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7. Details for the Toy Example

Suppose we train the network with n neurons for 7" time using gradient descent with random initialization, i.e., the network
we obtain is f,n using the terminology in Section 3.3. As shown by Song et al. (2018); Mei et al. (2019), L] f,yTL] is actually
O(1/n + €) with high probability, where ¢ = L[f,=] is the loss of the mean field limit network at training time 7". Song
et al. (2018) shows that limyp_, £] fp;o] = 0 under some regularity conditions and this implies that if the training time 7’
is sufficient, L[f,e] is generally a smaller term compared with the O(1/n) term.

To generate the synthesis data, we first generate a neural network feen(€) = 1955 Zivzl bisigmoid(a; ), where a; are

ii.d. sample from a 10 dimensional standard Gaussian distribution and b; are i.i.d. sample from a uniform distribution

Unif(—5,5). The training data « is also generated from a 10 dimensional standard Gaussian distribution. We choose

feen(x) = y as the label of data. Our training data consists of 100 data points. The network we use to fit the data is
1 n

f =231 bitanh(a]" ). We use network with 1000 neurons for pruning and the pruned models will not be finetuned.

All networks are trained for same and sufficiently large time to converge.

8. Finding Sub-Networks on CIFAR-10/100

In this subsection, we display the results of applying our proposed algorithm to various model structures on CIFAR-10
and CIFAR-100. On CIFAR-10 and CIFAR-100, we apply our algorithm to the networks already pruned by network
slimming (Liu et al., 2017) provided by Liu et al. (2019b) and show that we can further compress models which have
already pruned by the L; regularization. We apply our algorithm on the pretrained models, and finetune the model with
the same experimental setting as ImageNet.

As demonstrated in Table 4, our proposed algorithm can further compress a model pruned by Liu et al. (2019b) without
or only with little drop on accuracy. For example, on the pretrained VGG19 on CIFAR-10, Liu et al. (2017) can prune
30% channels and get 93.81% =+ 0.14% accuracy. Our algorithm can prune 44% channels of the original VGG19 and get
93.78% =+ 0.16% accuracy, which is almost the same as the strong baseline number reported by Liu et al. (2019b).

DataSet Model Method Prune Ratio (%) | Accuracy (%)
Liu et al. (2017) 70 93.81 £0.14

VGGI9 Ours 56 93.78 £ 0.16

CIFAR10 Liu et al. (2017) 60 94.90 £+ 0.04
PreResNet-164 Ours 51 94.91 + 0.06

Liu et al. (2017) 40 94.71 £0.21
Ours 33 94.68 + 0.17

Liu et al. (2017) 50 73.08 £0.22

VGGI9 Ours 44 73.05 +0.19

CIFAR100 Liu et al. (2017) 60 76.68 £ 0.35
PreResNet-164 Ours 53 76.63 + 0.37

Liu et al. (2017) 40 75.73 £0.29

Ours 37 75.74 + 0.32

Table 4. Accuracy on CIFAR100 and CIFAR10. “Prune ratio” stands for the total percentage of channels that are pruned in the whole
network. We apply our algorithm on the models pruned by Liu et al. (2017) and find that our algorithm can further prune the models.
The performance of Liu et al. (2017) is reported by Liu et al. (2019b). Our reported numbers are averaged by five runs.

9. Discussion on Assumption 2 and 5

Let ;(0) = o(x),0)/\/m and ¢(8) = [1(8), ..., »m(8)] to be the vector of the outputs of the neuron o (x; @) scaled
by 1/+/m, realized on a dataset D,,, := {a:(j)};-”:l. We call ¢(0) the feature map of 6. Given a large network finj(z) =

Zij\; o(x;0;)/N, define the marginal polytope of the feature map to be
My :=conv{ep(0;) |ie{l,...,N}},

where conv denotes the convex hull. Then it is easy to see that Assumption 2 is equivalent to saying that y :=
[y, ... y(™]//m is in the interior of the marginal polytope My, i.e., there exists v > 0 such that B (y,v) C M.
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Here we denote by B (u, r) the ball with radius r centered at g. Similar to Assumption 2, Assumption 5 is equivalent to
require that B (y,v*) C M, where

M = conv {(8) | 6 € supp(p7”)}.

We may further relax the assumption to assuming y is in the relative interior (instead of interior) of M and M. However,
this requires some refined analysis and we leave this as future work.

It is worth mention that when M has dimension m and fje- gives zero training loss, then assumption 5 holds. Similarly, if
My has dimension m and f N gives zero training loss, then assumption 2 holds.

10. Pruning Randomly Weighted Networks

Our theoretical analysis is also applicable for pruning randomly weighted networks. Here we give the following corollary.

Corollary 4. Under Assumption 1 and suppose that the weights {0;} of the large neurons fin)(x) are i.i.d. drawn from
an absolutely continuous distribution py with a bounded support in R, without further gradient descent training. Suppose
that Assumption 5 and 6 hold for py (changing pT° to po). Let SRandom be the subset obtained by the proposed greedy
forward selection (2) on such fin) at the n-th step. For any 6 > 0 and v < ~*/2, when N is sufficiently large, with
probability at least 1 — §, we have

L[ sgonion] = O (1/ (min (1,7) n)2) .

This corollary is a special case of Theorem 3 when taking the training time to be zero (1" = 0). And as the network is not
trained, Assumption 4 are not needed for this corollary.

11. Forward Selection is Better Than Backward Elimination

A greedy backward elimination can be developed analogous to our greedy forward selection, in which we start with the
full network and greedily eliminate neurons that gives the smallest increase in loss. Specifically, starting from SE = [N],
we sequentially delete neurons via

Spi1 < Sp\{in}*, where iy, = argminl|fss\ 1], (7
1€S8
where \ denotes set minus. In this section, we demonstrate that the forward selection has significant advantages over
backward elimination, from both theoretical and empirical perspectives.

Theoretical Comparison of Forward and Backward Methods Although greedy forward selection guarantees O(1/n)
or O(1/n?) error rate as we show in the paper, backward elimination does not enjoy similar theoretical guarantees. This is
because the “effective search space” of backward elimination is more limited than that of forward selection, and gradually
shrinkage over time. Specifically, at each iteration of backward elimination (7), the best neuron is chosen among S2, which
shrinks as more neurons are pruned. In contrast, the new neurons in greedy selection (2) are always selected from the full
set [N], which permits each neuron to be selected at every iteration, for multiple times. We now elaborate the theoretical
advantages of forward selection vs. backward elimination from 1) the best achievable loss by both methods and 2) the
decrease of loss across iterations.

e On the lower bound. In greedy forward selection, one neuron can be selected for multiple times at different iterations,
while in backward elimination one neuron can only be deleted once. As a result, the best possible loss achievable by back-
ward elimination is worse than that of greedy elimination. Specifically, because backward elimination yields a subnetwork
in which each neuron appears at most once. We have an immediate lower bound of

L[Sp] > LY, Vn e [N],
where
N
,C,]?\;< = m;n{/v'[fa] Loy = di/Zdi, a; € {0, 1}} .
i=1
In comparison, for .S} from forward selection (2), we have from Theorem 1 that

L[S, = O0(1/n) + Ly,
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where £}, equals (from Eq 3)
N
* = 1 N : > pp—
Ly rrgn{ﬁ[fa]. a; >0, E_lozl 1}.

This yields a simple comparison result of
LIS] > L[S;]+ (L} — Ly) + O(1/n).

Obviously, we have L3 > L% because L% optimizes on a much larger set of c, indicating that backward elimination is
inferior to forward selection. In fact, because £5* is most likely to be strictly larger than L£%; in practice, we can conclude
that £[SB] = Q(1) + L3} where (2 is the Big Omega notation. This shows that it is impossible to prove bounds similar to
L[S!] = O(1/n) + L3 in Theorem 1 for backward elimination.

e On the loss descend. The key ingredient for proving the O(n 1) convergence of greedy forward selection is a recursive
inequality that bounds L[fs, ] at iteration n using L[fs,, _,] from the previous iteration n — 1. Specifically, we have

Ly —Llfs, ] C
cifs.) < oy + Al O ®

where C' = maxy, {||u —v))? i u,veM N}; see Appendix 12.1 for details. And inequality (8) directly implies that

clfs) < £y + ABZEN vy ey

An importance reason for this inequality to hold is that the best neuron to add is selected from the whole set [N] at each
iteration. However, similar result does not hold for backward elimination, because the neuron to eliminate is selected from
SE, whose size shrinks when n grows. In fact, for backward elimination, we guarantee to find counter examples that violate

a counterpart of (8), as shown in the following result, and thus fail to give the O(n~!) convergence rate.

Theorem 5. For the S5 constructed by backward elimination in (7). There exists a full network Jiv(x) =
Ziil o(x; 8;)/N and a dataset D, = (), y )™ | that satisfies Assumption 1, 2, such that L5 > 0 and 3n € [N]

. Llfen] — LY
Lfss 1>LY + B —
In comparison, the Sy, from greedy forward selection satisfies
clfs) < oy + ARZEN gy, ©

n

In fact, on the same instance, we have L% = 0, and the faster rate L[fs,] < L% = O(n~2) also holds for greedy forward
selection.

Proof. Suppose the data set contains 2 data points and we represent the neurons as the feature map as in section 9. Suppose
that N = 43, ¢(01) = [0,1.5], ¢(02) = [0,0], ¢(03) = [-0.5,1], #(04) = [2,1] and ¢(0;) = [(—1.001)" 732 + 2,1],
i € {5,6,....,43} and the target y = [0, 1] (it is easy to construct the actual weights of neurons and data points such that
the above feature maps hold). Deploying greedy backward elimination on this case gives that

Llfen ] — £BF
L[fss M4—L’lfv*,

N—n] >
for n € [38], where LB = miny,e[N] El?\}in > 0.03. In comparison, for greedy forward selection, (9) holds from the proof
of Theorem 1. In addition, on the same instance, we can verify that £}, = 0, and the faster O(n’Q) convergence rate also
holds for greedy forward selection. In deed, the greedy forward selection is able to achieve O loss using two neurons (by
selecting ¢»(03) for four times and ¢»(04) once). O
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Model Method | Topl Acc | FLOPs
Backward 73.1 2.81G
Forward 73.5 2.64G

ResNe34 15 ckward | 724 | 2.22G
Forward 72.9 2.07G
Backward 71.4 257TM
MobileNetV?2 Forward 71.9 258M

Backward 70.8 215M
Forward 71.2 201M

Table 5. Comparing greedy forward selection and backward elimination on Imagenet.

Empirical Comparison of Forward and Backward Methods We compare forward selection and backward elimination
to prune Resnet34 and MobilenetV2 on Imagenet. As shown in Table 5, forward selection tends to achieve better top-1
accuracy in all the cases, which is consistent with the theoretical analysis above. The experimental settings of the greedy
backward elimination is the same as that of the greedy forward selection.

12. Proofs

Our proofs use the definition of the convex hulls defined in Section 9 of Appendix.

12.1. Proof of Proposition 1

The proof of Proposition 1 follows the standard argument of proving the convergence rate of Frank-Wolfe algorithm with
some additional arguments. Our algorithm is not a Frank-Wolfe algorithm, but as illustrated in the subsequent proof, we
can essentially use the Frank-Wolfe updates to control the error of our algorithm.

Define £(u) = ||u — y||?, then the subnetwork selection problem can be viewed as solving

in ¢
L, )

with £ = minyeaq, (u). And our algorithm can be viewed as starting from u® = 0 and iteratively updating u by

uf = (1-&)ub " + &.q", q" = argmin £((1—-&)u*"" +&iq), (10)
geVert(Mpy)

where Vert(My) := {¢(61), ..., p(0xn)} denotes the vertices of My, and we shall take &, = 1/k. We aim to prove that
{(u”) = O(1/k) + L% . Our proof can be easily extended to general convex functions ¢(-) and different &, schemes.

By the convexity and the quadratic form of £(-), for any s, we have

() + Ve T (s — b (11)
Luf Y + Vo )T (s —ub 1) + Hs—uk_lHQ. (12)
Minimizing s in M y on both sides of (11), we have

Ci= min () > min (K@) + Ve@ ) (s —ut ) a3

= ((uF1) + VP T (8P — ub T,

Here we define

s* = argminVe(u""1) T ( k=1

SEMN

sS—u

14
= argmin V/(u*1)T(s—ur1) (19

seVert(My)

)
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where the second equation holds because we optimize a linear objective on a convex polytope M n and hence the solution
must be achieved on the vertices Vert(M y ). Note that if we update u* by u* = (1 — & )u*~! + &.s*, we would get the
standard Frank-Wolfe (or conditional gradient) algorithm. The difference between our method and Frank-Wolfe is that we
greedily minimize the loss ¢ (uk), while the Frank-Wolfe minimizes the linear approximation in (14).

Define D, := maxy, »{||t —v| : u,v € My} to be the diameter of M y. Following (17), we have

o(uf) = qevfeﬁi(l}wmf (1= &)u" " + &aq)
< (1= &u "+ &sb)
<L) + Ve T (sF — W) 1 0gf (15)
<A=& (ufh) + &Ly + C8F, (16)

where we define C' := D?MN, (15) follows (12), and (16) follows (13). Rearranging this, we get
L) = Ly = C& < (1— &) (Lub™h) = Ly — C&)

By iteratively applying the above inequality, we have

E
U(uh) — Ly — C&, < (H(l - &:)) (b(u”) - Ly — C&).

i=1
Taking &, = 1/k. We get

c 1

(uh) = Ly - < 4 () ~ Ly = C).
And thus
((uk) < % () —Ly)+ Ly =0 (2) + LY.

This completes the proof.

12.2. Proof of Theorem 2

The proof leverages the idea from the proof of Proposition 1 of Chen et al. (2012) for analyzing their Herding algorithm,
but contains some extra nontrivial argument.

Following the proof of Proposition 1, our problem can be viewed as

min {E(u) = |lu *yH2},

uEMpN

with £ = minyemy ¢(u), our greedy algorithm can be viewed as starting from «” = 0 and iteratively updating u by

2

k-1 1 k—1 1
ub = ——ur Tt 4 —qF, ¢" = argmin ||[—— w1+ —g—y a7y
k k gevert(My) || K k
where Vert(My) := {#(01),...,0(0x)} denotes the vertices of Mpy. We aim to prove that f(u*) =

O(1/(kmax(1,v))?), under Assumption 2.

Define w* = k(y — u*), then £(u¥) = Hw’“H2 /k?. Therefore, it is sufficient to prove that ||w*|| = O(1/(max(1,7))).
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Similar to the proof of Proposition 1, we define
sP = argminV/(u*) T (s — u*)
sEMN

= argminV/(u") " s
sEMnN

= arg min(w", s).
sEMN

= argmin(w”®, (s —y)).
SEMN

Because B(y, ) is included in M y by Assumption 2, we have s’ := y — yw"/ Hw’C || € M. Therefore

(w*, ("1 —y)) = min (W, (s—y)) < (wF, (s —y))=—v]w"|.

SEMnN
Note that
2 . 2
[ = o min,, lew +a = (e 1]
— min [wf+q-y
geVert(My)
<t + s+ —y|

= ||wkH2 +2(wh, (sF1 —y)) + HSkH — yH2

< [|w*||” = 2 | + Dy,
where D a4, is the diameter of M y. Because w’ =0, using Lemma 6, we have

1

. Vk=1,2,...,
(Lv))

2
[l

: kY _ _ 1
This proves that £(u”) = 15— = O (m)

Lemma 6. Assume {zi}>0 is a sequence of numbers satisfying zo = 0 and
lzi1]? < |2k? — 29]2k| +C, VE=0,1,2,...

where C and ~y are two positive numbers. Then we have |z,| < max(v/C, C/2,C/(27)) forallk =0,1,2, .. ..

Proof. We prove |z,| < max(v/C, C/2,C/(2Y)) := u. by induction on k. Because zy = 0, the result holds for k = 0.
Assume |z;| < u,, we want to prove that |zx1| < u, also holds.

Define f(z) = 22 — 2yz + C. Note that the maximum of f(z) on an interval is always achieved on the vertices, because
f(2) is convex.

Case 1: If |z;| < C/(27), then we have
il < fllal) < max{5): =€ 0, ¢/} =max{50), s/ | =max{e, 2y} <

Case 2: If |z;| > C/(27), then we have
|2ks1l? < Jenl® = 2ylza] + C < |z]? < il

In both cases, we have |z11| < u.. This completes the proof. O
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12.3. Proof of Theorem 3

We first introduce the following Lemmas.

Lemma 7. Under the Assumption 1, 3, 4, 5 and 6. For any § > 0, when N is sufficient large, with probability at least
1-49,

B(r50") < com {9(6) |0 € sup()}.

Here p¥ is the distribution of the weight of the large network with N neurons trained by gradient descent.

12.3.1. PROOF OF THEOREM 3

The above lemmas directly imply Theorem 3.

12.3.2. PROOF OF LEMMA 7

In this proof, we simplify the statement that ‘for any 6 > 0, when NV is sufficiently large, event £ holds with probability at
least 1 — §” by ‘when N is sufficiently large, with high probability, event £ holds’.

By the Assumption 5, there exists v* > 0 such that

B(y,") € conv{¢(0) | 6 € supp(p7)} = M.

Given any 6 € supp(p3’), define
oV (6) = argmin |¢(8') — ¢(0)]

0’ Esupp(p¥)
where ¢” () is the best approximation of ¢(6) using the points ¢(6;), 8; € supp(p¥).

Using Lemma 11, by choosing ¢ = v*/6, when N is sufficiently large, we have

sup  [|p(0) — &N (0) < ~*/6, (18)
Ocsupp(pF)

with high probability. (18) implies that My can approximate M for large N. Since M is assumed to contain the ball
centered at y with radius v*, as My approximates M, intuitively My would also contain the ball centered at y with a
smaller radius. And below we give a rigorous proof for this intuition.

Step 1: ||y — y|| <~*/6. When N is sufficiently large, with high probability, we have
M
15—yl <D ail|¢™(67) — 6(67)]| <~ /6.
i=1

Step 2 B (y, %’y*) C M By step one, with high probability, ||y — y|| < v*/4, which implies that y € B (y,~v*/4) C
B (y,~v*) € M. Also, for any A € M (here M denotes the boundary of M), we have

[y = Al =y = Al =y =yl =7 =~"/4.

This gives that B (y, 27*) € M.

Step 3 B (y,27*) € My Notice that § is a point in R™ and suppose that A belongs to the boundary of My (denoted
by OM y) such that

Iy - Al= min [y 4.
A€OM N

We prove by contradiction. Suppose that we have ||y — A|| < %7*.
Using support hyperplane theorem, there exists a hyperplane P = {u : (u — A,v) = 0} for some nonempty vector v,

such that A € P and

sup (g,v) < (A,v).
qeEMN
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We choose A’ € P suchthat A’ —y 1 P (A and A’ can be the same point). Notice that
5= AN =15 —A+A=- A = |y = AP+ A= AP +2(5 - A, A— A).

Since A’ —y L Pand A, A’ € P,wehave (§ — A,A— A’) = Oand thus ||y — A'|| < ||y — A| < £7*. We have
/ S lle o2 . oD .

Notice that as both y, A’ € M we choose A > 1 such thaty + A (A’ — §) € OM, where OM denotes the boundary of M.
Define B =y + A (A’ —¥). As we have shown that B (¥, 27*) € M, we have ||y — B|| > 2v*. And thus

IB = Al = 1B =yl —[ly — Al

>5* 2*
6" 37
>1*
6"

Also notice that

(B—Av)=F+ XA -3)—Av)
= (1= N —Aw)+ A — A,0)
=(1-A)({y—-A4v)
> 0.

This implies that B and M are on different side of P.
With high probability, we are able to find D € {¢(0); 6 € supp(p¥ )} such that
,y*
D—-B| < —.

Ip-B<L
By the definition, D € My and thus (D — A, v) < 0 as shown by the supporting hyperplane theorem. Also remind that
(B — A, v) > 0. These allow us to choose X’ € [0, 1] such that

ND+(1-MN)B—-A,v)=0.

We define E = M'D + (1 — X)B and thus E € P. Notice that
|B~E| =B~ ND~(1-X)B|=X|B-D|<|B-D|<%.

Also,

IB-E|?=|B—A+A —E|"=|B-A|"+ |4 - E|" +2(B- A, A~ E).
AsB—A' L Pand A", E € P,wehave (B — A’, A’ — E) = 0, which implies that || B — E|| > || B — A’|| > $~*, which
makes contradiction.

Step4 B (y, £v*) € My As for sufficiently large N, we have ||y — y|| < £~* and thus
1, .2,

Lemma 8. Under assumption 1 and 3, for any N, at training time T < oo, for any 6 € supp(py) or 6 € supp(pS), we
have (6| < C, ||¢(0)[| < C and ||¢(0)||;, < C for some constant C' < <.

13. Technical Lemmas
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Lemma 9. Suppose 0; € R%, i = 1,...,N are i.i.d. samples from some distribution p and Q C R? is bounded. For any
radius rg > 0 and § > 0, define the following two sets

A= {93 € Q’PM 0 eB(Ogs,r5)) > %((m 1)log (2N) + log (8/6))}
B:{eBeQ‘ Heregu <rp},

where Gg = argmin HHB — 0’” . With probability at least 1 — 6, A C B.

6'c{6,}
Lemma 10. For any § > 0 and ¢ > 0, when N is sufficiently large (N depends on &), with probability at least 1 — 0, we
have
sup [[¢(8) — ¢V (0)]| <e,
Ocsupp(pF)
where ¢ (0) = argmin Hq’)(é/) — ¢(0) H and 0; are i.i.d. samples from pf.

#(8) {8},
Lemma 11. For any § > 0 and € > 0, when N is sufficiently large (N depends on §), with probability at least 1 — 9, we
have

sup [|p(0) — oV (0)]| <,

0csupp(pF)

where ™ (8) = argmin ||¢(8") — ¢(0)|.
9/€supp(p¥)

13.1. Proof of Lemma 8

We prove the case of training network with N neurons. Notice that
9000 = llato). o]
ot Tt
= [Easen (v = £, @) Voo 6(),2)|

< VEasen (5= p @) VEa o Vor(0).2) P

< Easen (5= 1 @) VEa o Vor(0).2) P

2
Notice that by the assumption 1, we have \/Em,yND (y = foy (m)) < C. Remind that 8(t) = [a(t),b(t)], o(0(t), x) =
b(t)oy(a’ (t)x). Thus we have
0
5000)] < Cllo .

And thus forany i € {1,..., N}, sup [b;(t)]] < fOT | 2bi(s)|| ds < TC. Also
t€[0,T)

0
Hata(@H < ChO) o4 ], VEano 1l
<TC.
By assumption 3, that |0 (¢)|| < C, we have

0

501(5) ds < T?C.

T
sup 0:(8)] < /
0

t€[0,T]
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Notice that this also holds to training the network with infinite number of neurons. Notice that ||¢(0)| =
V& XL 0%(0,2) < CT. And

16(8)[;, = sup 1981 = @6o)]

0,,02 ||01 - 02”
\/m ST (0(81,20)) — 5(85,20)))°
= sup
601,02 ”01 - 02”

< TC ||U+||Lip + ||U+||oo

Thus given any 7' < oo, all those three quantities can be bounded by some constant.

13.2. Proof of Lemma 9
The following proof follows line 1 and and line 2 of the proof of Lemma 16 of (Chaudhuri & Dasgupta, 2010).

Define gg,(0) = 1{0 € B(0p,75)} and By = /(4/N)(dvclog2N + log(8/5)), where dyc is the VC dimension of
the function class G = {gg,,0p € ©} and thus dyc < d + 1 (Dudley, 1979). Let Egg, = Po~, (0 € B(0p,rp)) and

Engos = Yie1 9o, (8:)/N. So

A={05|Ege, > B3}
and we further define
Ay ={0p|Enge, > 0}.

From theorem 15 of (Chaudhuri & Dasgupta, 2010) (which is a rephrase of the generalization bound), we know that: for
any 6 > 0, with probability at least 1 — &, the following holds for all g9, € G,

Ege, — Enge, < BnvEge, (19)
Notice that for any gg,, which satisfies (19),
Ego, > A = Engo, >0
So this means: for any J > 0, with probability at least 1 — 4,
AC Ay =
where the last equality follows from the following:

Ay ={0p5|Enge, > 0} = {there exists some 0, such that 6, € B(0p,r5)} = B

13.3. Proof of Lemma 10

Given ¢ > 0, we choose rg sufficiently small such that C'ry < € (here C' is some constant defined in Lemma 8). For this
choice of 1, given the corresponding p (defined in assumption 6), for any § > 0, there exists N (§) such that VN > N (),
we have

4
po > = ((d+1)log(2N) +log(8/9)) := 8-
And thus from assumption 6, we have
VO € supp(pF), Pornpze (6" € B(6,70)) > po > B

This implies
supp(p7°’) € A= {05 |Po~, (6 € B(0p,10)) > B3 }

From Lemma 9 (set 7 = rg), we know: with probability at least 1 — 6,

acp={oscqos -6y <n},
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Thus, with probability at least 1 — 9,
supp(p7’) € B

and this means: with probability at least 1 — §, we have

V0 € supp(p%), |6 - BNH < 0.

The result concludes from

sup )H¢(9) - oM (9)|

0€supp(pF

< sup ) H¢(0) - ¢(9N)H

0€supp(pF

< sup CHO —HNH
0csupp(pF)

SCT‘O S €.

Here the last inequality uses Lemma 8.

13.4. Proof of Lemma 11

In this proof, we simplify the statement that ‘for any § > 0, when [V is sufficiently large, event £ holds with probability at
least 1 — §’ by ‘when N is sufficiently large, with high probability, event E holds’.

Suppose that 8, ¢ € [N] is the weight of neurons of network f o - Givenany 6 € supp(py’), define
¢"(0)= argmin [|$(8") - o(0)] .
@ (0’)eVert(Mpy)
Notice that the training dynamics of the network with /N neurons can be characterized by

0
701 t) = 01 t ) N )

2 0:(1) = gl6:(1), 1]

0:(0) "% po.

Here g[0, p| = Ey yp (y — fo(x)) Voo (6, z). We define the following coupling dynamics:

0 6.(t) = glB:(t). ).

5
N
—
~+
~

I

Notice that at any time ¢, 6;(¢) can be viewed as i.i.d. sample from p{°. We define p)¥(6) = + Zf\il d,(1)(8). Notice

that by our definition 8; = ;(T") and we also define 8; = 6;(T). Using the propagation of chaos argument as Mei et al.
(2019) (Proposition 2 of Appendix B.2), for any 7' < oo, for any 6 > 0, we have

<\/logN+ \/log1/6> .

m 0 C
tES[l(;PT]iE{l,E.%.},(N} H (t) ( )H NG

By Lemma 10 and the bound above, when NV is sufficiently large, with high probability, we have
sup  [|0(8) — @™ (9)]| < ¢/2
O€supp(pF®)
— €
ma 8,(7)  0,(T)]| < 555,
where C' = ||||;;, and
d"(0) = argmin ||¢(0) — ™ (0)]|.

0’ csupp(p])



Greedy Subnetwork Selection

We denote 6;, € supp(pY ) such that ¢V (8) = ¢(8;,). It implies that

sup  [|9(8) — @M (9)]| < sup  [[¢(8) — ¢ (05)l

O€supp(pF) Ocsupp(pF)
= sup [|¢p(0) — @™ (8) + ¢V (0) — ¢ (0:)
0Esupp(pF)
= sup Hd)(a) _¢(éie) +¢(éle) _¢(0ie)H
0¢€supp(pF)
< sup [|p(0) — ()] +  sup  [¢(6) — ¢ (8,)]|
6csupp(pF) O€supp(pF)

<e€/2+ {él[%c] Héi(T) - 01(T)|| [bllLi,

<e.
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