

1For additional details, consult, for instance, Luenberger and Ye, 2010, Linear and
Nonlinear Programming, Springer, or Luenberger, 1997 Optimization by Vector Space
Methods, Wiley.
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H.1.1 basic solutions or extreme points

Basic solutions are typically determined from the standard form for an
LP. Standard form involves equality constraints except non-negative choice
variables, > 0. That is, Az < r is rewritten in terms of slack variables,
s, such that Ax + s = r. The solution to this program is the same as the
solution to the inequality program.

A basic solution or extreme point is determined from an m x m submatrix
of A composed of m linearly independent columns of A. The set of basic
feasible solutions then is the collection of all basic solutions involving x > 0.

Consider an example. Suppose A = [ 21 ], r= [ " }, T = [ 1 }

1 2 T2 X2

S1

and s = [ } Then, Az + s = r can be written Bxy; = r where B =

52
[ A I ], I5 is a 2 x 2 identity matrix, and x, = { QSC . The matrix B

has two linearly independent columns so each basic solution works with two
columns of B, say B;;, and the elements other than ¢ and j of x, are set to
zero. For instance, B1s leads to basic solution z1 = 2”% and zo = %%
The basic solutions are tabulated below.

B;; z1 T2 s1 82

312 27"13—7“2 27“23—7’1 O O

Blg T2 0 r — 27‘2 0

By 3 0 0 Zrzon
T 2r;—r

By 0 2 Inon 0

Boy 0 71 0 r9 — 2771

To test feasibility consider specific values for r. Suppose r1 = 12 = 10. The
table with a feasibility indicator (1 (zs > 0)) becomes

Bij x1 w2 s1 So feasible
Bqs 13—0 13—0 0 0 yes
Blg 10 0 —10 0 no
Bl4 5 0 0 5 yes
ng 0 5 5 0 yes
By 0 10 0 —10 no

Notice, when x2 = 0 there is slack in the second constraint (s > 0) and
similarly when z; = 0 there is slack in the first constraint (s; > 0). Ba-
sic feasible solutions, an algebraic concept, are also referred to by their
geometric counterpart, extreme points.

Identification of basic feasible solutions or extreme points combined with
the fundamental theorem of linear programming substantially reduce the
search for an optimal solution.
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H.1.2  fundamental theorem of linear programming

For a linear program in standard form where A is an m x n matrix of rank
m,

i) if there is a feasible solution, there is a basic feasible solution;

ii) if there is an optimal solution, there is a basic feasible optimal solution.

Further, if more than one basic feasible solution is optimal, the edge
between the basic feasible optimal solutions is also optimal. The theorem
means the search for the optimal solution can be restricted to basic feasible
solutions — a finite number of points.

H.1.3 duality theorems

Optimality programs come in pairs. That is, there is a complementary or
dual program to the primary (primal) program. For instance, the dual to
the maximization program is a minimization program, and vice versa.

primal program dual program
max 7l min rTA
x>0 A>0

st. Az <r st. ATA>r

or
primal program dual program
min 7’z max rTA
>0 A>0

st. Ax>r st. AT A< r

where ) is a vector of shadow prices or dual variable values. The dual of
the dual program is the primal program.

strong duality theorem

If either the primal or dual has an optimal solution so does the other and
their optimal objective function values are equal. If one of the programs is
unbounded the other has no feasible solution.

weak duality theorem

For feasible solutions, the objective function value of the minimization pro-
gram (say, dual) is greater than or equal to the maximization program (say,
primal).
The intuition for the duality theorems is straightforward. Begin with the
constraints
Az <r ATA>n

Transposing both sides of the first constraint leaves the inequality un-
changed.
2T AT <¢T ATX>7x
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Now, post-multiply both sides of the first constraint by A and pre-multiply
both sides of the second constraint by z”, since both A and x are nonneg-
ative the inequality is preserved.

2T ATN<rTX 2TATN > 2Tr

T T

Since 77 is a scalar, 77 = 772. Now, combine the results and we have
the relation we were after.

ale <zTATA<rT)

The solution to the dual lies above that for the primal except when they
both reside at the optimum solution, in which case their objective function
values are equal.

H.1.4 example

Suppose we wish to solve

max 10z 4 12y
x>0

2 1 T 10
o 1))
We only need evaluate the objective function at each of the basic feasible

solutions we earlier identified: 10 g%)+12 (%) =22,10(5)+12(0) =50 =
1 0

139 "and 10 (0) + 12 (5) = 60 = 5%, The optimal solution is z =y = 12.

H.1.5 complementary slackness

Suppose x > 0 is an n element vector containing a feasible primal solution,
A > 0 is an m element vector containing a feasible dual solution, s > 0 is
an m element vector containing primal slack variables, and ¢ > 0 is an n
element vector containing dual slack variables. Then, x and A are optimal
if and only if (element-by-element)

zt =0

and

As =0

These conditions are economically sensible as either the scarce resource
is exhausted (s = 0) or if the resource is plentiful it has no value (A = 0).
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H.2 Nonlinear programming

H.2.1 wunconstrained

Nonlinear programs involve nonlinear objective functions. For instance,
max [ (z)
xT

If the function is continuously differentiable, then a local optimum can be
found by the first order approach. That is, equate the gradient (a vector of

partial derivatives composed of terms, agi‘?), 1 =1,...,n where there are
n choice variables, x).
Vfi(z*) = 0
9f (=)
811 0
0f () :
ox, 0

Second order (sufficient) conditions involve the Hessian, a matrix of second
partial derivatives.

9% f(x) 9% f(x)
Ox10x1 T 0x10xy,
H@)=| S
Pf) .. 9P
Oxp, 011 0%y, 0Ty,

For a local minimum, the Hessian is positive definite (the eigenvalues of H
are positive). While for a local maximum, the Hessian is negative definite
(the eigenvalues of H are negative).

H.2.2  convexity and global minima

If f is a convex function (defined below), then the set where f achieves its
local minimum is convex and any local minimum is a global minimum. A
function f is convex if for every x1, 2o, and o , 0 < a < 1,

flazi + (1 —a)z2) < af (z1) + (1 — ) f (22)
Ifx1 #29,and 0 < a < 1,
flazi + (1 —a)zs) <af (z1) + (1 —a) f(22)

then f is strictly convex. If ¢ = —f and f is (strictly) convex, then g is
(strictly) concave.
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H.2.3 example

Suppose we face the problem

min  f(z,y) =22 — 102 + y> — 10y + 2y
@,y

The first order conditions are

Vi(x,y) =
or
or _ 20 —10+y =0
ox
g = 2y—-10+z=0
dy

Since the problem is quadratic and the gradient is composed of linearly
independent equations, a unique solution is immediately identifiable.

HIAEH

orr=y= % with objective function value — % As the Hessian is positive
definite, this solution is a minimum.
2 1

Positive definiteness of the Hessian follows as the eigenvalues of H are
positive. To see this, recall the sum of the eigenvalues equals the trace of
the matrix and the product of the eigenvalues equals the determinant of
the matrix. The eigenvalues of H are 1 and 3, both positive.

H.2.4 constrained — the Lagrangian

Nonlinear programs involve either nonlinear objective functions, constraints,
or both. For instance,

ey S

st. G(x)<r

Suppose the objective function and constraints are continuously differ-
entiable concave and an optimal solution exists, then the optimal solution
can be found via the Lagrangian. The Lagrangian writes the objective func-
tion less a Lagrange multiplier times each of the constraints. As either the
multiplier is zero or the constraint is binding, each constraint term equals
zero.

sz(«f)_)\l[gl(l')_rl]_"'_)‘n[gn(x)_rn}
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where G (x) involves n functions, g; (z), ¢ = 1,...,n. Suppose = involves
m choice variables. Then, there are m Lagrange equations plus the n con-
straints that determine the optimal solution.

oL

or;, "

oL

a$7rz =0
Mg (@)—m] = 0
Anlgn (@) —=10] = 0

The Lagrange multipliers (shadow prices or dual variable values) repre-
sent the rate of change in the optimal objective function for each of the
constraints.

of (r*)
37"1'

A=

where r* refers to rewriting the optimal solution z* in terms of the con-
straint values, r. If a constraint is not binding, it’s multiplier is zero as it
has no impact on the optimal objective function value.?

H.2.5 Karash-Kuhn-Tucker conditions

Originally, the Lagrangian only allowed for equality constraints. This was
generalized to include inequality constraints by Karash and separately
Kuhn and Tucker. Of course, some regularity conditions are needed to
ensure optimality. Various necessary and sufficient conditions have been
proposed to deal with the most general settings. The Karash-Kuhn-Tucker
theorem supplies first order necessary conditions for a local optimum (gra-
dient of the Lagrangian and the Lagrange multiplier times the inequality
constraint equal zero when the Lagrange multipliers on the inequality con-
straints are non-negative evaluated at 2*). Second order necessary (positive
semi-definite Hessian for the Lagrangian at *) and sufficient (positive def-
inite Hessian for the Lagrangian at x*) conditions are roughly akin to those
for unconstrained local minima.

20f course, these ideas regarding the multipliers apply to the shadow prices of linear
programs as well.
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H.2.6 example

Continue with the unconstrained example above with an added constraint.

min f (z,y) = 2% — 10z + y? — 10y + 2y
zy
s.t. zy > 10

Since the unconstrained solution satisfies this constraint, zy = % > 10,
the solution remains x =y = %
However, suppose the problem is

min  f(z,y) =22 — 102 + y> — 10y + 2y
T,y
s.t. zy > 20

The constraint is now active. The Lagrangian is
L=2%—10z +y*> — 10y + zy — A (zy — 20)

and the first order conditions are

VL=0
or
oL = 2z -10+y—Ay=0
ox
oL = 2y—104+z—-Xz=0
dy

and constraint equation

Alzy —20)=0

A solution to these nonlinear equations is

A= 3-5

The objective function value is —29.4427 which, of course, is greater than
the objective function value for the unconstrained problem, —33.3333. The

Hessian is
2 1-A
H:{l—A 2 }

with eigenvalues evaluated at the solution, 3— X = /5 and 1+ X\ = 4 — /5,
both positive. Hence, the solution is a minimum.
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H.3 Theorem of the separating hyperplane

The theorem of the separating hyperplane states either there exists a non-
negative y such that Ay = z or there exists A such that A\ > 0 and
Mz < 0. The theorem is about mutual exclusivity — one or the other is
true not both. This is similar to the way in which orthogonal complements
are mutually exclusive. If one subspace contains all positive vectors the
orthogonal complement cannot contain positive vectors. Otherwise, their
inner products would be positive and inner products of orthogonal sub-
spaces are zero.

The intuition follows from the idea that vector inner products are pro-
portional to the cosine of the angle between them; if the angle is less
(greater) than 90 degrees the cosine is positive (negative). AT”A > 0 means
the columns of A are less than or equal to 90 degrees relative a fixed vector
A while Az < 0 implies the angle between = and \ exceeds 90 degrees. The
separating hyperplane (hyper simply refers to high dimension) is composed
of all vectors orthogonal to a fixed vector A.

Consider a simple example.

Example 17 (simple example) Suppose A = I and = = { 2 }, then

3
y =2 [ L } +3 [ (1) ] and there exists no \ from which to form a plane

0
separating the positive quadrant from x. On the other hand, suppose x =
{ ;2 — x lies outside the positive quadrant and A = [ (1) } satisfies the

theorem’s alternative, AT\ = { (1) } >0 and \To = -2 <0.

Next, consider a simple accounting (incidence matrix) example. That is,
a case in which A has a nullspace and a left nullspace.

-1 0 1
Example 18 (simple accounting example) If A = 1 -1 0
0 1 -1
1 2 1
and x = 2 |, theny=|0|+k]| 1 and any k > 0 satisfies
-3 3 1
y = and y > 0. Hence, there exists no separating plane based on .
-1 0 -1 2
On the other hand, suppose A = 1 -1 0 |. Now,y= 0 +
0 1 1 -3
1
k 1 and no k satisfies Ay = x and y > 0. Any number of \s exist.
-1
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0
produces ATA= | 1 | >0 and Mz =-3<o0.
1

Hence, any A = (drawing on the left nullspace of A) where

— =

0
0
1
]+k

For example, A = [
0
0
1
k > —1 satisfies the theorem’s alternative.
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Appendix I

Quantum information

Quantum information follows from physical theory and experiments. Un-
like classical information which is framed in the language and algebra of
set theory, quantum information is framed in the language and algebra of
vector spaces. To begin to appreciate the difference, consider a set versus
a tuple (or vector). For example, the tuple [ 1 1 | is different than the
tuple [ 1 1 1 ] but the sets, {1,1} and {1,1,1} are the same as set {1}.

Quantum information is axiomatic. Its richness and elegance is demon-
strated in that only four axioms make it complete.

[.1 Quantum information axioms

1.1.1 The superposition axiom

= R

|

!Some argue that the measurement axiom is contained in the transformation ax-
iom, hence requiring only three axioms. Even though we appreciate the merits of the
argument, we’ll proceed with four axioms. Feel free to count them as only three if you
prefer.

A quantum unit (qubit) is specified by a two element vector, say [

with |a® +|8° = 1.
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:
Let |¢) = { g } = a|0) + B1),2 (Y| = { @ } where 1 is the adjoint

(conjugate transpose) operation.

1.1.2  The transformation axiom

A transformation of a quantum unit is accomplished by unitary (length-
preserving) matrix multiplication. The Pauli matrices provide a basis of
unitary operators.

where ¢ = y/—1. The operations work as follows:[[ g } = { g ],X [ g } =

I6] a | | B a|_ |« .
[ o |’ Y g|= wi I’ and Z g |= 3| Other useful sin-
le qubit transformati g-2| 1t qo— |
gle qubit transformations are =51 - | = 0 11
Examples of these transformations in Dirac notation are?
0 1 0) — |1
iy < 4Dy 0 -1

V2 V2

©10) =€ |0); © 1) = |1)

1.1.3 The measurement axiom

Measurement occurs via interaction with the quantum state as if a linear
projection is applied to the quantum state.* The set of projection matrices

2Dirac notation is a useful descriptor, as |0) = [(1):| and |1) = {ﬂ

3A summary table for common quantum operators expressed in Dirac notation is
provided in section I1.2.

4This is a compact way of describing measurement. However, conservation of infor-
mation (a principle of quantum information) demands that operations be reversible.
In other words, all transformations (including interactions to measure) be unitary
projections are not unitary. However, there always exist unitary operators that pro-
duce the same post-measurement state as that indicated via projection. Hence, we treat
projections as an expedient for describing measurement.
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are complete as they add to the identity matrix.

SSMI M, =1

m

where M) is the adjoint (conjugate transpose) of projection matrix M,,
The probability of a particular measurement occurring is the squared ab-
solute value of the projection. (An implication of the axiom not explicitly
used here is that the post-measurement state is the projection appropriately
normalized; this effectively rules out multiple measurement.)

10

For example, let the projection matrices be My = |0) (0| = [ 0 0

M, =1)(1] = { 8 (1) ] . Note that M projects onto the |0) vector and M;

projects onto the |1) vector. Also note that MJM() + MfMl =My + M, =
I. For |[¢) = «|0) 4+ B]1), the projection of |1)) onto |0) is My |¢). The
probability of [0) being the result of the measurement is (| Mo [¢)) = ||

] and

1.1.4/ The combination axiom

Qubits are combined by tensor multiplication. For example, two |0) qubits

are combined as |0) ® |0) = denoted |00). It is often useful to trans-

1
0
0
0
form one qubit in a combination and leave another unchanged; this can
also be accomplished by tensor multiplication. Let H; denote a Hadamard

transformation on the first qubit. Then applied to a two qubit system,

1 0 1 0
01 0 1

_ _ 1 __]00)+]10)
01 0 -1

Another important two qubit transformation is the controlled not oper-
ator,

1 000
01 0 0
Cnot = 00 0 1
0 010

The controlled not operator flips the target, second qubit, if the control, first
qubit, equals |1) and otherwise leaves the target unchanged: Cnot|00) =
|00), C'not|01) = |01), Cnot |10) = |11), and Cnot |11) = |10),

Entangled two qubit states or Bell states are defined as follows,
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00 11
|Boo) = Cnot Hy |00) = >;‘§>

and more generally,

|B:;) = Cnot Hy|ij) fori,j=0,1

The four two qubit Bell states form an orthonormal basis.
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[.2 Summary of quantum "rules"

Below we tabulate two qubit quantum operator rules. The column heading
indicates the initial state while the row value corresponding the operator
identifies the transformed state. Of course, the same rules apply to one
qubit (except Cnot) or many qubits, we simply have to exercise care to
identify which qubit is transformed by the operator (we continue to denote
the target qubit via the subscript on the operator).

operator |00) |01) |10) [11)
Tior I |00) 01) I10) 5
Xio o)y oy jon)
X 01) 100) 1) 10)
A |00) |01) —[10) —11)
Z |00) —101) |10) —[11)
Vi i]10) i1y —ijo0)  —i|o1)
Yy o1y —ilooy  [11)  —i|10)
H, \00)\210) |o1>\4/r§\11> |00)\}2\10> \01>\;§|11>
H, \OO)\—/}-%OI) \00)\;%01) \10}\—/&-%11) \10)\;%11)
O, e? 00y € 01) |10) [11)
O €' 00) |01) ' [10) |11)
Cnot |00) |01) [11) |10)

common quantum operator rules
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[.3 Observables and expected payoffs

Measurements involve real values drawn from observables. To ensure mea-
surements lead to real values, observables are also represented by Hermitian
matrices. A Hermitian matrix is one in which the complex conjugate of the
matrix equals the original matrix, MT = M. Hermitian matrices have real
eigenvalues and eigenvalues are the values realized via measurement. Sup-
pose we are working with observable M in state |i) where

A0 0 0

o a0 0

M 0 0 As 0
0 0 0 X

= A1]00) (00] + Az [01) (01| + Ag [10) (10] + Ay |11) (11|

The expected payoff is

(M) = (| M)
A1 (¥[00) (0] 1) + Az (| 01) (01] )
+As (¢ 10) (10[ ) + Aq ([ 11) (11] )

In other words, A; is observed with probability (|00) (00| %), Az is ob-
served with probability (1| 01) (01| %), A3 is observed with probability ()| 10) (10| ),
and A4 is observed with probability (1| 11) (11| ).
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[.4 Density operators and quantum entropy

To this point we’ve focused on pure states. How do we proceed if our state
of knowledge indicates a mixture of states (that is, a probability weighted
average of states)? Density operators supply the frame for mixed as well as
pure states. A density operator is defined as

o= pilw) (v
=1

where the trace (sum of the diagonal elements) equals one, tr(p) = 1.
For density operator p the expected value associated with observable M =
Soh_i Ak k) (k| (via spectral decomposition where |k) is an orthonormal
basis) is (M) = tr (pM) = tr (Mp).

This follows as the probability of observing A equals

Pr(\) = (k| p|k) = sz (| 1;) (] k)

i=1

and useful properties of the trace.
tr (BA) =tr (AB)

To see this, recognize (AB); = > a;;bji then tr (AB) >i; @ijbji and
tr (BA) = ZZ j bjia;; which is the same as 37, ; ai;bji. Now, let B = [¢)) (¢

tr (AB)

tr (A ) (1))
Z (i| A[y) (¥]4)

= (YlAlp)

where [i) is an orthonormal basis for |+) with first element |+/).> The second
line implements tr (AB) = >_, ;a;;bj; while the third line follows from
orthogonality of the basis for |4/}, that is, (1| ) is either 0 or 1.

®Notice for a pure state [¢), (] A [¢)) = (A)|y), the expected value of the observable
when the system is in state [¢) equals tr (A |¥) (¢]).
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Then, applying the first result followed by the third result in reverse and
repeating based on the second result we have

(M) = Z Pr (M) A
k=1

= Zzpi (kL) (W] k) A
=1 i=1

= > (kl[plk) M
k=1
= tr(Mp)

= 3OS i il k) (Bl

k=111=1

= Zpi (Wil M |9;)
i=1

= tr(pM)

Consider an example. Suppose

p=[064 096}:0.4[(1)][1 0]+0.6[H[0 1]

and
M:[l —Q]ZS[khl 1}_%&5“1 %]
P R N R S ) CRE
Then,
1
ross =[5 -5 ][4 ][]



and

1.4 Density operators and quantum entropy

Hence, the expected value for the observable M is

or

(M)

2
= ) Pr() M
k=1

1.1
= 3+5(D=1
= tr(pM)=tr(Mp)

_[o4 —08]_[ 04 -12]_,
~ | -12 06 || -08 06 |

Sy il M) ()

(2]

oaf1 ol Y, PIa ] o]}
o[ 70 2]
os[1 o] L U0 1T,

o [ 220 8]
zj:pj(lew

041 0][_12 _12H

+0.6[ 0 1]{1 _2]

04+06=1

109
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1.4.1 Quantum entropy

von Neumann defines quantum entropy as

S = —tr(plogp)

For pure states, p is a Hermitian matrix whose logarithm (discussed earlier)
involves its spectral decomposition p = QAQT where A has one eigenvalue
equal to unity and the remainder equal to zero. Hence, log p = Q log AQT =
0 (by convention, 0log 0 = 0) so that von Neumann entropy is zero for pure
states.

On the other hand, for mixed states spectral decomposition of p is
> i=1Aj |7) (4|. This involves nonzero eigenvalues so that

S = —tr(plogp)

- —tr ij 19 (] Zlog (A 19) Gl

- —tr Z Ajlog (M) 1) (41 15) G

— 4 Z Ajlog (A;) 1) (7]

— i Ailog A\;
i=1

The latter result follows from equality of the sum of the eigenvalues and
the trace of a matrix.

.5 Some trigonometric identities

Most trigonometric identities follow directly from Euler’s equation:
et = cosf +isinf
Remark 1 cos?f +sin®6 =1
Proof.
eifo—if 0 _q

(cosf + isind) (cosf — isin @)

cos? 0 + icosfsinf — icosfsinf + sin? 0

cos® 6 + sin? 0



1.5 Some trigonometric identities

Remark 2 FCTOSQ :sinzg
Proof.
2—(ei0+67i9) _2—2cosf) _1—cost
4 N 4 N 2
9 i0)2 _i0)?
- (€2> +(6 2) B 2—[2—4sin2%]
4 N 4
0
p— 1 27
sin 5

Details related to the second line are below.

(e%)z = (cosg + ¢ sin g)z

0 0 0 0
cos? 5~ sin? 3 + 2i cos 3 sin 3

(e*%)2 = <cosg — ¢sin 2)2

0 50 . .
= cos? - —sin® = — 2icos - sin ~
2 2 2
o\ 2 o\ 2 9 9
i _ie .
(62) +(e 2) = 2cos? = — 2sin® =
2 2
. 50
= 2 —4sin® -
2
Remark 3 1=cos01c0802 — co52 1 gin? %2 4 gin? 9 cos? %2

]
Proof. From the two preceding identities

1-— 0 0 0
72608 = sin? 3= 1 — cos? 3
and
0
cosf = 1—2sin2§

0
= 92cos’=—1

111
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Therefore,
1—cosfycosly 1—(1-2sin® %) (2cos? £ — 1)
2 o 2
_ 1— (2cos? %2 —2sin* &2cos? 2 — 1 + 2sin® &)
2
0 0 0
= —c08252+251n2§1cos2?2+1—sin2?1
0 0 0
= cos? ?2 <2 sin? ?1 — 1> + cos? ?1
0 0 0 0 0
= cos® ?2 (2 sin? ?1 — cos? 51 — sin? 21> + cos? ?1
0 0 0 0
= cos® ?2 (sin2 51 — cos? 21) + cos? ?1
0 0 0 0 0
= cos® ?2 sin® 51 — cos? 52 cos? 51 + cos? ?1
0 0 0 0
= sin? 51 cos? ?2 + cos? 51 (1 — cos? 22)
_ 2 272 s02 ﬁ 2 @
= CO0s 5 sin B —+ sin 5 coS 5
]
Remark 4 sin20 = 2cosfsinf
Proof.
€0 —e720 0526 + isin20 — (cos26 — isin 20)
2 N 2
_ 2isin20
N 2
= sin260
(ei‘g)2 - (tfw)2 _ (cos@ +isin 0)* — (cos @ — ising)>
2i N 2i
B cos2 0 + 2icosfsinf — sin® 0 — (cos2 6 — 2i cossin § — sin? 0)
N 2
_ 4icosfsind
N 2
= 2cosfsinf
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Appendix J

Common distributions

To try to avoid confusion, we list our descriptions of common multivariate
and univariate distributions and their kernels. Others may employ varia-
tions on these definitions.
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Multivariate
distributions
and their support

Density f (-) functions
and their kernels

conjugacy

Gaussian (normal)

. _ 1
r € RF fzp,X) = (2m)F 2[5 7? conjugate prior for
p € RF xe—3(@=m)T S @ —p) mean of multi-
¥ € RFxk x e~ 3@ "= (@—p) normal distribution
positive definite
x; V’ b) Z . .
Student t _ / (F[(y+lé) /2]) marginal posterior
z € Rk (%)) 2 sR for multi-normal
u e R* « [1 n (=) TS e—p) -4k with unknown
Y € Rkxk v - mean and
ositive definite (z—p)"S N (a—p)| 2 variance
Wishart
kxk . _ 1
W € RF* f(W,I/,S)fW
positive definite vek—1 1 S‘1W)2 see inverse
2
S e Rhxk x| = e Wishart
positive definite x |[W| 2 g2 Tr(57'W)
v>k—1
Inverse Wishart
W € RFxk e A I . .
positive definite / (W7 . ) T 2kRT(§) conjugate prior for
g ¢ pExk % ‘W|f”+’§+1 o 5Tr(SW) variance of multi-
positive definite o |W|_u+12«+1 eféTr(SW*I) normal distribution
v>k—1

I'(n)

[(z)= [t e tdt

k
Tk (5) = mE=DA T (257

= (n—1)!, for n a positive integer

Multivariate digtributions
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Univariate distributions
and their support

Density f(-) functions
and their kernels

conjugacy

Beta I( BJ; (=, 5) B—1 beta is conjugate
a+ a—1 —
= 1—
z €(0,1) ror (17 7) prior to binomial
a,f>0 x (1 —1)
. . F . 0
Binomial N s (536) n—s beta is conjugate
s=12.... - (S 0" (1-0) rior to binomial
6e(0,1) o 0% (1— )" P
P fz;v
ihel s[guoas)e . 1( )mv/z—l see scaled,
’ - 2v/2T(v X 2 3 s
20 ; o ;2 /! 21)66_ mp%/ ] inverse chi-square
Inverse chi-square f(z;v)
z € (0,00) _ 1 exp[—1/(2z)] see scaled,
9 - 21//21‘\(,} 2) xv/2+1 . i
v 0 o e inverse chi-square
i . 2
Scale.d, inverse f gzx, v,0?) conjugate prior for
chi-square (0?v)""* exp[—vo?/(22)] .
= variance of a
x € (0,00) 2v/20(v/2)  av/2H1 P
v, 02 >0 o p—V/2=1g—vo?/(2x) normal distribution
Exponential fx; M) gamma is
x € [0, 00) = Aexp [—Az] conjugate prior
A>0 x exp [—Az] to exponential
Extreme value (logistic) (i) posterior for

x € (—00,00)
—o00o < < 00,5>0

__ owl-(e—n)/s]
s(1+exp[—(z—p)/s])?
exp|—(z—p)/s]

Bernoulli prior
and normal

(1+exp[—(z—p)/s])? likelihood
Gamma f (@04,[’7)/ | cori?lrgrgl;tl:;iior
a—1exp[—z/y
wae’y[();og) i_l F([O‘)’YQ/ | to exponential
’ oCTT T eXp T/ and others
Inverse gamma f(z50,7) conjugate prior for
z € [0,00) = x_a_lw variance of a
a,vy >0 o 27 Lexp [—y/7] normal distribution
Gaussian (normal) f (i p,0) 2 conjugate prior for
x € (—00,00) = =, eXp [_ E mean of a
% 270 20
—oco < pu<oo,0>0 x exp {7 (I;A;f] normal distribution
g
. r(=)
Student t fxv,p, o) = N O) marginal posterior
x € (—00,00) o (14 LG’ -(4) for a normal with
1€ (—00,00) v o? unknown mean
v,o0>0 ~ (1 IR )‘(wzrl) and variance
v o
Pareto £ (@5 0 w0) = 228 conjugate prior for
T > xg 1 0) T ot unknown bound
a,x9 >0 O ga T of a uniform

Univariate distributions




