. _______________________________________________________________________________________________________|
EECS 127/227AT Optimization Models in Engineering UC Berkeley Spring 2024
Homework 5

. _______________________________________________________________________________________________________|

Self grades are due at 11 PM on February 23, 2024.

1. Matrix Norm Calculations

Let A have SVD equal to

-1/v/2 1/v2| |0 2| |1 ©

(a) Compute || A|| , the Frobenius norm of A.

(15 16 3

Solution: We have ||Al|, = \/o1{A}2 + 02{A}2, i.e., the square root of the sum of squared singular

values of A, which gives

Al = V42 4 22 = /20 = 2V/5. 2)

(b) Compute || A
Solution: We have [|Al|, = 01{A}, i.e., the largest singular value of A, which gives ||A[|, = 4.

5, the spectral norm of A.
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2. PCA and low-rank compression

=

—T
Lo

We have a data matrix X = | | of size n x d containing n data points!, &1, Zs, . . ., &, with Z; € R%. Note

=T
:Z:Tl
that :i”ZT is the 7th row of X . Assume that the data matrix is centered, i.e. each column of X is zero mean. In this

problem, we will show equivalence between the following three problems:

(Py) Finding a line going through the origin that maximizes the variance of the scalar projections of the points

on the line. Formally P; solves the problem:

argmax @' C4 3)
TeERL: T d=1

n
withC' = — Z #;#] denoting the covariance matrix associated with the centered data.
i
(P,) Finding a line going through the origin that minimizes the sum of squares of the ¢? distances from the
points to their vector projections. Formally P solves the minimization problem:

n

argmin Z min || #; — U“ZH; . 4)
aeRe:aT =1 5_; Vi€R

Note that the vector projection of Z on  is given by v*u, where

v* = argmin ||Z — m’[Hg ) (5)
ve

and we will show that v* = (Z, @) in part (a).

(Ps) Finding a rank-one approximation to the data matrix. Formally P; solves the minimization problem:

argmin || X - Y| 5. (6)

Y:rank(Y)<1
Note that loosely speaking, two problems are said to be “equivalent” if the solution of one can be “easily"”
translated to the solution of the other. Some form of “easy" translations include adding/subtracting a constant or

some quantity depending on the data points.

Note the significance of these results. Pj is finding the first principal component of X, the direction that
maximizes variance of scalar projections. P, says that this direction also minimizes the distances between the
points to their vector projections along this direction. If we view the distances as errors in approximating the
points by their projections along a line, then the error is minimized by choosing the line in the same direction
as the first principal component. Finally P;5 tells us that finding a rank one matrix to best approximate the data
matrix (in terms of error computed using Frobenius norm) is equivalent to finding the first principal component

as well!

(a) Consider the line £ = {Zy + at : a € R}, with & € R?, @i = 1. Recall that the vector projection of a

point & € R on to the line £ is given by Z = %, + a*ii, where a* is given by:

!Data matrices are sometimes represented as above, and sometimes as the transpose of the matrix here. Make sure you always check this, and
recall that based on the definition of the data matrix, the definition of the covariance matrix also changes.
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(b)

(©

a* = argmin ||Zy + at@ — Z|, . 7
a
Show that a* = (& — %) " 4. Use this to show that the square of the distance between = and its vector
projection on L is given by:
17 — 2115 = |1& — Zoll3 — (7 - Fo) ). (®)
Solution: The projection of point & on £ corresponds to the following problem:
a* :main |Zo + ati — 2|, . )
The squared objective writes
|10 + aii — &5 = a® = 2a(Z — &) i@ + ||F — Foll3 - (10)

By taking the derivative of the above expression with respect to a and setting it to 0, we obtain the optimal
value of a as

a* = (& — &) . (11)

The square of the distance between Z and its vector projection on £ () is given by ||Z — & H; We have
shown that z = Ty + a*@l = o + [(¥ — To) "@]d. At optimum, the squared objective function, which

equals the minimum squared distance ||z — Z Hg, takes the desired value:

o N - o2 - o O _
on +[(# - xo)Tu]u — tz = |7 — xo||§ —((Z — xo)Tu)2. (12)

Show that P; is equivalent to P; .
HINT: Start with Py and using the result from part (a) show that it is equivalent to P;.

Solution: From part (a), we have the following decomposition of Ps:

n n
argmin Z min ||Z; — vzqu = argmin Z ||f1||§ — (z]@)? (13)
aeR:aTa=17_ Vi€R a@eRe:aT a=17_
n
= argmax Z ﬁT@f;rﬁ (14)

GCRA.GT =
uweR:u T d=1 ;4

= argmax 4 C4q. (15)
GERT:GT =1

From the above equation, we see that a solution for P; constitutes a solution for P, and vice-versa.

Show that every matrix Y € R™*4 with rank at most 1, can be expressed as Y = 7 for some ¥ € R™,
@ € R% and |||, = 1.

Solution: First, consider the case where Y is rank-0. If Y is rank 0, all of its all of its singular values must

be 0 and hence, Y must be the 0 matrix. Therefore, we can express Y = il | by setting # = 0 and i being

any arbitrary unit-length vector.

Now let Y be a rank 1 matrix. Then its has the following SVD: Y = g | where o # 0. It follows that

Y = dd! for ¥ = ob.
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(d) Show that Ps is equivalent to Ps.
HINT: Use the result from part (c) to show that Ps is equivalent to:
argmin HX — vuTHF (16)

TERL: T 4=1,0€R"

Prove that this is equivalent to Ps.

Solution: From the previous part, we have that the set of matrices, Y, with rank at most 1 is equivalent to

the set {vi " : ||ii]| = 1,4 € RY, & € R"}. Therefore, we may equivalently reformulate P; as:

argmin || X — 7@ .. (17)
@ERL: G T 4=1,7€R"

X is a matrix with rows #;, and #%i " is a matrix with rows v;@ | . We expand the Frobenius norm in the

objective in the above equation as
9 n
X —va" |, = & — viill3, (18)
i=1

i.e., express the matrix norm as a sum of vector norms, which follows from the definition of the Frobenius
norm.

With this reformulation, we see that any solution (@*, 7*) must satisfy

n

n
v = argminz |2 — viﬁH; , u = argmlnz |2 — v} uH2 (19)

v =1 i=1
i.e., we can minimize it over u, ¥ sequentially. We separate the minimization over « and ' to get

n
ke

" = argmin mln Z |2 — vzuHQ (20)
deRL:G T G=1"

o e . . — 12 .
We now have a minimization of a sum of squares of vector norms ||Z; — v; |5, each of which depends

only on a single element of ¥, i.e., v;.

Note: The objective of an optimization problem min, ,, f(z,y) is said to be separable when the objective

can be written as a sum of two functions- one which depends on x, and one on y, i.e.,

min f(z,y) = min[g(z) + h(y)]. @21

) )

If the objective is separable, we can solve the problem separately across the two variables, and

(z*,y*) = argmin f(x,y) = (argmm g(x),argmin h(y)). (22)

z,y Yy

We can split the minimization problem in 20 over each individual v;. We have

n
4 = argmin Z min || Z; — i3 . (23)
v ER

aeRL:T T d=17

Therefore, @* is also a solution to Ps.
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3. Operator Norms

For a matrix A € R™*", the induced norm or operator norm || A| , is defined as

AT
Al|, = max | ”p (24)
y4 —

#20 |17,

In this problem, we provide a characterization of the induced norm for certain values of p. Let a;; denote the

(i, j)-th entry of A. Prove the following:

(@) || 4]l = omax{A}, the maximum singular value of A. HINT: Consider connecting ||AH§ to a particular

Rayleigh coefficient.
Solution: Approach 1: Rayleigh Coefficient
We have
AZl\ 2
1413 = (mazc ” fcb) (25)
720 |17l
A2
720 |3
AZ) T (AZ
= max w 27
T#40 T
— max " (28)
A0 T X
= Amax{AT A} (29)
= Umax{A}2~ (30)
Taking square roots gives the solution.
Approach 2: SVD
Write A = USV T, Then
Az
4, = max 12712 31)
720 |||,
lo=v T,
= max ——————=. (32)
#2017,

Here we use the fact that multiplying by the square orthonormal matrix U does not change the norm, so we

have
[=vTa],
|Al|, = max - . (33)
720 |1l
Now we do the change of basis 2z = VTZ, ie., &£ = VZ Thus, we have
1325
[All, = max T——=. (34)
2w (VA
z=vV'&
Since V is square orthonormal, multiplying by it does not change the norm, so we have
57
Al = max Dl (35)
720 |12l

7=V 'z
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Finally, we make the crucial realization that since V' is square orthonormal, it is invertible. Since we can
always get & from 2" and 2 from Z, it is sufficient to optimize directly over 2. Thus,
|| X7 ||2

Finally, we evaluate this maximum, or rather its square (and take square roots afterwards). Suppose without
loss of generality that o1 {A} > 09{A} > ---. We have

1Al —m

(36)

222 FTETyz

37
||§||§ 7'z (37)
o {A}22?

2
=3 oi{A)? szzz. (39)
i J 77

This is maximized when zf = 1 and all other entries are 0, so Z = 4¢&7. In this case we have that

%72
|| = |l2 - (7'1{14}2 = O'max{A}2~ (40)
1712
Thus we have 153
Z
[All; = max —— 2 = Omax{A} (41)
z20 |12,
as claimed.
(b) ||A]|; is the maximum absolute column sum of A,
Al = max Zlaul (42)
HINT: Write AZ as a linear combination of the columns of A to obtain ||AZ||, = ||>_7_, x; - di||,, where
a; denotes the i-th column of A. Then apply triangle inequality to terms within the sum.
Solution: We denote the columns of A to be {o‘il e &’n} . Then, for any x € R™, we have that
n
| Az, = Z X - Ay Z |z - d;il|, (Triangle Inequality)  (43)
"
= Z || - [1d:l4 (]| can come out of norm  (44)
=1
n
(Z )-miaxainl (1), <maxal,. ) @)
=1
= (12, - mae ] (46)
| AZ]] .
We see that [|Al|; = max;_5 Hlel < max; ||d; ||
Next we show that we can achieve this upper bound by choosing & = ¢; where i is the index for the column
AT
of A such that @; has the maximum column sum, and this vector gives ”” _,””1 = max; ||d@;||,. Therefore,
Tl

we obtain || A, as the maximum absolute column sum of A.
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(c) (OPTIONAL) || 4], is the maximum absolute row sum of A,

14l = max Zlaul 47)

HINT: First write ||AZ||,, = max;

|z;| < max; |z;|, V7.

Z?:l Qi T ‘ Then apply triangle inequality and use the fact that

Solution: We have,

|47, = max > aijx; (48)
j=1
< max Z |a;ja;] (Triangle Inequality) 49)
< max [max|xj|(z a”-|)] (|lz;| < max |z;|, Vi) (50)
— J
= | max > a| | €] - C}Y)
3 J:1
Thus, we have
Ax -
1Al ” loo < max Y ;). (52)
S IO P
Assume that the index of the maximum absolute row sum is m. We can construct a vector Z such that
2; = 1if @y > 0,and x; = —1if a,,; < 0. This leads to
IAZ| o = max |~ aga;| = Y amjzs| = D lam] - (53)
= =1 =1
| AZ]|

Since ||Z]| ., = 1, the resulting

17 = maxXi<i<m 2?21 lai;| as desired.
T 00 -

This shows that || A|| . = maximum absolute row sum.
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4. Gradients, Jacobians, and Hessians

The gradient of a scalar-valued function g: R™ — R is the column vector of length n, denoted as V g, containing

the derivatives of components of g with respect to the input variables:

99
(Vg(2)); = oz, (Z),1=1,...n. (54)

The Hessian of a scalar-valued function g: R™ — R is the n x n matrix, denoted as V2g, containing the second
derivatives of components of g with respect to the input variables:
%9

= —2 (%), i=1,...,n, j=1,...,n. 55
81‘161‘] (x)’ ? ) 7n) j Y )n ( )

(V29(2))i;

The Jacobian of a vector-valued function g: R® — R™ is the m X n matrix, denoted as Dg, containing the

derivatives of components of g with respect to the input variables:

For the remainder of the class, we will repeatedly have to take gradients, Hessians and Jacobians of functions we

are trying to optimize. This exercise serves as a warm up for future problems.

For the first two parts, suppose A € R™*" is a square matrix whose entries are denoted a;; and whose rows are

denoted @ ,...,d, ,and b € R™ is a vector whose entries are denoted b;.

(a) Compute the Jacobians for the following functions.
i. §(¥) = AZ.

Solution: We compute each partial derivative and reconstitute D¢ at the end. That is,

o 995 ,_,
(D@51 = 5. (@) (57
_ 0(AT);
= 7&% (58)
o @)
T Oy (59)
= (a@))x (60)
— az (61)
= [Aljk, (62)

where [A] i, is the (j, k)th entry of A. Thus Dg(z) = A.
ii. g(&) = f(Z)Z where f : R™ — R is differentiable.

Solution: We again compute each partial derivative using the scalar product rule, obtaining

o095
(DG = 5 (@) (63)
_ AU (@)ay) o
axk
Ox; 0
— S+ @ (65)
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I
=xj[w<f>1k+{f (0,
0, ifj #k.

This gives a Jacobian whose entries are

[DF(@)]jk = [V (@],  Vi#k
[DG()];; = z; [V (@) + f(Z), Vi

8

8

For the purpose of self-grades it is fine to stop here. But one can also write the Jacobian as

Dg(@) = Z[Vf(@)]" + f(@)I.

iii. §(&) = f(AZ + b)Z where f : R” — R is differentiable.

(66)

(67)
(68)

(69)

Solution: We compute each partial derivative using the scalar product rule and chain rule, obtaining

DID = 52 (@)
_ Of(AZ + )z
Ern )

= f(AZ+D) gi; 4,20 ATHD) (’;f: b)
_ f4z 4B g;cj Jzaf;;x:bb a(Ang b)e
= f(AZ+D) a;”i + ;[Vf(Aer B - ‘W
— JAF+ DI+, ;;[Vf(Af+ B)le - (@)

= f(AT + E)% + ;";[Vf(Af+ b)) - an

= f(AZ + 5)2% + i[wmm D)le - [AT ke
= f(AZ +b)§—§2 + 2, [ATV (AT + b))w

= 2;[ATV (AT 4+ b)]i + {f(AfM)’ y="k
0 if j # k.

This gives a Jacobian whose entries are

[Dg(
[Dg(

8

Nk = 2;[ATV(AZ + b)), Vi #k
Nij = ;] [ATV(AZ+ D)) + f(AZ+D), Vi,

8

For the purpose of self-grades it is fine to stop here. But one can also write the Jacobian as

DG(z) = Z[ATV f(AZ +b)] T + f(AZ +b)]
= Z[VF(AT+b)]TA+ f(AZ+ b

© UCB EECS 127/ 227AT, Spring 2024. an Rights Reserved. This may not be publicly shared without explicit permission.
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(b) Compute the gradients and Hessians for the following functions.
i. g1(7) =T A7

Solution: We have

(%) = 2T AZ (84)
_51T
=" | |7 (85)
[y
[a] #
=z | : (36)
_dzf
= i(d &). (87)
i=1
Taking the derivative with respect to any x; yields
dg1 , ., 0 < ST =
Il 2 (@, 88
o, @ = o ;x (@] ) (88)
0 TR S (@ 89
9, r;(d; ¥) + ;xL(aL T) (89)
i#j
0 T o "9 T
— aTja:j(aj ) + ; %jxi(ai ) (90)
i#j
_x-i(an)+an+zn:x»i(an) 1)
]aij J J =1 lax]— ¢
i#£]
= a;(d@)); + @] 7+ Y (@), (92)
=
=a T+ ) xi(d@); (93)
i=1
= Z Qi g + Z A5 T4 (94)
i=1 i=1
= (AD); + (A" ), 95)
=[(A+ A", (96)
Thus we have
Vi1 (Z) = (A+ AT)Z. (97)
For the Hessian, notice that
a291
2 N N
(V91 (Z)]k Bz, O T (98)
IVail; .
= [aTg;]J(x) (99)
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= Jor Lz;aﬂxl—l—z:a”xz] (100)
= A Q5% A QijT; 101
Lz_;axka]x +;awka]x] (101)

= Qi + Qf; (102)

=(A+ A" (103)
Thus we have

V2 (Z) = A+ AT, (104)

Notice the important special case that if A is symmetric then Vg (%) = 2A% and V2 ¢, (%) = 2A.
. o 2
ii. g2(7) = |7

Solution: We take A = I in g, obtaining

Vgo(¥) =22  and  VZgo(¥) = 21I. (105)

iii. g3(%) = g2(AT — b) = || AT — b||2. (Use the chain rule and the Jacobians computed in part (a).)

Solution: As required, we use the chain rule: we compute

Vgs(Z) = [Dgs(#)]" (106)
= ([Dgo(AZ - D)) [D(AZ - b)) (107)
= ([Vg2(AZ —b)] " [D(AZ - b)])" (108)
= [D(AZ = b)] " [Vgo (AT - D)] (109)
= [A]T[2(AZ - )] (110)
=247 (AZ — b). (111)
For the Hessian, note that
V2gs(&) = D[Vg3(2)] (112)
= D[2AT (AT — )] (113)
—2D[AT AT — ATY] (114)
=2ATA. (115)

iv. g4(Z) = log(Z?:l e¥i).

Solution: We use component-wise derivatives and the scalar-valued chain rule:

094 zi
ij( log (Ze ) (116)

= 9y == 117
Dlig e o
2ic1 5y
S T (118)
Dic €V
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e (119)
e
Thus the gradient is of the form
894/8171 (f) et1
1
Vagi(Z) = : = | :|. 120
94(37) : Z?:l eTi : ( )
09g4/0x, (T) e
The Hessian is computed using more component-wise derivatives and the scalar quotient rule:
8294 8 894
r)=—|-—|( 121
Oxj Oz, (@) oxy, <8xj (@) (121)
0 e%i
- Y 122
Oy Y1 e (122)
(Ciye") gore™ — e g0 (1, e™)
= g (123)
(i1 e™)
€% )5—e"i —eTie
S e (124)
(X1 e™)
eIJ +xK %, lfj =
AN D YT (125)
X, 2
(2iz1e™) 0, iftj#k
This is the (i, j)th coordinate of the Hessian, whose entries can be defined as
[V294(2)] . Vi #k (126)
9a\T)|jk = — = 232 J
’ (Dizg €™)?
eTk eTitTk
and  [V?g4(Z)];; = V. (127)

For the purpose of self-grades, the above solution is fine, but we we can also write the Hessian as
V2ga(i) = diag (Vga(i)) — [Vga()][Vga ()] T (128)

where diag(-): R™ — R™*™ forms a diagonal matrix whose diagonal entries are the entries of the
input vector, i.e.,
U1

diag(7) = - . (129)

Uy,

v. g5(%) = g1(AT — b) = log(>o0, et #=bi)_ (Use the chain rule and the Jacobians computed in part
(a); you can use the gradient Vg4 and Hessian V2 g, in your answer without having to rewrite it.)

Solution: As prompted, we use the chain rule to compute the gradient:

Vgs (&) = (Dgs ()" (130)
= ([Dga(AZ - B)][D(AZ — D))" (131)
= ([Dga(Az — b)]A) T (132)
= AT [Dgs(AZ - b)]" (133)

© UCB EECS 127/ 227AT, Spring 2024. an Rights Reserved. This may not be publicly shared without explicit permission. 12
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= AT[Vgy(AZ — b)].
To compute the Hessian, we write

V2g5(&) = D(Vgs)(Z)
= D(A"[Vgs(AZ —b))).

To evaluate this product, we look component-by-component and use a multivariate chain rule:

[D(AT[Vga(AZ — b)))]jx = %(AT[V%(A:Z — b)),
= % Z a;j[Vga(AZ — b))

=Y ay zn: 0[Vga(AT — b)]; O(AT — b),
N O(AT —b), Oy

-

= - 294 (AT—b) (AT —b),
— Z al—j Z pry = 8xk

= = O(AT —b); O(AZ — b),

-,

[V2g4(AZ — b)] 3o [D(AZ — b)] ek

I
7

Thus,

vi. go(Z) = ell#l3 = e92(@) (Use the chain rule and the Jacobians computed in part (a).)

Solution: We use the multivariable chain rule, obtaining

Vgs(Z) = (Dgs ()"

since the transpose of a scalar is a scalar. For the Hessian, we obtain

V2g6(Z) = D(Vgs)(Z)

© UCB EECS 127/ 227AT, Spring 2024. an Rights Reserved. This may not be publicly shared without explicit permission.
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(134)

(135)
(136)

(137)

(138)

(139)

(140)

(141)

(142)

(143)

(144)

(145)

(146)

(147)

(148)
(149)
(150)
(151)
(152)
(153)

(154)
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= D(2el713 7). (155)

Notice that the function being differentiated is of the form f(Z)Z, for f(Z) = 2¢/#I5. Thus we obtain

that
V2gs(&) = D(f(&)) (156)
=Z[Vf(@)" + f(@)I. (157)
It just remains to compute V f (), which we compute componentwise using the scalar chain rule, and
obtain
of
o 9 |
VI@) =5, @ (158)
0 <12
— (211112 159
2 (261) (159
=12
— 2,173 o]z (160)
61‘]‘
= 26I7 )| 23], (161)
— 2,13 [27]; (162)
= da;ell 73 (163)
Thus we have
V(&) = 4elE g (164)
This gives
V2g6(%) = 4el¥2 23T 4 2e1713 1 (165)
= 2el713 (1 4 222T). (166)

-,

vil. g7(Z) = ellAT=blI3 — 96(AZ — b). (Use the chain rule and the Jacobians computed in part (a); you
can use the gradient Vgg and Hessian V2gg in your answer without having to rewrite it.)
Solution: Notice that in part 4.((b))v, we did not use any specific functional properties of g4, Vg4, or
V2gs to determine Vg5 and V2g5. Using the exact same analysis, we can conclude that

Vgr = AT [Vge(AZ — b)), and  V2g; = AT [V2ge(AT — b)) A. (167)

Consider the case now where all vectors and matrices above are scalar; do your answers above make sense?
(No need to answer this in your submission.)

(c) Plot/hand-draw the level sets of the following functions:

2 2
L2

i g(xy,x2) = % + 9
il. g(x1,x2) = 122
Also point out the gradient directions in the level-set diagram. Additionally, compute the first and second
order Taylor series approximation around the point (1, 1) for each function and comment on how accurately
they approximate the true function.

Solution: Figures 1 and 2 contain the level sets and gradient directions for the given functions.
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i. We first compute the first and second order partial derivatives of g as follows:

g oz Og 2
3731(3317562)—7, 67:2(581’962)_7’
0? 1 0?
876%(5517952)—57 D 1(551,%2)—0,
0?%g 2 0%g
@(T/lv%) = 9’ Oz (x1,22) =0

2

The gradient of g is then given by,

(1,
Vy(z1,22) = l%w;
and the Hessian matrix is given by,

9? 92

oot (w1,w2) g s (w1, 22)

H(xlny) = | 824 9%
Oxaxy (xl’xQ) ng(xlaxQ)

The first order Taylor series approximation around (1, 1) can be computed as:

g(z1,22) = g(1,1) + (Vg(1,1) 7 lz _ j

13 T 1 21’2 2 Iy 2%2 13

3% 2 279 9- 2779 36

The second order Taylor series approximation around (1, 1) can be computed as:
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Figure 1: Level sets and gradient directions for the function g(x1,x2) = Zl
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ii.
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Figure 2: Level sets and gradient directions for the function g(x1,x2) = z122.

The original function at (1.1,1.1) takes on the value 0.437. The first order approximation returns, eval-
uated at (1.1,1.1): 41 4 22 — 33 = 0.433. Additionally, observe that the second order approximation
simplifies to return the original function!

We follow the same steps as in the previous part of the problem. The partial derivatives for this g are

given by:
0 0
afjl(th) T2, a7392(91?17962) =1, (179)
0%g 0%g
) = 07 9 - ]-7 180
22 (z1,22) pFr (z1,22) (180)
0%g 0%g
r1,x2) =0, T1,29) = 1. 181
g (F1002) = 0. 5 (01,2) (181)
The first order Taylor series approximation around (1, 1) can be computed as:
T (21— 1
g(z1,22) = g(1,1) + (Vg(1,1)) (182)
T — 1
:1+.T1—1+:L‘2—1=$1+$2—1. (183)
The second order Taylor series approximation around (1, 1) can be computed as:
Tz —1 1 1 —1
g(a:l,xg)%g(l,l)—F(Vg(l,l)) + 5 |:l‘1 -1 -T2_1:| H(171) (184)
Ty — 1 2 To — 1
1
=(r1—1)(za— 1)+ a1 + 22— 1L (186)
= X1T2 (187)

The original function evaluated at (1.1,1.1) is 1.21. The first order approximation around (1.1,1.1) is

1.2, but the second order approximation again exactly represents the function!

16



EECS 127/227AT Homework 5 2024-02-17 12:17:51-08:00

5. Homework Process
With whom did you work on this homework? List the names and SIDs of your group members.

NOTE: If you didn’t work with anyone, you can put “none” as your answer.
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