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A. Appendix

Here, we present additional materials and proofs of the main results that are not included in the main paper due to the page
limit. We also restate each result before the corresponding proof for the convenience of the reader. We also provide a table
for notations below.

Table 2: Notations and variables in this paper.

Notation Description

X e R™*¢ Data matrix

y € R©Y € RV*KE Label vector and matrix
W, ; € R™-1xm I*" layer weight matrix

A, e RM™ I*" layer activation matrix
A €R"A € RMK Dual vector and matrix
w* € RELW* € R*K  Optimal weight vector and matrix
r Rank of X

U,z VT Full SVD of X

e; 4" ordinary basis vector
L(-,) Arbitrary convex loss function
fo,L(X) Output of an L-layer network

A.1. General loss functions

In this section, we show that our extreme point characterization holds for arbitrary convex loss functions including cross
entropy and hinge loss. We first restate the primal training problem after applying the rescaling in Lemma|[T.T]as follows

min ,C(feyL(X),y) + 6||WL||1 + g(L — 2) Zt? st.wp_1; € BQ, HWZJ ‘F < tj7 vl e [L — 2],V] € [mL 21
J=1

{00}, 0t5

where £(-,y) is a convex loss function.
Theorem A.1. The dual of 1)) is given by

tj A wr_1,;EB82

min max —£*(\) + g(L ~-2)> st max AT A <8,
i=1 Wi ;llr<t;
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where L™ is the Fenchel conjugate function defined as

L*(A) = maxz’ A — L(z,y).
Proof of Theorem[A.1] The proof directly follows from the dual derivation in Appendix O

Theorem [A.T] proves that our extreme point characterization applies to arbitrary loss function. Therefore, optimal param-
eters for (21)) are a subset of the same extreme point set, i.e., determined by the input data matrix X, independent of loss
function.

Remark A.1. Since our characterization is generic in the sense that it holds for vector output, deep linear and deep ReLU
networks (see the main paper for details), Theorem[A.|is also valid for all of these cases.

A.2. Derivations for the dual problem in
We first restate the scaled primal problem in Lemma[T.1]

w15 € Ba, Wy llr < tj, VI € [L—2],Vj € [m]

P = min £(.y)+ Blwil + —22’52 v = fon(X).

{91 }lL:1 7tj Y
(22)

Then, the corresponding Lagrangian is
LT W) = £(3.3) = N5+ X fy,0(X) + Alwi |1 + (L= 2) 32
j=1

Based on the Lagrangian above, we now obtain the dual function as follows

g()‘) = mln L(A,}A’,WL)

Y,WL

min £(9,y) ~ XT3+ N Jo o (X) + Blwelh+ (L -2) )12

Y,WL

=1
= min L(3,y) - ATy + ATA,_ 1WL+»3HWLH1+B(L 2)2 3

Y,WL

Jj=1
=—L"(A) + é(L - Q)Xm:tz st |AT Al <8
= 5 5 St L—1 co > My
j=1
where L£* is the Fenchel conjugate function defined as (Boyd & Vandenberghel, 2004)
L*(X) = maxzT A — L(z,y).
Thus, taking the dual of (22)) in terms of w, and ¥ yield
P*= min maxg(\ : _ é _ m2
1 A g(A) _ {9[1}1;;11,% m}é\lX LX) + 2(L Q)Z:tj

J
st.wp_1,; € Ba, HWl,jHF < tj7 Vi, j SL WL 1, € Bs, ||Wl,j||F < tj, Vlyj; ||A,£71AH00 < 8.

To achieve the lower bound in the main paper, we now change the order of min (for the layer weights)-max as follows

* * : : * B S 2 T

> D* = - 2L - E 2 St o <

P*>D min max wLE,l?eBz LX(N) + 2(L 2) ' t5 st JAL Alle <8
HWz,jllF<t‘ -

tj

m
:minmax—,c*( —(L —2 Z S.t. HAL 1AH00 > 7
PN — *1J€
- le]llF<t

which completes the derivation.
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A.3. Equivalence (Rescaling) lemmas for the non-convex objectives

In this section, we present all the equivalence (scaling transformation) lemmas we used in the main paper and the the proofs
are presented in Appendix [A.6] and [A.8] two-layer, deep linear, and deep ReLU networks, respectively. We also note
that similar scaling techniques were also utilized in (Neyshabur et al., [2014} |Savarese et al., |2019; Ergen & Pilanci} 2019;
2020agbic).

Lemma 1.1. The following problems are equivalent :

ﬁ m L
i X9+ 5 323 Wi
! = :
min fo, + Bllw
= M E0n(X). )+ Slwil

5 2
+5L-2 Zt '
S.L.Wp_15 € BQ, ||Wl7j||p < tj, Vi e [L — 2]

Proof of Lemmal(l.1] For any 0 € ©, we can rescale the parameters as wy,_1; = o;wy_1,; and Wy ; = wy, ;/«;, for
any «; > 0. Then, the network output becomes

farX)=>" ((le,j)+ : "WL—LJ) Z ( XWi;), ~WL—1,j>+wL,j = fo,0.(X),
i=1 i=1

which proves that this scaling does not change the output of the network. In addition to this, we have the following basic
inequality

‘27

m L m L—2 m
SN IWLIE =D D IWIE +2)  we | we-a;
j=11=1 j=1

j=11=1

where the equality is achieved with the scaling choice o; = (lez”Li" ‘ B
—1,7

change the right-hand side of the inequality, we can set ||wy_1 |2 = 1,Vj. Therefore, the right-hand side becomes

[wells.

1
) * is used. Since the scaling operation does not

Now, let us consider a modified version of the problem, where the unit norm equality constraint is relaxed as |wr_1 ;|2 <
1. Let us also assume that for a certain index j, we obtain ||[wr_1 ;|2 < 1 with wr,_; # 0 as an optimal solution. This
shows that the unit norm inequality constraint is not active for wy,_1 ;, and hence removing the constraint for wz_y ; will
not change the optimal solution. However, when we remove the constraint, ||wy_1 ;|2 — oo reduces the objective value
since it yields wy ; = 0. Therefore, we have a contradiction, which proves that all the constraints that correspond to a
nonzero wy, ; must be active for an optimal solution. This also shows that replacing ||w_1 ;|2 = 1 with |wr_1 j|ls <1
does not change the solution to the problem.

Then, we use the epigraph form for the sum of the norm of the first L — 2 layers to achieve the equivalence, i.e., we
introduce |W ;|| < t; constraint and replace ZZL:_IQ Wi ;% with (L — 2)t in the objective. We also note that since
the optimal layer weights have the same Frobenius norm as proven in Proposition we can replace the Frobenius norm
of each layer weight matrix with the same variable ¢ without loss of generality. O

Lemma A.1. The following two problems are equivalent:

min [ W33 + w2 min w2l

st foo(X) =y s.t. fo2(X) =y, wi; € By
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ProofofLemma For any ¢ € ©, we can rescale the parameters as W1 ; = a;wi; and Wa ; = wa j /aj, for any
a; > 0. Then, the network output becomes

m
W,
fa2(X E wQJXW1J7§ ~» Xwy =Y wy; Xwy j,

j=1 7 j=1

which proves fg 2(X) = fg 2(X). In addition to this, we have the following basic inequality

1 m m
3 Z (w35 + wi13) > Y (Jwaj] [[wall2),
1
where the equality is achieved with the scaling choice a; = (”&Uf J|L ) * is used. Since the scaling operation does not

change the right-hand side of the inequality, we can set |w j[|2 = 1, Vj. Therefore, the right-hand side becomes |[w2||:.

Now, let us consider a modified version of the problem, where the unit norm equality constraint is relaxed as ||[wq ;|2 < 1.
Let us also assume that for a certain index j, we obtain ||wq ;|2 < 1 with wy ; # 0 as an optimal solution. This shows
that the unit norm inequality constraint is not active for w1 ;, and hence removing the constraint for wy_; will not change
the optimal solution. However, when we remove the constraint, |[w ;|2 — oo reduces the objective value since it yields
wa ; = 0. Therefore, we have a contradiction, which proves that all the constraints that correspond to a nonzero ws_ ; must
be active for an optimal solution. This also shows that replacing ||wq ;|2 = 1 with ||[wy ;|2 < 1 does not change the
solution to the problem. O

Lemma A.2. The following problems are equivalent:

m

: 2 2 :
gélgHW1||F+ W2z _ 192182”""2,3‘”2
S.1. fQ’Q(X) =Y

st foo(X) =Y, wy; € By, Vj

Proof of Lemma The proof directly follows from Proof of Lemma[A.T|using the following inequality

3 > (Iwa,;
j=1

—_

m
3+ Iwigl3) = D (w2 [[wile).
j=1

Then, if we set [[w1 ;|2 = 1,Vj, the right-hand side becomes 3~ [[wy j|2. O

Lemma A.3. The following problems are equivalent:
1 m L
min — W, 2 min HWLHI + —2 2
o 3D IWlle i Z

st fo.(X) =y st fo,.(X) =y, wp_1,; € Ba, ||Wl,j||F < tj, Vi€ [L—2],Vj € [m]

Proof of Lemma[A.3] Applying the rescaling in Lemmal[A.T|to the last two layers of the L-layer network in (T3] gives

m L—2

mm lwerli+ = Z Z W%

O}, jlll

S.t. HWL 1]”2 <1,Vj E ZXle WL_1,;WL,j =Y

Then, we use the epigraph form for the norm of the first L — 2 to achieve the equivalence. O
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Lemma A.4. The following problems are equivalent:

m
min *ZZHWL]”F min . QZHWLJH?"‘ _2)2@
i=

{91}’ j=11=1 - {0;} 1{tl}z 1 4=1

s.t. f@,L(X) =Y s.1. fO,L( ) =Y, Wr—1, € BQ, ||Wl,j||F < tj, Vi e [L — 2], Vj c [m]

Proof of Lemma Applying the rescaling in Lemmal[A.T]|to the last two layer of the L-layer network in gives

m L—2
min ZIIWL,JII2+ ZZIIWzIIF
{0z 5 j=11=1

s.t. ||WL 1]”2 < 1 v] E ZXle WL_lij,{,j = Y

Then, we use the epigraph form for the norm of the first L — 2 to achieve the equivalence. O

A.4. Regularization in Theorem

In this section, we prove that regularizing the all the parameters do not alter the claims in Theorem We first state the
primal problem, where all the parameters are regularized, as follows

2

m m L
_ T B 0|2 ol? 12
T 2 1 (A o M ey A
where we use v(%) = () = 0 as dummy variables for notational simplicity. Now, we rewrite as
2

1 || T 5 SN (=12 (1-1)2 2\ , B

P = =minmin 5 Zl (BNoya (Ap—z;Wr-14)), WwL; = Y| +3 Z (% + a; + Wi, |2) +3t
Jj= F j=1

|F) W2 <t

s 55 (| e 1w,
]:1 =1

After applying the scaling between W, and (v(*~D, a(L~1) as in Lemma we take the dual with respect to W, to
obtain the following problem

by

5 (24)

1 2
* > __ _
P> Dy r&a&cmax ||A Y||F ||Y||F +

s.t. max
0€0,.

T (BN, 4 (AH,ijfl,j))+H2 <8,

_1)2 _1)2 . _ 2 2
where ©,, = {# € O : WJ(-L D +Oz;L D = 1, Vj € [m], lL:12 (H’Y(l)HQ + HCV(Z)HQ + ||le|‘fv) + ”WLleiﬂ < t}.
Since

(In_ 11n><n)-AL 2,jWL—-1,j5 (L-1) (L-1)
BN, o (AL o Wi 1) = ’ NG
v ( b2 mE 17J) ||<In_ 1]-n><n)AAL 2,jWL— 1,]”27 \/’E ]
h(0’)

where @’ denotes all the parameters except v(“~1) a5~ W . Then, independent of the value ¢, h(#’) is always a unit
norm vector. Therefore, the maximization constraint in @I) is independent of the norms of the parameters in 6, which
also proves that regularizing the weights in 6’ does not affect the dual characterization in (24)).
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A.5. Additional numerical results

Here, we present additional numerical results that are not included in the main paper. In Figure[5al we perform an exper-
iment to check whether the hidden neurons of a two-layer linear network align with the proposed right singular vectors.
For this experiment, we select a certain 3 such that W1 becomes rank-two. After training, we first normalize each neuron
to have unit norm, i.e., |[wq ;|2 = 1,Vy, and then compute the sum of the projections of each neuron onto each right
singular vector, i.e., denoted as v;. Since we choose (3 such that W is a rank-two matrix, most of the neurons align with
the first two right singular vectors as expected. Therefore, this experiment verifies our analysis and claims in Remark [2.1]
Furthermore, as an alternative to Figure[2a] we plot the singular values of W with respect to the regularization parameter

§ in Figure[5b]
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Figure 5: (a) Projection of the hidden neurons to the right singular vectors claimed in Remark and (b) singular values of W with
respect to 3.
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Figure 6: Training and test performance of full batch SGD (4 initializations) on the CIFAR-100 datasets for a four class classification
tasks, where (n,d) = (2000, 3072), K = 4, L = 2 with 100 neurons and we use squared loss with one hot encoding. For Theory, we
use the layer weights in Theorem 4] which achieves the optimal performance as guaranteed by Theorem -4} We also use a marker to
denote the time required to compute the closed-form solution.

We also conduct an experiment on CIFAR-100 (Krizhevsky et al. 2014) datasets, for which we consider a four class
classification task. In order to verify our results in Theorem .4} we train a two-layer regularized ReLU networks with batch
normalization using four different initializations and then plot the results with respect to wall-clock time. As demonstrated
in Figure[6] our closed form solution, i.e., denoted as Theory, achieves lower objective value as proven in Theorem [@d.4]and

higher test accuracy.
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A.6. Proofs for two-layer networks
Theorem 2.1. The dual of the problem in (3)) is given by

P* > D* = max ATy st max |)\TXW1| <1. (6)
AERn w1€Bs2

For (§), Im* < n + 1 such that strong duality holds, i.e., P* = D*, ¥m > m* and W7 satisfies || XW)TA* || =1,
where X" is the dual optimal parameter.

Corollary 2.1. By Theorem the optimal neurons are extreme points which solve argmaxy, ¢z, \/\*TXWl |.

Proof of Theorem 2.1|and Corollary We first note that the dual of (3) with respect to wy is

i Ay st [(XW)EA || <1, 12 < 1, V5.
peliin | mMAx ATy s [(XW1)3 Ao <1, [lwyjll2 <1,V

Then, we can reformulate the problem as follows

P = i My + Z(|(XW1) LA || < 1), sit. 1o < 1,V5.
pediin  max ATy + (IXW1)3 Ao < 1), st [[w ]2 < 1,V

where Z(||[(XW1)T || < 1) is the characteristic function of the set || (XW1)TA||» < 1, which is defined as

0 if[(XW1) A <1
I(||(XW1)T>\||OOS1):{ [(XW) A <1
—o0 otherwise

a linear function and an upper-semicontinuous indicator function and therefore upper-semicontinuous. The constraint on
W is convex and compact. We use P* to denote the value of the above min-max program. Exchanging the order of
min-max we obtain the dual problem given in (6], which establishes a lower bound D* for the above problem:

P*>D* = in ATy +Z(|(XW)T Ao < 1), sit. 2 < 1,5,
> maxmin Y+ IZ((XW1)" Al £ 1), st [|wyj][2 < 1,V

= m}z\xx)\Ty, S.t. ||(XW1)T>\||OC < 1Vw1,j : ||W17j||2 < I,Vj,

Since the set ||(XW1)TAlloo < 1 is closed, the function ®(A, W) = ATy + Z(|[(XW1)TA||e < 1) is the sum of

= meATy, .t [[(Xw1) T Ao < 1VwWy: [wi]l2 <1,

We now show that strong duality holds for infinite size NNs. The dual of the semi-infinite program in (6)) is given by (see
Section 2.2 of (Goberna & Lopez-Cerdal [1998) and also (Bach, |[2017))

min [| ]|y
s.t./ Xwidu(wi) =y,
w1 €EB:

where TV is the total variation norm of the Radon measure p. This expression coincides with the infinite-size NN as
given in (Bach| 2017), and therefore strong duality holds. We also note that although the above formulation involves an
infinite dimensional integral form, by Caratheodory’s theorem, the integral can be represented as a finite summation of at
most n + 1 Dirac delta functions (Rosset et al., |2007)). Next we invoke the semi-infinite optimality conditions for the dual
problem in (6], in particular we apply Theorem 7.2 of (Goberna & Lpez-Cerdd) [1998). We first define the set

Kcone{( lewl ),w1 GBQ,SG{l,+1};< 2’1 )} )

Note that K is the union of finitely many convex closed sets, since the function Xw; can be expressed as the union of
finitely many convex closed sets. Therefore the set K is closed. By Theorem 5.3 (Goberna & Lopez-Cerdal [1998), this
implies that the set of constraints in (6) forms a Farkas-Minkowski system. By Theorem 8.4 of (Goberna & Lépez-Cerdd,
1998)), primal and dual values are equal, given that the system is consistent. Moreover, the system is discretizable, i.e.,
there exists a sequence of problems with finitely many constraints whose optimal values approach to the optimal value
of (6). The optimality conditions in Theorem 7.2 (Goberna & Lopez-Cerdd, [1998) implies that y = XWiw3 for some
vector wi. Since the primal and dual values are equal, we have Ay = )\*TXW*{WE = ||w3]|1, which shows that the
primal-dual pair ({w3, W3}, X\*) is optimal. Thus, the optimal neuron weights W7 satisfy ||(XW7)T A" || = 1. O
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Proposition 2.1. [(Du & Hu}|[2019)] Given w* = argming, [|Xw — y||2, we have

w |

argmin | XW;wq — Xw*||§ = argmin || XW;wy — y||§

Wi, wa Wi, wa

Proof of Proposition Let us first define a variable w* that minimizes the following problem

w* = min | Xw — y||2.
w

Thus, the following relation holds
XT(Xw* —y) =04
Then, for any w € R?, we have
fw) = | Xw - Xw* + Xw" —y|}3
= [Xw — Xw*[3 + 2(w — w) T XT(Xw" —y) +[|Xw" —y]3

=0y
= [IXw — Xw*[[5 + [ Xw* — y]3.

Notice that | Xw* — y||3 does not depend on w, thus, the relation above proves that minimizing f(w) is equivalent to
minimizing || Xw — Xw*||3, where w* is the planted model parameter. Therefore, the planted model assumption does not
change solution to the linear network training problem in (3). O

Theorem 2.2. Let {X,y} be feasible for (3), then strong duality holds for finite width networks.

Proof of Theorem[2.2] Since there exists a single extreme point, we can construct a weight vector w, € R? that is the
extreme point. Then, the dual of @ with W, = w, is

D: = m)z\auX/\Ty st [[(Xwe)TAl|oo < 1. (25)
Then, we have
P*= min maxATy > max min Ay
0e0\{w2} A A 0eO\{w2}
SU(XW1) Ao <1, [[Wll2 < 1,5 st [(XW1) Ao <1, [wijll2 <1,V

— AT
max A"y
st ||(Xwe) T A |Joo < 1
where the first inequality follows from changing order of min-max to obtain a lower bound and the equality in the second
line follows from Corollary 2.1]

From the fact that an infinite width NN can always find a solution with the objective value lower than or equal to the
objective value of a finite width NN, we have

€ 96@3{1&/11,771} |’LU2‘ - Igéél ||W2H1 227)
s.t. Xwews =y st. XWiwy =y, w2 < 1,5,

where P* is the optimal value of the original problem with infinitely many neurons. Now, notice that the optimization
problem on the left hand side of is convex since it is an /1 -norm minimization problem with linear equality constraints.
Therefore, strong duality holds for this problem, i.e., P = D¥. Using this result along with (26), we prove that strong
duality holds for a finite width NN, i.e., P} = P* = D* = D?}.

O
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Theorem 2.3. Strong duality holds for (10) with finite width.

Proof of Theorem2.3] Since there exists a single extreme point, we can construct a weight vector w, € R? that is the
extreme point. Then, the dual of (I0) with W; = w,

. 1 1
D; =max 2 |A =yl + 5y st AT Xw| < 5.
Then the rest of the proof directly follows Proof of Theorem [2.2] O
Theorem 2.4. Let {X, Y} be feasible for (12), then strong duality holds for finite width networks.

Proof of Theorem Since there exist r,, possible extreme points, we can construct a weight matrix W, € R?¥"w that
consists of all the possible extreme points. Then, the dual of (12)) with W; = W,

D =max tr(ATY) st [ATXw, |2 < 1,V) € [ru).
Then the rest of the proof directly follows Proof of Theorem [2.2] O

A.7. Proofs for deep linear networks

Proposition 3.1. First L — 2 layer weight matrices in have the same operator and Frobenius norms, i.e., t; =
IWijlle = [[Will2, V€ [L —2], Vj € [m].

Proof of Proposition- Let us first rescale the first L — 2 layer weights as V_VZJ- = HW ” W, ;, where ¢ ; > 0.

Defining tf‘2 = [1/52 Wil if t;°s are chosen such that []; > t1; = t]L_Q, then the rescaling does not alter the
output of the network, i.e., fp,1.(X) = f5 1, (X). Therefore, we can optlmize {t1.;}7=2 as follows

L—2
min E tl] H ty; = tf_2,
I=1

(hy)h? 2

for each j € [m]. Apparently, the optimal scaling parameters obey t1 ; = to; = ... = tr_o; = t;. We also note that
the optimal layer weights satisfy t; = |[W ;|lo = [|[Wy;||#, VI € [L — 2], since the upper-bound is achieved when the
matrices are rank-one (see (34)).

O
Theorem 3.1. Optimal layer weights for are
* Vowr oy
£ uw*uQF’u ri=1
Wl,j = tjpl—l,jpl,J lfl <lSL72 ’
Pr_o; fl=L—-1
where p; ; € R™ such that ||p, ;|l2 = 1, VI € [L — 2], Vj € [m] and W is defined in (9).
Proof of Theorem Using Lemmal[A.3]and Proposition 3.1} we have the following dual problem for
1 " XWi .. wr_1 )TN <1, wp_q1,€B
P*=  min max)\Ty+ S(L-2)> 2 st |(XWoj o wro1) Al < WL-1j & 52 (28)
{91}1 1 Lt s A 2 =1 ”WlJ”F < tja vl e [L - 2]7 v] € [m]
Now, let us assume that the optimal Frobenius norm for each layer [ is t; ﬂ Then, if we define O,_; =
{01, 0 alllwr—a 4l < 1, [[Willr <85, VI € [L — 2],V € [m]}, 28) reduces to the following problem
P* > D* = m}z\lx)\Ty SLI(XWoyj..owp1)TA <1, V0, € 0,4, VI, (29)

"With this assumption, (L — 2) e "ot 2 becomes constant so we ignore this term for the rest of our derivations.
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where we change the order of min-max to obtain a lower bound for (28). The dual of the semi-infinite problem in (29) is
given by

min||u||TV S.t./ XWl...WL_ld[,L(tgl,...,eL_1) =Yy, 30)
{01}, €0

where p is a signed Radon measure and || - |7y is the total variation norm. We emphasize that has infinite width in
each layer, however, an application of Caratheodory’s theorem shows that the measure w in the integral can be represented
by finitely many (at most n + 1) Dirac delta functions (Rosset et al., [2007). Such selection of p yields the following
problem

*

Py o= min [wglist Y XWy ;... wi 1w, =y, 6 €O 1, VI (31)

{gl}le j=1

We first note that since the model in (3T)) has the same expressive power with the network in (T3)) as long as m > m*, we
have P* = P . Since the dual of and are the same, we also have D}, = D*, where D}, is the optimal dual value
for (3I).

We now apply the variable change in (8] to (Z9) as follows
m}z\LXS\Tle\?v,’f st IWT o, WEV,STAll, <1, V6, € O_4, V. (32)

We note that an upper-bound for the constraint in (32)) can be achieved as follows

,2‘

3 N . 3
IWT o WL VBT < [Wrogjlla. . [Wil2[ VaEI A2 < 5 IZEAl2,

where the last inequality follows from the constraint on each layer weight’s norm, i.e., |[W ;||r < ¢;. The equality can be
reached when the layer weights are

W, = t;PlijPZj vie[L-2],

where { pl,j}lL;f is a set of arbitrary unit norm vectors and p, = VX7 X/|| VT A||o. Hence, we can rewrite (32) as

m}z}xj\TEmv?/;‘ st T IBTA, < 1,5 € [m]. (33)

Therefore, the maximum objective value is achieved when 2{5\ = c;w, for some c¢; > 0, which yields the following set
of optimal layer weight matrices

*V‘E‘le T _
t_] Wplvj ifl=1
Wij=tim_1,po; f1<I<L-2 , (34)
Pr_o; ifl=L—-1
where p; . € R™ such that 2 =1, VI € [L —2],Vj € [m]. This shows that the weight matrices are rank-one
pl,j pl,j J g

and align with each other. Therefore, an arbitrary set of unit norm vectors, i.e., {pl’ j}lL:*f can be chosen to achieve the
maximum dual objective.

[
Theorem 3.2. Let {X,y} be feasible for (13), then strong duality holds for finite width networks.

Proof of Theorem[3.2] We first select a set of unit norm vectors, i.e., { P }lL:_12, to construct weight matrices { W7 j lL:_ll
that satisfies (34). Then, the dual of (I3)) can be written as

D = max ATy

st|(XWS,..owi )T A <1, V) € [m]
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Then, we have

P = min max )\Ty > max )\Ty (35)
{0} eer1 A A
st |(XWy...wp )T <1 st |(XWy...wr_1)TA| <1, V0, €0,
_ T
= m}z\m/\ y

st|(XWS 5 owi oy ) A <1,V
= D} =D*=D;,
where the first inequality follows from changing the order of min-max to obtain a lower bound and the first equality

follows from the fact that {Wf j }lL;ll maximizes the dual problem. Furthermore, we have the following relation between
the primal problems

P’ = min||wgl1 > P = min w1 (36)
wL {01} €011
m m
st )XW w§w =y st )XWy . Wiy jw; =y,
=1 =1

where the inequality follows from the fact that the original problem has infinite width in each layer. Now, notice that
the optimization problem on the left hand side of (36) is convex since it is an ¢;-norm minimization problem with linear
equality constraints. Therefore, strong duality holds for this problem, i.e., P’ = D’ and we have P > P* = P¥ > D! =
D* = D,. Using this result along with (33]), we prove that strong duality holds, i.e., P¥ = P* = P¥ = D* = D* = D},.

O

Corollary 3.1. Theorem[3.1|implies that deep linear networks can obtain a scaled version of y using only the first layer,
i.e., XW1p, = cy, where ¢ > 0. Therefore, the remaining layers do not contribute to the expressive power of the network.

Proof of Corollary[3.1] The proof directly follows from (34). O

Theorem 3.3. Optimal layer weights for (16) are
+* XTPx.B(Y) p{j lfl =1

. I TXTPx 512
Wi =t el f1<i<L-2

Pr—oj fl=L—-1
where Px g(-) projects to {u eR" | |XTull2 < ﬂt;Q_L}.
Proof of Theorem Using Lemmal[A.3]and Proposition we have the following dual for (T6))
max A~ y 13 + iyl st KWy o W o)Al < 8, V6 € 51, V1,

where O, 1 = {61,...,001[[wr-1;ll2 <1, Wy |lrp <t}, VI € [L —2],Vj € [m]}. Then, the weight matrices that
maximize the value of the constraint can be described as
« X"Pxs(y) T eq
e =1
Wii=tip Pl if1<I<L—2

where Px () projects its input to {u eR" | [|[XTull; < Bt;Q_L } O

Corollary 3.2. Theorem[3.2)also shows that strong duality holds for the training problem in (16).
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Proof of Corollary The proof directly follows from the analysis in this section and Theorem 3.2} O
Theorem 3.4. Optimal layer weight for are
Ve Pl ifl=1
Wi =t el f1<I<L-2
Pr_oj fl=L—-1

where j € (K|, v, ; is the j™ maximal right singular vector of A" X and {o, j}lL;lQ are arbitrary unit norm vectors such
that p;":jpl’k =0, Vj#k.

Proof of Theorem Using Proposition [3.1]and Lemma[A.4] we obtain the following dual problem
D= ml%xtr(ATY) s.t. ||ATXW1J- o Wi_giwr_qll2 <1, V0, € Op_1, Vj € [m]

= mgxtr(ATY) St Omae(ATXW, ;.. . W _9,) <1, V0, € O, V) € [m], (37)
where O 1 = {01,...,001l[|lwr—1ll2 <1, [Wi;llr <t5, VI € [L —2],Vj € [m]}.
It is straightforward to show that the optimal layer weights are the extreme points of the constraint in (37), which achieves
the following upper-bound

max Omax (ATXWLJ» Wi i) < Omas (ATX)t;Liz.
{0} Peo0r 1
This upper-bound is achieved when the first L — 2 layer weights are rank-one with the singular value ¢; by Proposition

Additionally, the left singular vector of W ; needs to align with one of the maximum right singular vectors of ATX. Since
the upper-bound for the objective is achievable for any A, we can maximize the objective value, as in (T4)), by choosing a
matrix A such that

T A | 0, wd T
AU S, =V, |t Orexdore T
Ok:—rwxrm Ok—rwxd—rw

where VV;‘ =VIw: =U,X, VL. Thus, a set of optimal layer weights can be formulated as follows
t;ﬁw,jpfj ifl=1
W ;= t;pl_Ljp?:j ifl<lI<L-2 |, (38)
Pr_o; ifl=L-1

where v, ; is the j™ maximal right singular vector of AT"X and we select a set of unit norm vectors { P} =% such that
plTj pir = 0, Vj # k. We now note that since there exist at most K singular vectors of ATX with non-zeros singular
values, we can replace m with K without loss of generality.

O
Theorem 3.5. Ler {X, Y} be feasible for (17), then strong duality holds for finite width networks.

Proof of Theorem We first select a set of unit norm vectors, i.e., {p;, j}lL:_lz, to construct weight matrices { W7 j lL:_ll

that satisfies (38)). Then, we have

P = min maxtr(ATY) > maxtr(ATY) (39)
{Ql}lL:illG@L_l A
St Omae(ATXW ;.. . W o) <1,Vj St Opmae(ATXW ;.. . W o) <1, Vj,V0, € 014
= mgxtr(ATY)

s.t. Opmae (ATXWE

T Wi o) <1 Vj
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where the first inequality follows from changing the order of min-max to obtain a lower bound and the first equality
follows from the fact that {Wle7 }lL;ll maximizes the dual problem. Furthermore, we have the following relation between
the primal problems

m m
P =min [wr ]l > pr=omin 3wl (40)
= (im0 155
m m
C > T T
s.t. ZXW;J Wi wr =Y s.t. ZXWL]‘ WL WL =Y,
j=1 Jj=1

where the inequality follows from the fact that the original problem has infinite width in each layer. Now, notice that
the optimization problem on the left hand side of {0) is convex since it is an £5-norm minimization problem with linear
equality constraints. Therefore, strong duality holds for this problem, i.e., P = D} and we have P} > P* = P > D} =
D* = D,. Using this result along with (39), we prove that strong duality holds, i.e., P¥ = P* = P¥ = D* = D* = D},.

O
Theorem 3.6. Optimal layer weights for (I8) are
t;{’w,jp{j fl=1
Wii= t;ﬂl—uﬂzj fl<i<L-2 |,
Pr_o; fl=L—-1

where j € [K|, V., is a maximal right singular vector of Px g(Y)'X and Px s(-) projectsto {U €
R™F | 002 (UTX) < ﬂt;Q_L}. Additionally, p, ;’s is an orthonormal set. Therefore, the rank of each hidden layer
is determined by 3 as in Remark[2.1]
Proof of Theorem[3.6] Using Lemmal[A.4]and Proposition [3.1] we have the following dual for (I8)
1 1 .
mAax—§||A ~Y|% + 5||Y||§m St Omae(ATXW ;.. . W o) <, V0, € O, V) € [m],

where we define ©7_1 = {61,...,00_1|[|wr—1,ll2 <1, Wy
set of optimal layer weights is

|p < t5, VI € [L —2]|,Vj € [m]}. Then, as in (38), a

v, 5p1, ifl=1
Wi, =qtip 0 f1<I<L-2
pr_o, ifl=L—1

where Vv, ; is a maximal right singular vector of Px s(Y)"X and Px () projects its input to the set {U €
R | 00 (UTX) < ﬂtj%L}. Additionally, p; ;’s is an orthonormal set. O

A.8. Proofs for deep ReLU networks

Theorem 4.1. Let X be a rank-one matrix such that X = caOT, where c € R} and ag € R then strong duality holds and
the optimal weights are

¢) o
Vil e [L — 2}7 WLij = ﬁ,
-2,

where ¢ ; = ag and {¢l’j}f:*12 is a set of vectors such that ¢, ; € R'"" and ||¢, ;|2 = t}, VI € [L —2],Vj € [m].

Proposition 1. First L — 2 hidden layer weight matrices in (19) have the same operator and Frobenius norms.

d)lflu‘ T

W=
! H¢l—1,j||2 77

Proof of Proposition|I| Let us first denote the sum of the norms for the first L — 2 layer as ¢;,i.e., t; = ZZLIZQ 11,5, where
t1; = [|[Wijll2 = [Wi ;|| F since the upper-bound is achieved when the matrices are rank-one. Then, to find the extreme
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points (see the details in Proof of Theorem .1, we need to solve the following problem

T T
argmax X" cl[lag ol = argmax A" c|[[(af_3 ;WL 2;)+[2
C ey {0 2eor

T  _ (aT : _ _ L-3 I
where we use aj,_, ; = (ap,_3 ;Wr—2;)+. Since [Wr_ojllr =tr_2; =t; — >3,2,"t,,;, the objective value above

becomes |)\*Tc\ l(ar—s.;ll2 (tj — Zf:_l‘? tu). Applying this step to all the remaining layer weights gives the following

problem
. L-3 L-3 L-3
argmax |>\* C| ||a0||2 (tj - Z tl’j> H ty; s.t. Z ty; < tj, ti; > 0.
{t HS? =1 j=1 =1
Then, the proof directly follows from Proof of Proposition[3.1] O

Proof of Theorem Using Lemma[A.3]and Proposition[T} this problem can be equivalently stated as

min ||WLH1 S.t. Al,j = (Al—l,le,j)—‘m vl e [L - 1],Vj S [m}
{0}E €01 41

b

Apawp =y
which also has the following dual form
pP* = min max ATy
{91}lL:7116@L71 A . (42)

st AL Allo <1

Notice that we remove the recursive constraint in @]) for notational simplicity, however, A1 is still a function of all the
layer weights except w,. Changing the order of min-max in [@2) gives

P* > D* :mﬁx)\Ty st [[AT Al €1, V0, €014, Vi€ [L—1]. (43)

The dual of the semi-infinite problem in {@3)) is given by

min || g7y
(44)
S-t-/ (Ap—owp 1), du(01,...,0L1) =y,
{0} €01
where p is a signed Radon measure and || - ||y is the total variation norm. We emphasize that has infinite width in

each layer, however, an application of Caratheodory’s theorem shows that the measure p in the integral can be represented
by finitely many (at most n + 1) Dirac delta functions (Rosset et al.,[2007). Thus, we choose

m

p= 25(W1 — Wi, ., Wr_1 — Wr_1;)wrj,

j=1

where J(-) is the Dirac delta function and the superscript indicates a particular choice for the corresponding layer weight.
This selection of p yields the following problem

P’ = min Wl
m = iy Iwel

m . 45)
S.t.z (A.L_27ij_1,j)+ wr,; =Y, 0, € @L_l, Vi € [L — 1]

Jj=1

Here, we note that the model in {@3) has the same expressive power with ReLU networks, thus, we have P* = P .
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As a consequence of ([@3), we can characterize the optimal layer weights for {@3)) as the extreme points that solve

T
argmax  [X" (AL_2;Wr_1;)+] (46)
{0}y teor
where A* is the optimal dual parameter. Since we assume that X = cal with ¢ € R}, we have A;_5; = caf?l >

where aj; = (a/", ;W )4, a;; € R and VI € [L — 1], Vj € [m]. Based on this observation, we have w1 ; =
ar_ g,j/||aL 2,525 which reduces #0) to the following

T
argmax A" c||lap_2l2 47)
{0} 2€0 1

We then apply the same approach to all the remaining layer weights. However, notice that each neuron for the first L — 2
layers must have bounded Frobenius norms due to the norm constraint. If we denote the optimal /5 norms vector for the
neuron in the /™ layer as ¢, € R'!", then we have the following formulation for the layer weights that solve #6)

i1, Pr2
11,5l 1r—2ll2”
where ¢ ; = ag, {¢;, j}lL;lZ is a set of nonnegative vectors satisfying ||¢, ;||2 = ¢}, VI € [L — 2]. Therefore, the set of

weights in (@8] are optimal for (I9). Moreover, as a direct consequence of Theorem [3.2] strong duality holds for this case
as well.

Wi, = G, Vel -2, wp_1; = (48)

O

Theorem 4.2. Let X be a matrix such that X = cal’, where c € R™ and ay € R%. Then, when L = 2, a set of optimal
solutions to (19) is {(w;, b;) }™,, where w; = SiTagls i = —si¢i||lao||2 with s; = £1,Vi € [m].

Proof of Theorem Given X = cal’, all possible extreme points can be characterized as follows
argmax AT (Xw + bl), | = argmax AT (calw + b1)+ |
bw:||wll2=1 bw:[|wl|l2=1

n

= argmax Z)\ czaow—|—b) ‘

bywil|wl2=1

which can be equivalently stated as

argmax Z )\icl-agw + Z A;bs.t.

calw+b>0,VieS
bw:lwll2=1 ;5 =

cjaoTw+b <0,Vj e8¢’

which shows that w must be either positively or negatively aligned with ag, i.e., w = Ha ” , where s = £1. Thus, b
must be in the range of [max;cs(—sc;i||agl|2), mingese(—sck|lao||2)] Using these observations, extreme points can be

formulated as follows

. {|aa| if Yieshici 20 by {minkesa(—sAck|a()||2) TSI 0

”;S“‘TZ) otherwise max;es(—saci|lagll2)  otherwise

where s\ = sign(} ;.5 Aici). O

Proposition 4.1. Theorem W.1| still holds when we add a bias term to the last hidden layer, i.e.,
o (Ao Wi+ 1,b5) wr ;=Y.

Proof of Proposition Here, we add biases to the neurons in the last hidden layer of (I9). For this case, all the equations
in @1)-(@3) hold except notational changes due to the bias term. Thus, (@6) changes as

T «T T
argmax  [X° (AL o ;wp 15 +bjl,)4| =  argmax X" (cap o ;wr_1;+ bjln)+ |
{91}5‘:71169L71,bj {91}{‘:71169L71,bj
n
T
= argmax E A7 (ciaL,Qﬁij,l,j + bj)+ ‘ (49)
{0} 2€0L1,b; ' i=1
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which can also be written as

ciaf_QJWLfl +b;>0,VieS

argmax Nical 5 w1+ Ajbj s.t. ’
g Z 1EL—2,j5 J Z CjazLﬂfz,ijflsj +0; <0,Vj € S°

{Ol}z 1 teor - 1,bj €8 €S

where S and §¢ are the indices for which ReLU is active and inactive, respectively. This shows that w_; ; must be

W1 = ilﬁ and b; € [max;es(—c;llar—2 jll2), mingese(—ckllar—2,;ll2)]. Then, we obtain the following

ar—2,j : *

—e=2d— f . “c; >

wh = J llar—zll2 2163 Ajei 20
L-1,j —ar_2,j

lar—2,;2

and b”-c _ minkegc(fsyckHaL_g,j||2) if ZiES )\2< Z 0 (50)
otherwise J max;es(—sa-cillar—2,jl|2)  otherwise ’

where sy« = sign(>_, s Afc;). This result reduces (@9) to the following problem

€S
argmax  |C(A", c)|[laL—2,l2,
{6,372 cor

where C'(A", ¢) is constant scalar independent of {W ; } {;‘12. Hence, this problem and its solutions are the same with
and (#3)), respectively.

O

Corollary 4.1. As a result of Theorem when we have one dimensional data, i.e., x € R", an optimal solution to (19)
can be formulated as {(w;, b;) Y"1, where w; = s;, b; = —s;x; with s; = £1,¥i € [m]. Therefore, the optimal network
output has kinks only at the input data points, i.e., the output function is in the following form: fg2(Z) = >, (& — ;).
Hence, the network output becomes a linear spline interpolation.

Corollary 4.2. As a result of Theorem[d.2|and Proposition[d.1] for one dimensional data, i.e., x € R™, the optimal network
output has kinks only at the input data points, i.e., the output function is in the following form: fo 1.(Z) = >, (T — ;).
Therefore, the optimal network output is a linear spline interpolation.

Proof of Corollary 4.1)and Let us particularly consider the input sample ay. Then, the activations of the network
defined by (@8) and (50) are

ap
a,{,j = (agwl)-l' = (ag || H ¢1> ||a0||2¢’£j

ai,j T T
a3, = (al, Wa) = (al, 2B, ) | = laollallo] 63,

J ||a

aL-3, T T T
a€72,j = (az—B,ijﬁ,jM = a:LF 3,j = ¢L 2 = ||aO||2||¢1,j||2 cee H¢L73,j ‘2¢)L72,j
lar—sl|2

2)+ =0.

ar—1;= (a7 _o;wr1;+b)y = (lap—2l2 — IIaL—2,j

Thus, if we feed c¢;a to the network, we get ar—1,; = (¢il|lar—2,j]l2 — ¢llan—2,j]]2)+ = 0, where we use the fact that
optimal biases are in the form of b; = —c¢;||a_2 ;|2 as proved in (30). This analysis proves that the kink of each ReLU
activation occurs exactly at one of the data points. O

Proposition 4.2. Theorem extends to deep ReLU networks with vector outputs, therefore, the optimal layer weights
can be formulated as in Theorem[d]

Proof of Proposition For vector outputs, we have the following training problem

m L
B
i 1. (X) - Y+ 5 32 Wil
I -

j=11=1
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After a suitable rescaling as in the previous case, the above problem has the following dual

1 1 .
P* = D" =max—o|[A = Y[} + 5[ YIIE st AT (Apoywi,), o < 8, V0 € ©0oy, Vi€ [L—1],Y) € [m].
(51

Using (51)), we can characterize the optimal layer weights as the extreme points that solve

T
argmax ||[A* (Ap_2 ;Wr_1,;)+]2, (52)
{03 eor 1

where A* is the optimal dual parameter. Since we assume that X = cal with ¢ € R, we have A;_» ; = cal_, ;» Where

afj = (a,lT—Lle,j)-‘r’ a;; € R and VI € [L — 1]. Based on this observation, we have wz_1 ; = ar_2;/|lar—2,;

which reduces (52) to the following

|27

T
argmax  [|[A* cl|2 |lar—2,j]|2-
{Gl}fzflze@zﬁl

Then, the rest of steps directly follow Theorem [4.1]yielding the following weight matrices

P11 P2
W= ¢l ViellL—2], wp 1, = ——2d_
T il T llpr syl
where ¢ ; = ao, {(;Sl’j}lL:_lQ is a set of nonnegative vectors satisfying ||@, ;|| = ¢}, VI € [L — 2],Vj € [m]. O

Theorem 4.3. Let {X,Y} be a dataset such that XX = 1,, and Y is one-hot encoded, then a set of optimal solutions
for the following regularized training problem

m L
o1
min §Hf0,L( - Y%+ ZZ Wi l% (20)
j=11=1
can be formulated as follows
4’1—1,_7 T .
Wi, = {'d”-l,jllz‘f’lvj’ ettt
(||¢0,j||2 - 5)+ ¢l—1,je7T ifl=

where ¢ ; = XTy;, {(;Sl’j}lL:_lQ are vectors such that ¢, ; € R'",
@r_1,; = €jisthe 3t ordinary basis vector.

jll2 =3, and (ﬁﬁ-q&l’j = 0, Vi # j, Moreover,

Proof of Theorem For vector outputs, we have the following training problem

m L
N 1 2
P =min 2 lfo.c(X) ~ YIE + Z Wi 3)

After a suitable rescaling as in the previous case, the above problem has the following dual

1 1 .
P* Z D* :m};}x—i HA — Y”F + 5 HYHF S.t. HAT (AL—Q,ij—l,j)+ H2 S B, \V/Gl S ®L—17 Vi S [L — 1], VJ S [m]
(54)

Using (54), we can characterize the optimal layer weights as the extreme points that solve

*T
argmax ||[A* (Ar_o,;Wr_1,;)+]2, (55)
{91}{‘:71169[1,1
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where A* is the optimal dual parameter. We first note that since X is whitened such that XX” = I, and labels are one-hot
encoded, the dual problem has a closed-form solution as follows

LD
A;:{ﬂtj e 8 < llyxll2

. , Vke[K]. (56)
Vi otherwise

We now note that since Y has orthogonal one-hot encoded columns, the dual constraint can be decomposed into k£ max-
imization problems each of which can be maximized independently to find a set of extreme points. In particular, the j**
problem can be formulated as follows

argmax  |y; (Ap—o ;wr_1;)+| < max {|| (y&), ll2, I (=y5) 4 ll2}-
{0} €0

Then, noting the whitened data assumption, the rest of steps directly follow Theorem yielding the following weight
matrices

&1 b1y Pr_2;
[b1-1;ll2 12l

where ¢ ; = X"y}, and {¢)l7j}lL:*12 is a set of nonnegative vectors satisfying ||, ;||2 = ¢}, VI and ¢l]:i¢l,j =0Vi#j.

W, ;= G Vle[L—2], wp_y; = (57)

We now note that given the hidden layer weight in (57), the primal problem in is convex and differentiable with
respect to the output layer weight W . Thus, we can find the optimal output layer weights by simply taking derivative and
equating it to zero. Applying these steps yields the following output layer weights

K
_Pr-21 P2 K ¢L 2,1
Wi |:||¢L aallz 7 llern— 2K”2i| Z ||¢L 2r||2¢L 1,r
K (58)
WL = Z (”d)O;THQ - 6)_;,_ ¢L717re71‘ﬂa
r=1

where ¢; _,, = e, is the 7" ordinary basis vector.

Let us now assume that ¢; = 1 for notational simplicity and then show that strong duality holds, i.e., P* = D*. We first
denote the set of indices that yield an extreme point as £ = {j : 8 < |ly;[l2,7 € [o]}. Then we compute the objective
values for the dual problem using (56)

1, ., 1
D=—Z A" = Y&+ IYIE

= =3 S~ Ivsll)? Z 15

je&
1
= 3B+ B il + 5 3 Il (59)
JEE J¢E
We next compute the objective value for the primal problem (53) (after applying the rescaling in Lemma @ using the
weights in and (38) as follows

1 B —
P = §||fe,L(X) -Y|%+ 5 Z [wejll2
j=1

1 y;
=3 > ly;llz = B) Hy?HZef—Y +5Z (ly;ll2 = B)
jEE J jeE

1 2

24

Y T
1v5ll2

= —§B2|5| t3 Z Iy;115 + 8 [1ysll2,

j¢e jee

1
53 uyjefu% +B8Y il - Pl

JEE je€
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which has the same value with (39). Therefore, strong duality holds, i.e., P* = D*, and the set of weights proposed in
(37) and (58) is optimal. O

Theorem 4.4. Suppose Y is one hot encoded and the network is overparameterized such that the range of Ay _5 ; is R",
then an optimal solution to the following problerrm

o1
min —
fco 2

R

(BNya (Ap—owr1;)), wr;m =Y
1

J F

B — L—1)2 L—1)2 2
F520 (T T wal3)
=1

can be formulated in closed-form as follows
(Wi why) = (AL auws (sl = ), ;)
lv;-“” ] L Pw - ilmyjnﬂ
T

| = BUSY o
alF=h vll2 JalnYi

Vj € [K], where e; is the j'" ordinary basis vector.

Proof of Theorem We first state the primal problem after applying the scaling between wp, and (‘y(L’l), alk ’1)) as
in Lemma[A4]
2
P* = min 5 2:1 (BNyo (A2 wi_17)), wr," = Y| +8Y [wrl,. (60)
j=

F 7=l

_ L (L-1)2 (L-1)2 ) . .
where ©; = {0 € © : v; + o =1, Vj € [m]} and the corresponding dual is

" N 1 1
P Z D :ij\iX—§”A - YH% + §||Y||%‘ S.t. érel%)f ‘AT (BN%Q (AL,Q’J‘WL,LJ‘))_"_‘ S 6 (61)

We now show that the following set of solutions for the primal and dual problem achieves strong duality, i.e., P* = D*,
therefore, optimal.

A Al vi (Iyilla = B)e;) i B < Iyl
(WLfl,j7WL,j) _ {( L—2,5Y7 J J J

— otherwise
(L-1)* 1 .
A - ['yf w};*?yf”ﬂ . vielK].
aj y;ll2 JrinYi

v [P i8Iyl
.

Y otherwise

Now let us first denote the set of indices that achieves the extreme point of the dual constraintas £ = {j : 8 < |ly;|l2,J €
[KT}. Then the dual objective in (61) using the optimal dual parameter above

* 1 * 1
D = —5IIA" = YII} + 5 IYIl3

K
1 1
—5 DB = vl + 5 3 il
j=1

JjEE

1 1
= =B+ 8D Iyillz+ 5 D lvsl3- (62)

jeE j¢E

1Notice here we only regularize the last layer’s parameters, however, regularizing all the parameters does not change the analysis
and conclusion as proven in Appendix [A.4}
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We next restate the scaled primal problem

2
K 1 % K
1 (In - *1n><n)AL 2, W14 (1)* (1) T
Pp =3 T+ —= wii=Y| +8)> |lwi;
2 Z (”( an)AL QJWL le J f % . »J ; H ,JHQ
F
1 Yi
=3 > (lyslla = B) Wef—Y +5Z (ly;ll2 — B)
jeE Yill2 jeE
= *Z i Znyj ]T||F+62||yg 2 - 8%¢
y] jeE
= —5/32|5| +§Z||yj||§+,82|lyjlla, (63)
J¢E JjEE

which is the same with (62)). Therefore, strong duality holds, i.e., P* = D*, and the proposed set of weights is optimal for
the primal problem (60).

O

Corollary 4.3. Computing the last hidden layer activations after BN, i.e., A;,_1 € R"*E using the optimal layer weight
in Theoremd.4)and then subtracting their global mean as in (Papyan et al.|[2020) yields

1 K 1
(In - n n><n> AL 1= z <IK®1I’Q - KlnXK> )

where we assume that samples are ordered, i.e., the first n/ K samples belong to class 1, next n/ K samples belong to class
2 and so on. Therefore, all the activations for a certain class k are the same and their mean is given by (\/K/n)(e —

15 /K), which is the k' column of a general simplex ETF with o = /(K — 1) /n and U = I.

Proof of Corollary[d.3]. We first restate a crucial assumptions in (Papyan et al.,[2020).

Assumption 1. The training dataset has balanced class distribution. Therefore, if we denote the number of data samples
as n, then we have 7 samples for each class j € [K].

Due to Assumptionand one-hot encoded labels, we have [|y1][, = [[yz2ll, = ... = [[yxll, = /7. Now, we assume
that \/7 > [ since otherwise none of the neurons will be optimal as proven in Theorem We also remark that

\/ 7 > 1> [ in practice so that this assumption is trivially satisfied for practical scenarios considered in (Papyan et al.,
2020). Therefore, the weights in Theorem [4.4]imply that

(T — £ Loxn) AL 2 W, 1y, "y 1 *
A1), = , : *(L e ﬁa(kl)
H(In - ﬁlnxn)Asz’jW(Lfl)’j‘L !
1
((In — Elnxn)yJ' + 1”><an)

1yl n{ly;ll,

Y
vl

_ VKy;

-,

th

where A (;_y) ; denotes the j** column of the last hidden layer activations after BN and the last equality follows from
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Assumptions E} We then subtract mean from A _; as follows

=

1

*1n,><n
n

) Api = (In -

1

*1n,><n
n

)

Si5

EE

VK 1
= % <IK ®1ln — KlnxK> )

where we assume that samples are ordered, i.e., the first n/ K samples belong to class 1, next n/ K samples belong to class
2 and so on. Therefore, all the activations for a certain class k are the same and their mean is given by

Bl-toog - B-p)

Jnl K K K

kth entry

K

which is the £ column of a general simplex ETF witha = /(K — 1)/nand U = Ik in Deﬁnition Hence, our analysis
in Theory [.4] completely explains why the patterns claimed in (Papyan et al.| 2020) emerge throughout the training of the
state-of-the-art architectures. We also remark that even though we use squared loss for the derivations, this analysis directly
applies to the other convex loss functions including cross entropy and hinge loss as proven in Appendix

O



