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Abstract

In this paper, we study the non-local convergence
properties of deep linear networks. Specifically,
under the quadratic loss, we consider optimizing
deep linear networks in which there is at least
a layer with only one neuron. We describe the
convergent point of trajectories with an arbitrary
balanced starting point under gradient flow, in-
cluding the paths which converge to one of the
saddle points. We also show specific convergence
rates of trajectories that converge to the global
minimizers by stages. We conclude that the rates
vary from polynomial to linear. As far as we know,
our results are the first to give a non-local analysis
of deep linear neural networks with arbitrary bal-
anced initialization, rather than the lazy training
regime which has dominated the literature of neu-
ral networks or the restricted benign initialization.

1. Introduction

Deep neural networks have been successfully trained with
simple gradient-based methods, which require optimizing
highly non-convex functions. Many properties of the learn-
ing dynamic for deep neural networks are also present in
the idealized and simplified case of deep linear networks. It
is widely believed that deep linear networks could capture
some important aspects of optimization in deep learning
(Saxe et al., 2014). Therefore, many works have tried to
study this issue in recent years (Hardt & Ma, 2017; Arora
et al., 2018a;b; Bartlett et al., 2018; Shamir, 2019; Du & Hu,
2019; Hu et al., 2019; Zou et al., 2019; Eftekhari, 2020; Bah
et al., 2021). However, previous understanding mainly fo-
cuses on local analysis or lazy training (Chizat et al., 2019),
and there are few findings of the non-local analysis, even
for linear networks.
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Local analysis of deep linear networks with quadratic
loss. Several works analyzed linear networks with the
quadratic loss. Bartlett et al. (2018) provided a linear con-
vergence rate of gradient descent with identity initialization
by assuming that the initial loss is small enough or the
target is positive semi-definite. Bartlett et al. (2018) also
showed the necessity of the positive definite target under
identity initialization. Arora et al. (2018a) proved linear
convergence rates of deep linear networks, by assuming
that the initialization has a positive deficiency margin and
is nearly balanced. Later on, a few works follow similar
ideas with the neural tangent kernel (NTK) (Jacot et al.,
2018) or lazy training (Chizat et al., 2019) to establish con-
vergence analysis. Du & Hu (2019) demonstrated that if
the width of hidden layers is all larger than the depth, gradi-
ent descent with Gaussian random initialization could then,
with high probability, converge to a global minimum at a
linear rate. Hu et al. (2019) improved the lower bound of
width to be independent of depth, by utilizing orthogonal
weight initialization but requiring each layer to have the
same width. Moreover, Wu et al. (2019); Zou et al. (2019)
obtained linear convergence for linear ResNet (He et al.,
2016) with zero(-asymmetric) initialization, i.e., deep linear
network with identity initialization. Specifically, Wu et al.
(2019) adopted zero-asymmetric initialization requiring a
zero-initialized output layer and identity initialization for the
other layers. Such asymmetry also leads to a small variation
of weight matrices', which is similar to local analysis. Zou
et al. (2019) applied identity initialization (for deep linear
networks), but still requiring a small initial loss or a lower
bound for the width?. These works of local analysis have
the feature of consistently bounded variation of weights?
to make the entire trajectory stay in the benign local land-
scape. Additionally, such a small variation of weights can
be satisfied by a slightly large width, a small initial loss, or
a suitable initialization as previous works have shown.

Non-local analysis of deep linear networks with the
quadratic loss. The non-local analysis requires a more
comprehensive understanding. As far as we know, current
works mainly focused on gradient flow, i.e., gradient descent

ISee Wu et al. (2019, Eq. (4.7)) for detail.

2See Zou et al. (2019, Theorem 3.1 and Remark 3.2) for detail.

3For more examples, see the definitions of C(¢) in Du & Hu
(2019, Section 7) and Hu et al. (2019, Section 4.1).
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with an infinitesimal small learning rate. From the mani-
fold viewpoint, Bah et al. (2021) showed that the gradient
flow always converges to a critical point of the underlying
function. Moreover, they established that, for almost all
initialization, the flow converges to a global minimum on
the manifold of rank-£ matrices, where k can be smaller
than the largest possible rank of the induced weight. Hence,
their work only ensured the convergence towards minimiz-
ers in a constrained subset, which is not necessarily the
global minimizer. Additionally, they also provided a con-
crete example to display the existence of such rank unstable
trajectories (see Bah et al. (2021, Remark 42)). Following
Bah et al. (2021), Eftekhari (2020) provided a non-local con-
vergence analysis for deep linear nets with quadratic loss.
By assuming that there is a layer with only one neuron (in-
cluding scalar output case) and the initialization is balanced,
Eftekhari (2020) elaborated that gradient flow converges to
global minimizers starting from a restricted set. Moreover,
Eftekhari (2020) also confirmed that gradient flow could
efficiently solve the problem by showing concrete linear
convergence rates in the restricted set he defined.

In this work, we are interested in the non-local analysis of
deep linear networks with the quadratic loss for arbitrary
balanced initialization. To our knowledge, there was no
non-local convergence analysis of gradient flow for deep
linear nets in such a scheme.

1.1. Our Contributions

In this paper, we analyze gradient flow for deep linear net-
works with quadratic loss following the setting of Eftekhari
(2020). The main contributions of this paper are summa-
rized as follows:

* Convergent result. We first analyze the convergent
behavior of trajectories. Compared to Eftekhari (2020),
we define a more general rank-stable set of initializa-
tion to give almost surely convergence guarantee to
the global minimizer (Theorem 3.4). Moreover, we
also describe a more general global minimizer conver-
gent set to guarantee convergence towards the global
minimizer (Theorem 3.7).

Furthermore, inherited from the above results, we in-
troduce the indicator of arbitrary beginning point to
decide the convergent point of the trajectory (Theorem
3.1). Our analysis is beyond the lazy training scheme,
and does not require the constrained initialization re-
gion mentioned in Eftekhari (2020).

* Convergence rate. We also establish explicit conver-
gence rates of the trajectories converging to the global
minimizer. Our convergence rates are built on the fact
that the singular value of the induced weight matrix
goes through descending and ascending periods. In

the case where the trajectory converges to the global
minimizer, we show that in the worse case, the trajec-
tory can be devided into three stages. The convergence
rates vary from polynomial to linear. Our analysis is
more comprehensive because Eftekhari (2020) only
gave linear convergence rates for the last stage.

* We conduct numerical experiments to verify our find-
ings. Though gradient descent seldom converges to
strict saddle points (Lee et al., 2016), we find that our
analysis of gradient flow reveals the long stuck period
of trajectory under gradient descent in practice and the
transition of the convergence rates for trajectories.

1.2. Additional Related work

Exponentially-tailed loss. There is much literature (Gu-
nasekar et al., 2018; Nacson et al., 2019; Lyu & Li, 2019; Ji
& Telgarsky, 2019; 2020) focusing on classification tasks
under exponentially-tailed loss, such as logit loss or cross-
entropy loss. Specifically, Gunasekar et al. (2018); Nacson
et al. (2019) proved the convergence to a max-margin solu-
tion by assuming the loss converged to global optima. Lyu
& Li (2019); Ji & Telgarsky (2019; 2020) also demonstrated
the convergence to the max-margin solution under weaker
assumptions that the initialization has zero classification
error. These analyses focus on the final phase of training,
which is still not a global analysis. Lin et al. (2021) showed
a global analysis for directional convergence of deep linear
networks. Their results also covered arbitrary initialization,
but they required the spherically symmetric data assump-
tion.

Global landscape analysis. Except for the non-local tra-
jectory analysis, there is another line of works on non-
local landscape analysis (see, e.g., Baldi & Hornik (1989);
Kawaguchi (2016); Lu & Kawaguchi (2017); Safran &
Shamir (2018); Laurent & Brecht (2018); Nguyen et al.
(2018); Liang et al. (2018a;b; 2019); Venturi et al. (2019);
Ding et al. (2019); Zhang (2019); Nouiehed & Razaviyayn
(2021); Li et al. (2021); Achour et al. (2021) and the surveys
(Sun et al., 2020; Sun, 2020)) which analyze the properties
of stationary points, local minima, strict saddle points, etc.
These works draw a whole picture of the benign landscape
of deep networks, which provides a potential guarantee of
the trajectory analysis, and motivates our work.

2. Preliminaries

In this paper, we consider the optimization of deep linear
network under squared loss:

1
N W W == ||Whn - _ 2
Wi,..., WNL( Ly N)-—2|| N Wi X-Y|5,

where data matrices are X € R%=*™ Y € R%*™_ and
weight matrices are W; € R%*di-1 4 ¢ [N] with dy =
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dy,dn = dy. The depth N > 2. We denote the induced
weight matrixas W = Wy --- W, € R X% and Wy =
(Wi,...,Wy) € Rfrxdo ... 5 RANXdN-1 for brevity.

Notation. We denote vectors by lowercase bold letters
(e.g., u, ), and matrices by capital bold letters (e.g., W =
[wi;]). We use (a); as the i-th entry of vector a, and set
[a:0] ={a,...,b},[a] =[1:a],Va,b € N. We denote by
$;(Z) the i-th largest singular of Z. We use ||-|| as the stan-
dard Euclidean norm for vectors, and ||-|| » as the Frobenius
norm for matrices. The convergence of vectors and matrices
in this paper is defined under the standard Euclidean norm
and Frobenius norm. We use the standard O(-), Q(-) and
©(-) notation to hide universal constant factors.

We integrate our assumptions in this paper below:

Assumption 2.1. Assume that the data, network, initializa-
tion and target satisfy:

e Data: XX =1, .
* Network: 7 := minj<y d; = 1.

+ Initialization: W; W, = W,|, W1, Vi € [N —1].

e Target: Z := Y X " € R%*d= has different nonzero
singular values, i.e., s1(Z) > --- > sq4(Z) > 0,
where d = rank(Y X 7).

The first three assumptions are the same as Eftekhari (2020).
The data assumption shows that the data is statistically
whitened, which is common in the analysis of linear net-
works (Arora et al., 2018a; Bartlett et al., 2018). The net-
work assumption includes the scalar output case. As men-
tioned in Eftekhari (2020), this case is significant as it corre-
sponds to the popular spiked covariance model in statistics
and signal processing (Eftekhari et al., 2019; Johnstone,
2001; Vershynin, 2012; Berthet & Rigollet, 2013; Desh-
pande & Montanari, 2014), to name a few. Moreover, the
case r = 1 appears to be the natural beginning building
block for understanding the behavior of trajectory. Finally,
the third assumption is the common initialization technique
for linear networks, which was used in Bartlett et al. (2018);
Arora et al. (2018a;b; 2019); Eftekhari (2020); Zou et al.
(2019). For the target, it is reasonable to assume different
nonzero singular values in practice, because matrices with
the same singular values have zero Lebesgue measure.

From the data assumption X X T = I, _, we can simplify
the problem as

min LY (W4q,...,W
1y, W (W1 ) N) ) ) (1
=|Wn- W1 = Z|p 4+ |YE = |1 Z]]5-

Hence, we call Z the target matrix. Moreover, we focus on
the standard gradient flow method for all ¢ € [N]:

AW (1)
dt
Under the balanced initialization in Assumption 2.1, i.e.,

W,W,m =W, W;,1,Vi € [N —1], we have the induced

K2

Wi(t) == = —Vw, LY (Wn(t),t>0. (2

weight flow of W (¢t) := Wi (t) - - - Wy (t) following Arora
et al. (2018b, Theorem 1):
W(t) = —Aw () (VL (W(1)))

3)
=—Awu(W(t) - Z),

where we denote

N S

(WWT) ¥ AWTW)'

Jj=1

It is known that the induced flow in Eq. (3) admits an an-
alytic singular value decomposition (SVD) (see Lemma
1 and Theorem 3 in Arora et al. (2019) for example).
By rank(W) < 1 from Assumptions 2.1, we can de-
note the SVD of W (t) as W (¢) gL su(t)v(t) T if
W (t) # 0. Here, s(t), u(t), v(t) are all analytic functions
of t. Moreover, s(t) € R,u(t) € R v(t) € R%, and
[lu(®)|| = ||lv(t)|] = 1. Previous work has already shown
the dynamics of these terms:

a(t) = s(t)'~F (I, —u(t)u(t)T) Zo(t), (4a)
o(t) = s()F (Iy, —v()w(t)") Z T u(t),  (4b)
§(t) = Ns(t)*~ (u(t) Zv(t) — s(t)) . (40)

Readers can find the derivation of $(¢) in Arora et al. (2019,
Theorem 3), and u(t), v(t) in Eftekhari (2020, Eq. (139))
or Arora et al. (2019, Lemma 2) with some simplification.
We also give the derivation of 4(¢), ©(¢) in Lemma B.7.

To describe the solution obtained by flow, we also
need the full SVD of target as Z = UDV' =
Z?:l s;u;v;” with 81> - -+ >s,>0 by Assumption 2.1, or-
thogonal matrices U = [uy,...,uq,] € R%*% and
V = [v,...,v4,] € R%*ds and the rectangular-
diagonal matrix D = (dia%{s} g) € R¥%*d=  where
s = (s1,...,84)" € R Thus, the best rank-one ap-
proximation matrix is Z; = s ul'v1 Note that Z; is the
unique solution of problem (1), because Z has a nontrivial
spectral gap by Assumption 2.1 (see Golub et al. (1987, Sec-
tion 1)). For brevity, we define s, = 0,Vk > d. We adopt
the projection length of w(t),v(t) to each u; and v; as
a;(t) = u] u(t),Vi e [d ]andbj()fv v(t),Vj € [ds].
Leaving the derivation in Appendix A, we have the gradient
flow of each item:

, d
a;(t) = s(t)'™~ (szbl(t) —a;(t) Z [spak(t)br(t)] ),
k=1
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d
; _2
550 = (0% (530500 = (0 Y Ivan (o)),
k=1
where i € [d,],j € [ds]. Before we provide our results, we
first state several useful invariance during the whole training

dynamic as follows, which is crucial to our proofs.

Proposition 2.2. [f not mentioned specifically, we assume
5(0) > 0. We have the following useful properties:

1). If s(0) > 0, then ¥/t > 0, s(t) > 0. Otherwise, s(0) = 0,
then ¥t > 0, s(t) = 0 (i.e., W(t) = 0).

2). w(t) T Zv(t) is non-decreasing and converges.
3). u(t) " Z,v(t) is non-decreasing and converges.

4). Forallt > 0, a;(t) + b;(t) has the same sign with
a;(0) 4+ b;(0), i.e., a;(t) + b;(t) is identically zero if a;(0) +
b;(0) = 0, is positive if a;(0) + b;(0) > 0, and is negative
if a;(0) + b;(0) < 0,Vi € [d].

5). If for some k € [0 : d — 1], a;(0) + b;(0) = 0,Vi €
[k] (if k = 0, then no such assumptions) and ay+1(0) +
br+1(0) # 0, then |ak11(t) + bit1(t)| is non-decreasing,
and limy_, oo ag41(t) + bgr1(t) exists.

3. Convergent Behavior of Trajectories

We first give a glance of our main result for all initializa-
tion under Assumption 2.1. Our discovery is an extension
of Eftekhari et al. (2019), since the description covers all
trajectories including the ones converge to saddle points as
well the global minimizers. The main conclusion is that the
convergent point is decided by the indicator of initialization:
a;(0) + b;(0),¢ € [d].

Theorem 3.1. Under Assumption 2.1, and assume s(0) > 0.
(D Ifke€]0:d—1],a;(0) + b;(0) = 0,Vi € [k] (if k = 0,
then no such assumptions), and ay1(0) + br11(0) # 0,
then we have W (t) — Sk+1u1c+1v’;r+1. (1I) Otherwise, i.e.,
a;(0) + b;(0) = 0,Vi € [d], then we have W (t) — 0.

We give a roadmap of the proof of Theorem 3.1 in Figure
3. We leave the complete proof in Section 3.3. Before we
provide the details, we list some preparation built on the
work of Eftekhari et al. (2019).

3.1. Rank-stable Set

By Bah et al. (2021, Theorem 5) (i.e., Theorem B.3),
we know that (W1 (t),..., W (t)) always converges to
a critical point of LY ast — +o0o. Hence, we can de-
fine W = hmt*)+oo W(t), and § := limt*}+oc S(t) =
limy— o [|[W(t)|| . To specify the convergent point, we
define rank-r set following Eftekhari (2020) as

M, = {W :rank(W) = r}.

Furthermore, as mentioned in Eftekhari (2020, Lemma 3.3)
(i.e., Lemma B.1), we have rank(W (¢)) = rank(W(0)) =
1,Vt > 0if W(0) # 0. However, the limit point W (t)
might not belong to M; because M; is not closed (see
Eftekhari (2020, Lemma 3.4)). To exclude the zero matrix
(5 = 0) as the limit point of gradient flow, Eftekhari (2020)
introduced a restricted initialization set:

J\/'(X(Z):{W:ngju-s-'vT

u' Z1v > as},a € [so/s1,1).

, §>asy — Sg >0,

While we find another rank-stable set R(Z) below with
the similar rank-stable property shown in Lemma 3.2.

Ro(Z)={(WW 2L 4.5.07, s> b,u' Zv > b}, b>0.
Lemma 3.2 (Extension of Lemma 3.7 in Eftekhari (2020)).
Under Assumption 2.1, for gradient flow initialized at
W(0) € Ryp(Z), the limit point exists and satisfies W =
limt*)+oo W(t) S M], i.e., s§>0.

Proof. We only need to prove that W (t) € Ry(Z), V¢ > 0.
Suppose s(tg) < bforsome ty > 0. Since W (0) € Ryp(Z),
we have s(0) > b. Hence, by intermediate value theorem,
T := sup{t : s(t) = b,0 <t < to} > 0. Since s(¢) is
analytic, we obtain s(T") = b. Now we can conclude

s(t) < b, VT <t < tg,s(T) =hb. ®)

Otherwise, if s(t;) > b for some T < t; < tg, then by
intermediate value theorem again, we can find a 7’ such that
T <ty <T' <ty,st,s(T) =b, which is a contradiction
of the definition of 7".

Moreover, since W (0) € Ry(Z), then u(0) " Zv(0) > b.
Thus, we have u(t) " Zv(t) > b,Vt > 0 by 2) in Proposi-
tion 2.2. Since W (0) € Ry(Z), then s(0) > b > 0. Thus,
we have s(T') > 0 by 1) in Proposition 2.2. Therefore,

Ns(T)*~% (w(T)T Zo(T) — s(T))

(4c) B
= Ns(T)>" % (w(T)T Zo(T) - b) > 0,

$(T)

which is a contradiction with Eq. (5). O

Remark 3.3. Indeed, our rank-stable set R;,(Z) is more gen-
eral than NV, (Z). For any a € [s2/s1,1),W € N,(Z),
since [u' (Z — Z;)v| < sq, wegetu' Zv > u' Zjv —
S9 > aus1 — S9 > 0. Hence, we can find some b > 0, such
that W € Ry(Z). Moreover, when W = syuyv, , we can
see W € R, /2(Z), but W & No(Z),Va € [s2/51,1),
because u; Zyvo = 0. Additionally, we will see the neces-
sity of our rank-stable set by showing counterexamples in
Section 3.4.

Applying the same analysis as Eftekhari (2020, Theorem
3.8), we obtain almost surely convergence to the global min-
imizer from the initialization in our rank-stable set R(Z).
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Theorem 3.4 (Extension of Theorem 3.8 in Eftekhari
(2020)). Under Assumption 2.1, gradient flow converges
to a global minimizer of the original problem (1) from the
initialization in W (0) € Ry,(Z), outside of a subset with
Lebesgue measure zero.

3.2. Global Minimizer Convergent Set

Section 3.1 mainly analyzes the behavior of s(t) to guar-
antee the rank of limit point is not degenerated. Though
Theorem 3.4 ensures the almost surely convergence to the
global minimizer, there are still some bad trajectories which
converge to saddle points, such as s;u;v,” ,i # 1. In this
subsection, we move on to give another restricted initial-
ization set to guarantee the global minimizer convergence
without excluding a zero measure set. Our strategy mainly
adopts singular vector analysis. In the following, we always
assume W (0) # O to ensure well-defined w(t) and v(¢).
Lemma 3.5. There exists a sequence {t, } with t,, — 400,
such that lim,_, o (Idy - u(tn)u(tn)T) Zv(t,) = 0,
and limy, oo (Ig, — v(ty)v(ts) ") Z T u(t,) = 0. More
specifically, we have

n—4+oo

d
lim (Z skak(tn)bk(tn)> a;(tn)—s:bi(tn)=0, (6)
k=1

d

i (kz suan (60 (1) )5 (1) s505(6)=0. D)
=1

foralli € [dy] and j € [d,]. Furthermore, if there exists an

io € [d], such that limy,_, ;o a;, (tn) + bi, (L) exists and

the limit is not zero, then we could obtain

d

. T _ . e
nll)rfm u(ty,)' Zv(t,) = ngrilm; Sk (tn)bk(tn)=Si,-
3

Lemma 3.6. Suppose there exists such a sequence {t, }>
that t, — o0, and for some k < d,a;(t,) + b;(t,) =
0,Vi € [k],n > 0 (if k = 0, then no such assumptions).
Then if lim,,_, 4 o Z;’l:1 5ja;j(tn)bj(tn) = Sk+1, we have
. T _ T
nll}rfoo w(tn)v(tn) = Upp1Vpyq-
We underline that the result of Lemma 3.5 is the condition

of Lemma 3.6, and the sub-sequence {t,} is enough to
describe the convergent point because W always exists.

Now we define the global minimizer convergent set as:
Go(Z)={WW 2L 450", s> bu' Ziv > b},b>0.

The only difference between G,(Z) and R(Z) is that we
replace target Z with the global minimizer Z,. We invoke
Theorem 3.7 to conclude that the flow initialized from G, (Z)
could converge to a global minimizer.

Theorem 3.7 (Extension of Theorem 3.8 in Eftekhari
(2020)). Under Assumption 2.1, gradient flow converges
to a global minimizer of the original problem (1) from the
initialization W (0) € G,(Z).

Proof. Our proof is separated into the following steps.

Step 1. Since W(0) € G,(Z), we get s1a1(0)b1(0) =
u(0)T Z1v(0) > b > 0. Hence, |a;(0) + b1 (0)| > 0. Addi-
tionally, by 5) in Proposition 2.2, we get | lim;—, o, a1 (t) +
b1 (t)] > |a1(0) + b1(0)] > 0. Thus, applying Lemma 3.5
with 9 = 1, Eq. (8) holds, i.e., there exists a sequence
{t,} with t,, — 400, s.t., lim, 1o u(t,) Zv(t,) =

limy, 400 22:1 Spag(tn)br(tn) = s1.

Step 2. From Step 1, lim,, s oo 30, sxak(tn)bi () =
51. Then we can employ Lemma 3.6 with k£ = 0, showing

that lim,, , 4 oo w(t,)v(t,) T = ugv].

Step 3. From Step 1, we get u(t,) ' Zv(t,) — s1 > 0,
leading to AN > 0, u(tx) " Zv(tx) > 0. Moreover, since
W(0) € Gy(Z), we have s(0) > 0. Thus, we have s(ty) >
0 by 1) in Proposition 2.2. Hence, W (ty) € Ry(Z) for
some b > 0. Thus, by Lemma 3.2, we have 5 > 0.

Step 4. Taking t,, — +o0 in Eq. (4c), we obtain 0 =
2 .
N>~ (s; — 5). While by Step 3, 5 > 0. Hence, 5 = s;.

Combining Step 2 and Step 4, we obtain that W (¢,,)
converges to the global minimizer s;u;v{ . Finally, we
note that by Theorem 5 in Bah et al. (2021), W () con-
verges. Hence, W (t) — sjujv{, which is the global
minimizer. O

Remark 3.8. We underline that, comparing to Theorem 3.4,
Theorem 3.7 does not require to leave out a zero measure
initialization set. Meanwhile, G, (Z) is more general than
N.(Z) as well, since we have less constraint for u ' Z;v.
Moreover, we will see the necessity of our global minimizer
convergent set by showing counter examples in Section 3.4.

3.3. Convergence Analysis for All Initialization

Now we turn back to the proof of Theorem 3.1.

Proof of Theorem 3.1. (1) For the first conclusion, the proof
is separated into the following steps, which is similar as the
proof of Theorem 3.7.

Step 1. In view of 4) in Proposition 2.2, we get V¢ >
0,i € [k],a:;(t) + bi(t) = 0 since a;(0) + b;(0) =
0,Vi € [k]. In view of 5) in Proposition 2.2, we could see
[imy 4o @r41(t) + bk 1 ()] = fart1(0) + b1 (0)] >
0,vt > 0. Thus, applying Lemma 3.5, we obtain
{t,} with ¢, — +oo, s.t., lim, o u(t,) " Zv(t,) =

1imn4)+oo Z(iizl S;Q; (tn)bi (tn) = Sk+1-
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Step 2. By Step 1 and Lemma 3.6, we could obtain

lim,, s oo w(ty)v(t,) T = ukﬂv,;';l.

Step 3. By Step 1, u(t,) ' Zv(t,) — spr1 > 0, leading
to 3N > 0, u(ty) " Zv(ty) > 0. Moreover, since s(0) >
0, we have s(ty) > 0 by 1) in Proposition 2.2. Hence,
W(tn) € Ry(Z) for some b > 0. Thus, by Lemma 3.2,
we have 5 > 0.

Step 4. F1na11y, takmgt — 400 in Eq. (4c), by Step 1, we
obtain 0 = N52~ ¥ (sp41 — 5). While by Step 3, we have
s > 0. Hence, 5 = sp41.

Combining Step 2 and Step 4, we obtain that W (¢,,) con-
verges to skﬂuk“v;l. Finally, we note that by The-
orem 5 in Bah et al. (2021), W (¢) converges. Hence,
W () = Sk1Uk1Vg 1

(IT) For the second conclusion, by 4) in Proposition 2.2, we
obtain a;(t) + b;(t) = 0,Vi € [d], ¢ > 0. Hence, we get

d d
()" Zv(t) @ Z —Zsja?(t) <0,
= =
which yields that

5(0) 9 Ns()>F (u(t) Zo(t) — s(1)) < —Ns(t)* F.

By solving the above flow, we derive that
2-2 22 -1
s()2F < [s(o) ¥=24 (2N - 2)4 .

Thus, § = lim;—, 10 $(t) = 0,1.e., W(t) = 0. O

Remark 3.9. We note that s(0) = 0 is a trivial case from
1) in Proposition 2.2. Moreover, we also give a conver-
gence rate for the second conclusion, i.e., the rate for the
convergence to the original point.

3.4. Some Intuitive Examples

Previous sections have shown the convergent behavior of
arbitrary initialization. To give a better understanding of our
results, we list some examples below.

Example 1. If W(0) = —s(0)u;v, for some i €
[min{d,,d,}] and s(0) > 0, we have V¢ > 0,a(t) =
0,v(t) = 0 and u(t)" Zv(t) = —s; from Egs. (4a) and
(4b). Thus, we obtain the ODE of s(t) as follows

@ Nt (s; + (1)) < 0.

$(t)
So we could obtain s(t) — 0. We see that W (t) — 0,
which is a rank-unstable trajectory. Thus, the gradient flow
of Eq. (2) does not converge to a global minimizer.

Example 2. Bah et al. (2021, Remark 42): If Z > 0, and
s(0) > 0,u(0) = —v(0). Then from Egs. (4a) and (4b),

we obtain @ (t) = —o(¢) if u(t) = —v(t). Hence, we get
u(t) = —v(t),Vt > 0. Thus, we obtain $(¢) as follows:

leading to s(t) — 0. We could see that W (t) — 0, which
is a rank-unstable trajectory. Thus, the gradient flow of
Eq. (2) does not converge to a global minimizer.

Example 3. If W(0) = s(0)u;v;" for some i € [d] and
5(0) > 0, then from Egs. (4a) and (4b), we obtain w(t) =
0,9(t) = 0 and u(t)" Zv(t) = s;, ¥Vt > 0. Thus, we
obtain the ODE of s(t) as follows

@ Ns(t)2~ (s; — s(t)).

5(t)
Hence, we obtain s(t) — s;. Once i # 1, we could see that
W (t) — s;u;v,] , i.e., the gradient flow of Eq. (1) does not
converge to a global minimizer.

Remark 3.10. We note that our Theorem 3.1 covers Exam-
ples 1 and 2 by choosing k£ = d, and Example 3 by choos-
ing k = ¢ — 1. Moreover, we could not further improve
our definition of Ry,(Z) and G,(Z) based on theses exam-
ples. We briefly show the reason here. Denote R(Z) :=
Up=oRp(Z)={W: W 2D u-s-v',s>0u’ Zv > 0}.
We obtain R(Z)° := M{\R(Z) = {W: W 22 4. 5.
vl s = Ooru’ Zv < 0}. Note that s = 0in R(Z)¢ is a
trivial case corresponding to W = 0. While in Example
1, —s(0)u;v;] ¢ R(Z) because —u, Zv; = —s; < 0,
and in Example 2, —s(0)u(0)u(0)" ¢ R(Z) because
—u(0) " Zu(0) < 0. Hence, through Examples 1 and 2,
we find that certain initialization suv " with u' Zv < 0
could indeed cause rank-unstable trajectories. Moreover, the
equality (u Zv = 0) holds if in Example 1, rank(Z) =
d < min{dy,d,} and ¢ > d. Therefore, the initialization
set Rp(Z) could not be improved in the scope of s and
u' Zv. Additionally, we can get a similar argument of
Gy(Z) by Example 3 since s(0)u;v, & Gy(Z),Vi > 1.
Thus, we could not further improve our definition of G, (Z)
in the scope of s and u ' Z; v as well.

4. Convergence Rates to Global Minimizers

We briefly show the specific convergence rates in this sec-
tion. We consider the rates to the global minimizers under
Assumption 2.1, which is common in previous works. That
is, from Theorem 3.1, we consider the initialization which
satisfies a1(0) 4+ b1(0) # 0 and s(0) > 0. Typically, for
N > 3, the trajectories can be divided into three stages:

Stage 1. For ¢ € [0,¢1], where ¢; := inf{¢t : a1 (¢)by(¢) >



On Non-local Convergence Analysis of Deep Linear Networks

5 5 5

4 4 4

3 3 3

> , t )

1
1 1

0 0

-1 — s() 0 — st a — st

-2 u(t)TZv(t) -1 — u(t)TZv(t) - — u(t)TZv(t)

-3 — ut)"Zv(t) -2 — u®)Ziv(t) | 5 — u(t)"Zyv(t)

-4 T T T T T -

0 1000 2000 3000 4000 5000 3 0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000
Epoch Epoch Epoch
@k=0 k=1 k=2

zss ’ — s(t)
: 2 — uTzv(t)
2 1 — u(t)TZyv(t)
1 0
0

-1 — s(t) -1 g — s(t) -1 f E—

-2 — utTzv(t) -2 — u(t)TZv(t) 5

-3 — u®)TZiv(t) | -3 — ut)TZiv(t)

-4 _a -3

0 2500 5000 7500 10000 12500 15000 17500 20000 0 2500 5000 7500 10000 12500 15000 17500 20000 0 5000 10000 15000 20000 25000 30000 35000 40000
Epoch Epoch Epoch
k=3 e)k=4 k=5
Figure 1. We choose N = 6, d = 5 with hidden-layer width (dn,...,do) = (5,4, 1,10, 5, 3,8), and set different & € [0 : d] in Theorem

3.1. The transparent horizontal lines are the singular value of Z in order (that we artificially set them to be 5,4, 3,2, 1). The learning rate

here is 5 x 107*. Legends present s(t), u(t) " Zv(t),

0} < 400, we have a1 (t)b1(t) < 0, and the rates are
L-a(®h(t) = O(N —2)1)7¥),
st) =QN —2)t]™~ 2). [Theorem 4.5]

Stage 2. Fort € (¢, 2], where to := inf{t :u(t) Zv(t) >
s(t)}, we have aq(t)by (t) > 0, $(t) < 0, and the rates are

1 —ay(t)bi(t) = O([(N — )] W),
s(t) = Q((N —2)t]" ) [Theorem 4.7]

Stage 3. For ¢t € (max{t1, 2}, +00), we have a1 (¢)b1 (t) >
0, $(t) > 0, and the rates are

1 — al(t)bl (t) = O (BicSt) 5
|s(t) — 51| = O(e™ ™in{esco}ty [Theorem 4.9]

Here the ¢;s are constants and will be specified in theorems.

Remark 4.1. Although the rates in Stages 1 and 2 are similar,
we adopt different proof techniques. Moreover, Stage 1 can
be viewed as a warm-up period to enter G,(Z).

Next we explain other minor cases: 1) If t; = 0, then
Stage 1 vanishes; 2) If t; > to, then Stage 2 vanishes; 3)
If to = 400, then we have similar rates as Stage 3: 1 —
ai(t)by(t) = O(e<st), |s(t) — 51| = O(e ") [Theorem
4.8]. However, this case is not suitable in our framework of
the three stages.

Previous works (Arora et al., 2018a; Hu et al., 2019; Bartlett
et al., 2018; Zou et al., 2019; Wu et al., 2019; Eftekhari,

u(t)TZyv(t). Here ¢ is the running step in gradient descent.

2020) state linear rates under a local analysis or a restricted
initialization set. However, we show the polynomial rates in
the worse case for optimizing deep linear networks under
arbitrary balanced initialization. Hence, we think that our
results give a more general understanding of the trajectories
optimizing deep linear networks.

4.1. Properties of ¢, and ¢,

Before we give the detail of analysis, we need some prepara-
tion to better understand the choice of ¢; and ¢, in advance.

Lemma 4.2. Let t; : mf{t : al(t)bl(t) > } ty =
inf{t : u(t)"Zv(t) > s(t)} and c1(t) = ai(t)by ().
Then we have (I) t; < 400 if a1(0) + b1(0) 75 0, and
¢1(t) > 0forallt > 0; (II) 5(t) < 0fort € [0,t2), and
5(t) > 0fort € [ta, +00).

Remark 4.3. (I) in Lemma 4.2 tells us that the first stage,
if exists, only appears a finite time in the beginning. (I) in
Lemma 4.2 shows the induced weight norm (|W (t)|| . =
s(t)) goes through descending and ascending periods. If the
initial induced weight norm starts with descending behavior,
then it could descend forever, or it will change to ascending
and continue increasing to s1. If the initial induced weight
norm begins with ascending behavior, then it would increase
to s; directly. Such induced weight norm behavior also
appears in deep linear networks with the logit loss (Lin
et al., 2021).
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4.2. Convergence Rates of s(¢): Stage 1 and Stage 2

In Stages 1 and 2, we have $(¢t) < 0 from Lemma 4.2.
Now we give global lower bounds for the singular value s(t)
within Stages 1 and 2.

Theorem 4.4. Assuming s(0) > 0, we have 0 < s(t) <
S0 := max{s1, s(0)} for all t > 0. Further we have

s(t) > s(0)e 25120 for N =2, 9a)
s(t) > [(s1450)(N=2)t+s(0)F 1|~ %= for N > 3.
(9b)

We note that different lower bounds of s(t) lead to different
rates for the cases N = 2 and N > 3. For brevity, we only
give the results for V > 3, and leave the simple case N = 2
in Appendix D.

4.3. Convergence Rates of a;(t)b; (t): Stage 1

In the case where a1 (0)b1(0) < 0, we prove that the case
will reduce to the case a1(0)b;(0) > 0 in a finite time when
a1(0) +b1(0) # 0. We further give an upper bound for time
staying in Stage 1 and a positive lower bound of a1 (¢)b1 (¢).

Theorem 4.5. Suppose N > 3, s(0) > 0,a1(0)b1(0) <0
and a1(0) 4 b1(0) # 0. Then we have

1—ay ()i (t) = O([(N = 2)t]"%2), for 0 < t < ¢y,
where c; = 2/(s1 + so) with sy = max{s1, s(0)}.
Furthermore, we have t1 <11 with

s(0)~ 1

T — ) <C‘(51+30)(N—2)/2 _ 1) ’
! (51 —‘y—So)(N—Q) !
(10
where C1 = |M|. Additionally, we could obtain

a1(0)—b1(0)

ar (t)b1(t) = Q([lar(0) + 01 (0)]*/N), (1)
5(0)2/N—1
it> oo
Remark 4.6. The upper bound of ¢; in Theorem 4.5 shows
that if a1(0) + b1(0) ~ 0, then the Stage 1 would last for
a long time according to Eq. (10). Moreover, Theorem 3.1
has already shown that once a1 (0) + b1(0) = 0, the trajec-
tory would not converge to the global minimizer. Hence,
our finding in Theorem 4.5 is consistent with Theorem 3.1.
Additionally, we also give guarantee of the trajectory to
arrive at G, (Z) for some b > 0 from Eq. (11). That is, the
trajectory enters in our global minimizer convergent set.

(e Cl—(51+30)(N—2)/2 — 1)

4.4. Convergence Rates of a; (¢)b; (¢): Stage 2

Based on Theorem 4.5, we can see once a; (0) + b1 (0) # 0,
then a1 (¢)b1(t) > O after finite time, that is, the trajectory
enters in the global minimizer convergent set G,(Z). In the
following, we begin with a1 (0)b; (0) > 0 for short. We find
a similar polynomial convergence rate in Stage 2.

Theorem 4.7. If N > 3, s(0) > 0 and a1(0)b1(0) > 0,
then we get

€2

L= ar()bi(t) = O([(N = 2)1]"7=2),

where co = 2(s1— s2)/(s1+ s0) with sp = max{sy,s(0)}.

4.5. Convergence Rates of a; ()b (t) and s(t): Stage 3

Before we start our analysis in Stage 3, we need to handle
the minor case to := inf{t : u(t) " Zv(t) > s(t)} = +oo.

Theorem 4.8. If N > 3, s(0) > 0,a1(0)b1(0) > 0 and
to = +o00, then we have

1—a1(t)b1(t) = O (e—c3t) Js(t) — 51| =0 (€—C4t> :

1-2 o2
where c3 =2s; VN (s1 —s2), ca =Nsj V.

Now we turn to the remaining case ¢, < 4-00. Additionally,
we can assume $(0) > 0 for short in Stage 3 by Lemma 4.2.

Theorem 4.9. If N > 3, s(0) > 0,a1(0)b1(0) > 0 and
5(0) > 0, then we have

L— a1 (t)ba()=0(e™), |s(t) = s1|=0(e™ mn{ewce)t),
where s = 25(0)' 7% (s1 — 55), ¢g = Ns(0)>~¥.

The difference between the minor case to = +o00 and Stage
3 is the constant above the exponent, and the proofs are
similar between these two schemes. Thus, we combine
them in a subsection.

Remark 4.10. Though we don’t provide an upper bound of
to here, we still have a slower global convergence guarantee
of u(t), v(t) following Stage 2. Moreover, we discover the
linear rate in Stage 3 only appears in the late training phase
from experiments (see Section 5), and gives high precision
guarantee of solution at last. Furthermore, Eftekhari (2020)
also gave a linear rate in their restricted initialization set
Na(Z). Thus, we mainly focus on the previous stages to
highlight that our results cover a larger initialization set.

5. Experiments

In this section, we conduct simple numerical experiments
to verify our findings. We first show the trajectories trapped
into a saddle point s uy 'va (or the global minimizer) guided
by Theorem 3.1. Then we give some intuitive observation
of the trajectories converged to the global minimizer.

Trajectories trapped into saddle points. We construct
u(0) = Ua; and v(0) = Vas, where a; € R%
and oy € R% have the inverse items until the k-th en-
try, i.e., (o1); + (@2); = 0,Vi € [k] with & < d and
(a1)k+1 + (a2)g+1 # 0. Then we get Vi € [k], a;(0) +
bi(0) = u,] u(0) +v; v(0) = 0and ay41(0) + b4 1(0) #
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Figure 2. We choose N = 6, d = 5 with hidden-layer width (dn, . ..

El

do) = (5,4,1,10,5,3,8), and set k = 0 in Theorem 3.1, i.e., the

trajectory converges to the global minimizer. Learning rate is 5 x 10™%. Left: Dynamics of s(¢), u(t) " Zv(t), u(t) " Z1v(t) during
the whole optimization. Middle: Polynomial convergence of s(t) and u(t) " Z,v(t) in Stages 1 and 2. Here we plot u(t) " Z v (t) —
u(0) " Z,v(0) instead of u(t) " Z1v(t) to avoid negative values. The red vertical line is the time that the monotonicity of s(t) changes
(4(t) = 0). Right: Linear convergence of s(t) and w(t) " Z1v(t) in the final stage. Here ¢ is the running step in gradient descent.

0. After ©(0),v(0) decided, we construct W;(0) =
s(0)Y/Nh; b with ||h;|| = 1,Vi € [N + 1] and hy =
v(0),hn+1 = u(0) to obtain a balanced initialization
(W1(0),...,Wx(0)) and W(0) = s(0)u(0)v(0)". Fi-
nally, we run gradient descent (GD) for the problem (1)
with a small learning rate 5 x 10~%, and we artificially set
si=d+1—14,Vie[d.

The simulations are shown in Figure 1. As Figure 1 depicts,
u(t)" Zv(t) and u(t)" Z,v(t) are non-decreasing as our
Proposition 2.2 shows, and s(¢) goes through descending
and ascending periods as Lemma 4.2 mentioned. Addition-
ally, we could see our construction gives a stuck region
around sy according to the choice of k£ < d. Though our
Theorem 3.1 shows that the gradient flow of W (¢) would
finally converge to sk+1uk+1fu;+1, we find after a period
of (long) time, gradient descent can escape from the sad-
dle point around s 1 ukHv;—H, and finally converges to a
global minimizer. We consider the numerical error during
optimization and unbalanced weight matrix caused by GD
may lead to the inconsistent of gradient flow and its discrete
version GD. Overall, we describe the possible convergence
behavior of all initialization in the ideal setting.

Trajectories converged to the global minimizer. We also
plot the trajectory converging to the global minimizer in
detail shown in Figure 2. To give a more clear variation of
stages, we adopt 5(0) = 6 and a negative u(0) " Z1v(0). As
the left figure of Figure 2 shows, s(t) first decreases, then
increases. Additionally, the middle figure shows that s(t)
decreases and u(t) " Z,v(t) increases with an approximate
polynomial rate (noting the log scale in both x-axis and
y-axis). Moreover, the left and middle figures also show
that once s(t) increases, u(t) " Zv(t) will increase much
faster, and switch to another stage as we prove. Finally,
we observe the final stage, that is, the linear convergence
of both s(¢) and u(t) " Z v(t) to s1 in the right graph of
Figure 2. Overall, we conclude that our convergent rates

match with the numerical experiments well*.

6. Conclusion

In this work we have studied the training dynamic of deep
linear networks which have a one-neuron layer. Specifically,
we focus on the gradient flow methods under the quadratic
loss and the balanced initialization. We have shown the
convergent point of an arbitrary balanced starting point.
Moreover, we have described the convergence rates of the
trajectories towards the global minimizers, finding that the
convergence goes through polynomial to linear rates. The
behavior predicted by our theorems is also observed in nu-
merical experiments. Though our analysis mainly focuses
on gradient flow, a recent work (Elkabetz & Cohen, 2021)
gives the conjecture that the theory of gradient flows will
be central to unraveling mysteries behind deep learning,
which makes our effort of flow analysis become practical.
Although Elkabetz & Cohen (2021)’s results are not directly
applicable due to the near-zero initialization assumption,
the curvature analysis of flow trajectory may be a promis-
ing future work. Moreover, the analysis of linear networks
without a one-neuron layer and other scalar-output linear
networks (Woodworth et al., 2020; Yun et al., 2020) re-
main open problems. Overall, we hope that our findings of
training trajectories would bring a better understanding of
(linear) neural networks.
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“Moreover, we also conduct experiments of the minor case
(t2 = 400) in Appendix E, which match with our findings as well.
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CLZ(O) = bz(O) =0,Vi € [k}}, ak+1(0) + bk+1(0) 75 0 and 8(0) >0
\

4) Prop. 2.2 5) Prop. 2.2 1) Prop. 2.2
1

Wt > 0,4 € [k], ai(t) + bi(t) = 0 [ lim—s 4 oo @1 (8) 4 brgr (£)] > 0 vt > 0,s(t) > 0
|
3{tn}, limy s oo w(tn) T Zo(tn) = sp1 — IN,b > 0, W(tn) € Ro(Z2)
S
limy, s 4 oo w(tn)v(tn) T = uk+1v;r+1 5§ =lim¢— 400 $(t) = Sk41 > 0

. T Theorem 5 in . T
hmn_H_oo W(tn) = Sk+1Uk+1Vk4+1 — | Bahetal. (2021) ——— hrm_H_(x, W(t) = Sk+1UK+1Vf 41

Figure 3. The roadmap of the proof of Theorem 3.1.

A. Missing Derivation in Section 2

We adopt the projection length of u(t), v(t) to each w; and v; as a;(t) = w, u(t),Vi € [d,] and b;(t) = v; To(t),V] € [d.].
So we have

u(t) = ai(tyu;, v(t) =Y bi(t)v;, Y _al(t) =Y bi(t)=1. (12)
=1 j=1 i=1 j=1
Then we get
dy d_t d

u(t) Zo(t) = a;(t)bj(t)u, Zv; = Z ai(t)b;(t)u; Zv; = Zskak )b (t

) i=1 j=1 i=j=1 (13)
Zv(t) = Zb] ) Zv; = ZSJ t)u;, and Z—r Zaz Z u; = Z sia;(t)v

j=1 i=1

where we uses the fact that Z " u; = 0,Vi > d, Zv; = 0,Vj > d, and u; Zv; = 0,u; Zv; = s;,Vj # i < d. Hence, we
have the gradient flow of each item:

d
ai(t) 2 s(t)' " Fu] (I, —ut)ut)T) Zo(t) 2 ()~ F ( ()Y [sran(t ) Vi € [d,].
k=1
J (14)
bi(t) L s(t)Fo] (Io, —v(®)o()T) ZTu(t) E st)' =% <s]aj ()3 [san(t ) Vj € [da).
k=1
B. Auxiliary Results

B.1. Previous Results

Lemma B.1 (Lemma 3.3 in Eftekhari (2020)). For the induced flow in Eq. (3), we have that rank(W (t)) =
rank(W (0)),Vt > 0, provided that X X " is invertible and the network depth N > 2.

Lemma B.2 (Lemma 4 in Arora et al. (2019)). Let a > 1/2 and g : [0,00) — R be a continuous function. Consider the
initial value problem:

s(0) = s0,5(t) = (s*(t))* - g(t), ¥t > 0,
where so € R. Then, as long as it does not diverge to +00, the solution to this problem (s(t)) has the same sign as its initial
value (so). That is, s(t) is identically zero if sg = 0, is positive if so > 0, and is negative if s < 0.
Theorem B.3 (Theorem 5 in Bah et al. (2021)). Assume X X ' has full rank. Then the flows W;(t) defined by Eq. (2) and
W (t) given by Eq. (3) are defined and bounded for all t > 0 and (Wy(t), ..., Wy (t)) converges to a critical point of L™
ast — +o0.
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Definition B.4 (Definition 27 in Bah et al. (2021)). Let (M, g) be a Riemannian manifold with Levi-Civita connection V
and let f : M — R be a twice continuously differentiable function. A critical point 2o € M, i.e., VI f(xq) = 0 is called a
strict saddle point if Hess f(x) has a negative eigenvalue. We denote the set of all strict saddles of f by X = X'(f). We say
that f has the strict saddle point property, if all critical points of f that are not local minima are strict saddle points.

The following theorem shows that flows avoid strict saddle points almost surely.

Theorem B.5 (Theorem 28 in Bah et al. (2021)). Let L : M — R be a C?-function on a second countable finite dimensional
Riemannian manifold (M, g), where we assume that M is of class C? as a manifold and the metric g is of class C. Assume
that ¢+(xo) exists for all xg € M and all t € [0, +00). Then the set

St i={xo e M: tiigloo Pr(xg) € X = X(L)}

of initial points such that the corresponding flow converges to a strict saddle point of L has measure zero.

Proposition B.6 (Proposition 33 in Bah et al. (2021)). The function L' on M, for k < r satisfies the strict saddle point
property. More precisely, all critical points of L' on M, except for the global minimizers are strict saddle points.
B.2. Auxiliary Lemmas

Lemma B.7 (Dynamic of s(t), u(t), v(t)). We give the derivation of u(t),v(t), 5(t) shown in the main context in this
lemma:

Proof. 5(t) directly follows Arora et al. (2019, Theorem 3). As for 11(t) and ©(t), we begin with u(t) "u(t) = v(t) Tv(t) =
1. Then by taking the derivative of the identities, we get

w(t)Tu(t) = v(t) To(t) = 0,Vt > 0. (15)
By taking derivative of both sides of the SVD: W (¢) = s(t)u(t)v(t) ", we find that
W (t) = s(t)u(t)v(t)" + st)u)ot)" + s@t)u(t)v(t)", vt > 0.
Hence, multiplying I, — w(t)u(t) " and v(t), we get

s(t) ! (I, —u(t)u(t) ") W(t)v(t) = (Is, — u(t)u(t)") a(?).

From Eq. (15), we know (t) L u(t). Therefore, we obtain

at) =s(t)! (I, —u(t)u(t) ") W(t)u(t). (16)
Similarly, we can find that

O(t) = s(t) " (g, —v(t)o(t)T) W(t) Tu(t). (17)
Now we replace W (t) by Eq. (3) and W (t) = s(t)u(t)v(t)T:

W (1) 2 = Ns(t)* Fu(tyu(t)” [W(t) - Z] OUON
— 5(t)>F (I, — u( )u(t)T) Zv(t)w(t) "
—s(t)> Nu(t)u(t) [W(t) - Z] (Id —o(t)o(t)")
= — Ns(t)' ™ (s(t) — u(t) Zo() W (1)
+5(6)27F (I, — u(tyu®)T) Zo(t)o(t)T

+ () Fu)ut)T Z (I, —v(t)ot)T).
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Substituting W(t) back into Egs. (16) and (17), we reach

a(t) = s(t)'"~ (I, —u®)u®t)") Zo(t), o(t) = s(t)"F (I, —v@)v(t)T) Z u(t).

O
Proposition B.8 (Stationary Singular Vector). If for time T > 0, s(T') > 0,%(T) = 0,v(T") = O, then
u(T) = fu;,v(T) = tv;, for some ¢ < d,or w(T) L w;,v(T) L v;,Vi < d.

Moreover, u(t) = 0,0(t) = 0,Vt > T, that is, u(t) = w(T),v(t) = v(T),vt > T.
Proof. From s(T) > 0,4(T) = 0,9(T) = 0 and Egs. (4a) and (4b), we obtain

(Io, —w(T)uw(T)") Zv(T) =0, (Is, —v(T)v(T)") Z"u(T) = 0. (18)
Hence, we could see

Zo(T) =u(T)" Zv(T) - u(T), Z'uw(T)=v(T)" Z"u(T) v(T), (19)
showing that Z " Zv(T) = [u(T)TZv(T)]Z-v(T), ZZ"u(T) = [u(T)" Zv(T )]2 ). Thus, we can see u(T), v(T)

are the eigenvectors of Z'Z,ZZ" with the same eigenvalue [u(T)" Zv(T ]2 Therefore if w(T)" Zv(T) # 0,
we obtain u(T) = tu;, v(T) = +v;, for some i € [d]. Otherw1se u(T)TZ (T') = 0. From Eq. (19), we obtain
Zv(T) = 0,Z "u(T) = 0, showing that w(T) L u;,v(T) L v;,Vi € [d].

Now we consider a substituted ODE started from 7" below
§(t) = N3(t)>~ % (w(T)T Zo(T) - 3(t)) , 3(T) = s(T). (20)

By Picard’s existence and uniqueness theorem, such a solution 5*(¢) exists and is unique.

Recall the original ODE
a(t) = s(t)F (I, —u(t)ut)T) Zo(t), (21a)
o(t) = s(t)'"F (Lo, —v()ot)T) Z T u(t), (21b)
5(t) = Ns(t)>~ % (u(t)T Zo(t) — s(t)) . @lc)

From Eq. (18), we could see u(t) = u(T),v(t) = v(T),Vt > T is a solution of Egs. (21a) and (21b). Additionally,
u(t)Zv(t) = uw(T)Zv(T),Vt > T. Hence, we can see s(t) = §*(t), u(t) = u(T),v(t) = v(T),Vt > T is a solution of
the original ODE. By the Picard’s existence and uniqueness theorem, the solution is unique. i.e., we obtain that

u(t) =u(T),v(t) =v(T)

holds for all t > T'. The proof is finished.

Lemma B.9. Iffor certaint > 0, u(t) " Zv(t) = s(t) > 0, and u(t) # 0 or ¥(t) # 0, then we have

d(u(t)" Zv(t) — s(t))

> 0.
dt

Proof. Since 4(t) # 0 or v(t) # 0, and s(t) > 0, by Egs. (4a) and (4b), we obtain

|(1s, — u®)w(®)T) Zo@)|2 + || (Le, —v(&)o(6)T) ZTu(®)|2 > 0. 22)
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From the derivation of d(u(t) " Zv(t) — s(t))/dt and ds(t)/dt, we get

d(u(t)" Zv(t) — s(t))
dt

(4c)
D 5w [H (L, —w(®)u®)") Zo@®)|s + || (T, —v()o(6)T) ZTu(t)||s — Ns(t) (u(t)” Zo(t) — s(t))

— s(t)—F l:”(Idy —u(tyu(t) ) Zo)| + || (I, —vo®T) Z2Tu@)|> | S0,

where the second equality uses the assumption u(t) " Zv(t) = s(t). O

C. Missing Proofs
C.1. Proof of Proposition 2.2

Proof. 1). From Bah et al. (2021, Theorem 5) (i.e., Theorem B.3), we have W (¢) converges. Thus s(t) = | W (¢)||  also
converges, and not diverges to infinity. Applying Arora et al. (2019, Lemma 4) (i.e., Lemma B.2), we can see s(t) obviously
preserves the sign of its initial value.

2). u(t) " Zv(t) is non-decreasing follows

du(t)" Zv(t)  du(t)" dv(t)
& T a2 ru 2 23)

S0 [ (F, () T) Zo); + | (L.~ w(e(0)T) ZTu(b)]3] > 0

Additionally, since ||u(t)|| = ||v(t)|| = 1, we have u(t) T Zv(t) < s;. Hence, u(t) " Zv(t) converges.
3). Using Eq. (14), we obtain

d
2l B )+ a0 TR s (58300 + k(0 2 0 (0) D sjes 01510 )

j=1

d
> () F (slb%m T sad(t) — 2 |an (Db ()] S |aj<t>bj<t>|)
j=1

> s(t) (511)%(75) + s1a3(t) — 251@1(t)bl(t)> = s15(t)1 % (|by(8)] — |ar (£)])* = 0,

where the second inequality uses Cauchy inequality:
d 2 d d dy ds
(Tlonel) <(San)-(Lrn) < (Laon) (Lrn) -1
i=1 j=l1 J=1 j=1 j=1

We note that sya1(¢)bi(t) = s1 - u(t) ur - v{ v(t) = u(t) (syurv] ) v(t) = w(t)" Z1v(t). Hence, we obtain
u(t) " Z,v(t) is non-decreasing. Moreover, since ||u(t)| = ||v(t)|| = 1, we have u(t) " Z;v(t) < s1. Hence, u(t) " Z v (t)
also converges.

4). Using the derivation in the above, we obtain

d
LD D 513 Loy 0100+ i(0) = (as) 4 50D X sy

=t (24)

) d
— (0 (alt) + b)) ( 3 [s505(t)b 1) )

j=1
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a;(t) +b;(t)] = |v, u(t) + v v(t)| < 2, showing that a;(t) + b;(t) does not diverge to infinity. Hence, by
Arora et al. (2019, Lemma 4), a;(t) + b;(t) obviously preserves the sign of its initial value.

5). Since a;(0) + b;(0) = 0, we get a;(¢) + b;(t) = 0 by 4), i.e.,

a;(t) = —b;(t),Vi € [k],t > 0. (25)
Now we can bound
d d d
> sia;(0)bi(1) < sk Z laj (b (1) < seray| D a2(t) Y b3
j=k+1 j=k+1 j=k+1 j=k+1 26)
k k 5) k
< Sht1 (1 - Za§(t)) : (1 - Zbg(t)) =2 sp1 (1 - Zag(t)).
j=1 j=1 j=1
Hence, we obtain
d (25) d
sk — Y [s5a; ()b (1)] = sppr + ZS] ai(t) = > [s5a;(t)b;(1)]
j=1 j=k+1
27
, 2 . 27
> Ska1 (1+Za ) — Sk41 (1—Zaj(t)) :23k+12aj(t) >0
Jj=1 j=1 j=1

Now we consider the gradient of ag1(t) + br11(¢):

d £) + bres (¢ ) d
(ar41( )d;i' k1(1)) @ S()F (g () + brga (¢ (sk“ Z sja;(t ) (28)
j=1

If ap41(t) + br41(t) > 0, from Egs. (27) and (28) we can see d (ar+1(t) + br+1(t)) /dt > 0. Thus, ag+1(t) + b1 (%) is
non-decreasing. The case of ax11(t) + br41(¢) < 0 is similar. Therefore, we get |ax+1(t) + br+1(¢)| is non-decreasing.

Since [|u(t)|| = [|v(t)]| = 1, we have |akr1(t) + bpg1(t)] = v u(t) + vl v(t)] < 2. Hence, |agi1(t) + bgr (2)]
converges. Moreover, we note that from 4), ag41(t) + br41(t) preserves the sign of its initial value, showing that
limy s 400 g1 (t) + bry1(t) exists. O

C.2. Proof of Theorem 3.4

Proof. From Lemma 3.2, we already know the convergent point W (t) is still rank-one. Hence, using the facts shown in
Bah et al. (2021, Theorem 28) that gradient flows avoid strict saddle points almost surely, and Bah et al. (2021, Proposition
33) that L' (W) on M satisfies the strict saddle point property, we could see gradient flow of W (¢) converges to a global
minimizer almost surely. O

C.3. Proof of Lemma 3.5
Proof. From 1) in Proposition 2.2 and s(0) # 0, we obtain s(t) > 0,Vt > 0.

Case 1. If u(to) " Zv(tg) > 0 for some to > 0, we get W (o) € Hy(Z) for some b > 0. Hence, by Lemma 3.2, we obtain
§ > 0. From Eq. (4c), we obtain
o . 2_2 T .
0= tllgloo Ns(t)>™~ (u(t)' Zo(t) — s(t)).
Using s(t) — 5 > 0 again, we obtain lim;_, ., u(t) " Zv(t) exists. Therefore,

T 2 2
0= lim_ W Lt s(0)'F [ (L, —wu)") Zo@)|3 +[|(Te, —v(0o(n)T) 2 u(n)]3]

By s(t) — 5 > 0, we obtain (I, — u(t)u(t)") Zv(t) — 0, and (I, — v(t)v(t)") Z u(t) — 0. Thus, we can choose
t, = n for example.
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Case 2. If u(t) " Zv(t) < 0,Vt > 0. Then from Eq. (4c), we get 5(t) < 0,V¢ > 0. Hence, s(t) < s(0). Moreover, by 2) in
Proposition 2.2, we have u(t) " Zv(t) > u(0) " Zv(0). Therefore,

() € Ns(t)> % (w(t)T Zu(t) — s(t)) > Ns(t)>* (w(0)T Zv(0) — 5(0)) . (29)
Now we denote

C(a) := inf || (La, — u(t)yu(t)) Zo(®)||s + || (Lo, — v(O)o(t)T) Z T u(t)|s > 0

t>a
In the following, we show that C'(a) = 0,Va > 0.
1) If N = 2, then we can see V¢ > a, by u(t) " Zv(t) < 0,Vt > 0,
t T
d Z

—u(a)" Zv(a) > u(t)" Zv(t) — u(a) " Zv(a) = / de
X
a

<2—_3’/ [||(Idy —u(@)u(@)") Zo(@)||; + || (Is, — v(@)v(2)T) Z T u()| ] dz > C(a)(t — a).

Taking ¢t — 400, we obtain C(a) = 0,Va > 0.
2)If N > 2, by solving Eq. (29), we get

Therefore, we obtain
s()F 1< (N —2) (5(0) — u(0)T Zw(0)) t + s(0)¥ ! := A+ Bt, A, B > 0. (30)
Then we can see Vt > a,

—u(a) Zv(a) > u(t)T Zo(t) — u(a)T Zv(a) = / t wm

2 [ s [0, ) 2o+ | (e 2T o

t (30) | C(a), A+ Bt
> * > = 1 .
_C(a)/a o) Fde 2 ) [ gogrde = S w

Taking ¢t — 400, we obtain C(a) = 0,Va > 0.

Therefore, combining 1) and 2), we conclude C(a) = 0,Va > 0. Hence, we can find a sequence {¢,, } with ¢,, — 400, s.t.,

0= lim ||(Zs, — u(tn)u(ta)) Zo(ta)||s + || (Te, = v(ta)o(tn)T) Z T u(t,)| -

n—-+o0o

Thus, we have
lim (I, — u(tn)u(tn)T) Zv(t,) =0, lim (I, — v(tn)v(tn)—r) Z ' u(t,) = 0. 31)

n—-+oo n—-+oo

Now we adopt the expansion following Eq. (12): u(t) = Z?il a;(t)u;, v(t) = Z?il b;(t)v;. Thus, we have

d
(13) (1 )
spag(t = g uJ,ZT E sia;(t

*M&

Therefore, we obtain

dy, d
(Idy - u(tn)u(tn)T) Zv(t,) = lsibi(tn) - (Z skak(tn)bk(tn)> ai(tn)] u;,
j k=1



On Non-local Convergence Analysis of Deep Linear Networks

where we utilize s; = 0,Vi > d. Since lim,,_, 4 oo (Id w(ty)u(t,)’ ) Zo(ty) GD 0, and u;s are orthonormal basis, we
obtain Eq. (6). Similarly, we could obtain Eq. (7) by limy, 4o (L, — v(tn)v(tn)") Z " u(t,) = 0.
[

x

Finally, adding the equation in Eq. (6) and Eq. (7) with i = j € [d], we obtain

d
lim (Z Skt )b (tn) — ) (as(t) + biltn)) = 0,V € [d].
k=1

n—-+oo

Since we have for some iy € [d] that limy, 4 o0 @4, (tn) + by, (£5,) exists and not zero. Thus we obtain

lim w(t,)' Zv(t, :3) lim Zskak tn) = Sig-

n—-+oo n—-+oo

The proof is finished. O

C.4. Proof of Lemma 3.6
Proof. Since a;(t,) + bi(t,) = 0,Vi € [k],n > 0, we obtain
bi(tn) = —a;(tn),Vi € [k],n > 0, (32)

and
d k d 26
S syastbi(tn) = = 3 sia2(t) + 3 sjas(ta)bs(ta) < sk+1<12a )
s =1 =kt1

Taking limit inferior in both sides and noting that lim,,_, | - Z?Zl 5;a;(tn)bj(tn) = Skt+1, We get

k
skt < liminf sy Z (33)
Moreover, naturally we have
k
limsupsg+r | 1 — Z as < Sk41- (34)
n—-+oo J=1

By Eq. (33) and Eq. (34), we obtain lim,,_, { oo Z] 1 @3 (tn) = 0, showing that

(32

Jm —bi(tn) = lm a;(ts) = 0,j € [K]. (35)
Hence, we derive that
d (35)
i 2 sjastn)bs(tn =n£$oo28a% -nkffstf% ) S s 09
Jj=k+1
Using Cauchy inequality, we have
2
d d d d k
Z Sjaj(tn)bj(tn) < Z S?a?(t'n). Z b?(tn)g Z Sia?(tn) : I_Zb?(tn) . 37
j=k+1 j=k+1 j=k+1 j=k+1 j=1
Since lim,, 4« Z] 1 j( )(%5)0 an dZJ 1 j( n) 1, we obtain
2
: 2 2, 1G9 2 GO . ! SILINPERC .
JHm Z i1 (tn) = Spy1 = Lam Z 5ja;(tn)b;(tn) | < lim inf 5505 (tn).

Jj=k+1 j=k+1 j=k+1
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Noting that s; = 0,Vj > d, we get 0 < liminf,,_, | ZJ ja2 (55 = 87,1)a5 ().

However, s3 — s7 ; < 0,Vj > k+2and a5(t,) > 0, showing that limsup,, , | ., Zj k(85 = 8i1)as(tn) < 0. Hence,

we obtain lim,, o @;(t,) = 0,Vj > k + 2. The similar analysis holds for b; (¢,,). Therefore we obtaln

lim spi1a b = lim Sia; =s .
LM Skl k1 (En) by ( n_>+oo§ a5 ( tn) = Sk+1

Combining all the results, we derive that

ngr-ll}oo a;(tn) zﬂkr_&ob (tn) =0,Vi € [dy],J € [ds],4,5 # k+ 1, (38a)
Finally, we have
(38b) (38a) 12 .
Uk+1"’1;r+1 = nhl}_loo ap1(tn)bri(t n)uk-i-lvk-i-l = nl{rfoczal n)b;(tn) %"’J‘T = ngl}rloo u(tn)v(tn)T.
The proof is finished. O
C.5. Proof of Lemma 4.2

Proof. (I) The truth that ¢4 (¢) > 0 is direct from 3) in Proposition 2.2. Moreover, from Theorem 3.1 with & = 0, we have
c1(t) = a1(t)by(t) — 1. Thus, we obtain t; < +oc.

(IT) As for s(t), if to = 400, then u(t) " Zv(t) < s(t),Vt € [0,+00). Thus by Eq. (4c), 5(t) < 0 for all t > 0. Now we
consider the remaining case where t5 < +o00. Since to = inf{t : u(t)" Zv(t) > s(t)}, we have u(t) " Zv(t) < s(t) when

te [O,tg). Thus

() Ns(t)2F (w(t) T Zu(t) — s(t)) < 0,V¢ € [0, 1).

Now from to < +00, we get u(tz) " Zv(t) = s(ty). We denote T' := inf{t : u(t) = 0,v(t) = 0}.

(i) When T > t5. Then for ¢ € [to,T'), we have u(t) # 0 or ©(t) # 0. We also have s(t) > 0, V¢t > 0 from 1) in Proposition
2.2. Thus, applying Lemma B.9, we have

u(t)" Zo(t) = s(t) = d(u(t) " Zo(t) — s(t))/dt > 0,Vt € [ta,T).
By Lin et al. (2021, Lemma 10), we obtain u(t) " Zwv(t) > s(t),Vt € [t2, T). Hence,
§(t) = Ns(t)> % (u(t)" Zo(t) — s(t)) > 0,9t € [ta,T).

And for t > T, we get T' < +o0o. We obtain stationary singular vectors from time 7" by Proposition B.§8. Thus,
u(T)" Zv(T) = ¢,Vt > T for a constant ¢, which reduce the variation of s(t) as

$(t) = Ns(t)2~ % (c— s(t)),Vt > T.

Moreover, since u(t) " Zv(t) > s(t),Vt € [ta,T), we obtain ¢ = u(T)" Zv(T) > s(T). Hence, we can see $(t) >
0.V > T.

(i) When T' < t5, we have T' < +400. We obtain stationary singular vectors from time 7" by Proposition B.8. Thus,
u(T)" Zv(T) = ¢,Vt > T for a constant ¢, which reduce the variation of s(t) as

$(t) = Ns(t)2~ % (c— s(t)), V¢t > T.

We note that ¢ = u(tz) " Zv(ts) = s(t2). Thus §(t) = 0,Vt > to.
Combining (i) and (ii), the proof is finished. O
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C.6. Proof of Theorem 4.4

Proof. We first consider the upper bound. From s(0) > 0 and 1) in Proposition 2.2, we have s(¢) > 0 for all ¢ > 0.
Moreover, we have

d
(1) € Ns)>F | sja5(6)b;(t) — s(t) QL Not)F (51 — s(t)). (39)
j=1

Let 5(t) be the solution of the ODE
§(t) = N3(t)2~ % (s1 — 3(1)), 3(0) = s(0).

Then we can see s(t) < §(t) from Eq. (39).

If s(0) > s1, then §(¢) < 5(0) = s(0), showing that s(t) < 3(¢) < s(0). Otherwise, s(0) < s1, we get §(t) < s1, showing
that s(¢) < 5(¢) < s1. Therefore, we know s(t) < s¢ := max{sy, s(0)} forall t > 0.

Now we consider the lower bound. Note that

d
(26)
S s5a,(0b;(0) < s2/(1— a2())(1 — B3()) = soJaR(B)B3 (1) — ad(t) — B3(1) + 1
j=2 (40)
< 82\/@?(15)5?(75) —2Jay (£)br(t)[ +1 = 52 (1 — a1 (1)b1(1)]) ,
where we use |a(t)by(t)| = |u] u(t) - v{ v(¢)| < 1 in the last equality. Therefore, we derive that
.\ (40 9_2 d (40) o_2
$(t) = Ns(t)™ ¥ <Zsjaj(f)bj(t) - S(t)> > Ns(t)™ ¥ [s1a1(£)b1(t) — s2 (1 — |ax(£)b1(t)]) — s(2)]
i=1 (41)
> Ns(t)2_% [(sg —81) |ar (£)b1(t)| — s2 — s(t)} > —N(s1 + s(t))s(t)2_% > —N(s1 + so)s(t)Z—%7
where the last inequality uses s(t) < sg := max{s1, $(0)}, which is proved previously.
When N = 2, we solve Eq. (41) and get
1) d (1l t t
S(t) > —2(51 + So)s(t) = % > —2(51 + 50) = In :((0)) > _2(51 + So)t = S(t) > 8(0)6—2(81-&-30)t.
When N > 3, we solve Eq. (41) and get
2.1
N d{sO¥ ) @ 5 o
S ( 7 ) > —N(s1+50) = s(t)¥ 1 = s(0)¥ 1 < (s1+ 50) (N — 2)t.
Thus, we finally obtain
N
s(0) 2 [(s1 4 50)(V ~ 2+ s0)F] T
The proof of Egs. (9a) and (9b) is finished. O]

C.7. Proof of Theorem 4.5

Proof. Since a1(0)b1(0) < 0,a1(0) + b1(0) # 0, without loss of generality, we suppose a;(0) > 0,b1(0) < 0 and
a1(0) + b1(0) > 0. Note that

d
al0) = ) 2 50/ (1(0) — () (51 + 3 sjas Oy (0)] )
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By Arora et al. (2019, Lemma 4) and |a; () — b1(t)| < 2, we get that a1 (t) — by (¢) preserves the sign of its initial value:

al(t) — by (t) > 0,Vt > 0. 42)
Moreover, from 5) in Proposition 2.2 and a4 (0) + b1(0) > 0, we obtain
al(t) + by (t) > a1(0) + by (0) > 0,Vt > 0. 43)

Then we have

) @ a1(t) + b1 (t) 4 a1(0) + b1 (0)

>
ar(t) > 5 > 5 > 0,Vt >0, (44)
and (43) 42) b
3 t
—a(t) < bi(t) < ar(t), >0 1< 1(@; <1,Vt>0. (45)
aj

Furthermore, we can derive that

d (m(t)) bOa(0) —a®b®) w g (1 - <b1<t>>2) @,

dt \ aq(¢) ai(t) as (t)
Solving the above ODE, we obtain
5 (9b) 1
dm [ OEOO N % S —
ay(t) —bi(t) (s1+ s0)(N —2)t +s(0)~v 1

Therefore, we obtain

n ay (t) + b1 (t) 1 ay (O) + b1(0) > /t dx
ar(t) — b1(t) a1(0) = 01(0) = Jo (814 so)(N — 2)z + s(0) ¥ 1
= ! In |1+
(s1+50)(N —2) s(0)F 1
We hide constants related to initialization, and rewrite the inequality as
ai(t) +bi(t)
ax(t) = ba(t)
45

s1+s — a 45) .
where A; := %, B, = m, 1>0C = % > 0. Hence, we obtain

> C(1+ At)Pr, (46)

@0).(44) Cy (14 At)Pr — 1
ar()by(t) > 01(1 +A1t;31 - a3 (t). (47)

Then we can see ay (t)by (t) > 0 provided C; (1 + A1)t > 1, e,

VP sF [(al(o) - b1(0)>(“+s°)(N_2)/2 B 1]

= T x5 =2 |\ @m0 Fb:(0)

Therefore, we obtain ¢; < 7. Moreover, when ¢t < 77, by a% (t) <1, we have
@4n Cr(1+ Art)Pr —1

> .
a®h®) 2 G A nh 1

Thatis, 1 — a1 (t)by(t) = O((1 + Ayt)=B1) = O([(N — 2)t]7%).
1/B,

Additionally, when At > e - C| — 1, we have

1+ B,

1

1/B;
At >e-cyPr 1> ( ) —1=Cy(1+ A)% > 1+ By. (48)

Thus, we get

@n CL(1+ At)Pr =1 5 @@ B (ay(0) + by(0))? (a1(0) + b1(0))2
> . > . = ASeE A NP1 bV .
a(®)b(t) = G+ Aanz 1 W = 5T 4 © N >0
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C.8. Proof of Theorem 4.7

Proof. Since a1(0)by(0) > 0, then by 3) in Proposition 2.2, we know a; (¢)b;(¢) > 0 for all ¢ > 0. Now we consider the
flow of aq ()b (¢).

2O W (01 (sata (0 + 51000~ 201 (0 1) i 5105(005(0) )
250 [ O (0) - 20000 GaOn (0 + 20 laOROD] )
= 2a1(t)by(t)s(t) "~ [51 — s1a1()b1(t) — 82 (1 — al(t)bl(t))}
= 20, (O (B)5()F (51— 52) (1 - ar (b1 (1),

By the lower bound of s(¢) in Theorem 4.4, we obtain

day (£)by (t) (49 O 2a1 (£)by () (51 — 52) (1 — ag ()b

=% (s _ s (1—a 1(2))
o > 2a1(t)b1(t)s(t) "N (s1— s2) (1 — a1 (D)be(t)) = (ot s)(N—2t1s(0)F 1

Denoting ¢ (t) := a1 (t)b1(t) < 1, we get

10 I c1(0)

e M an)

Y

2(s1 — s2) (s1 4+ s0)(IN —2)t
(51 +s0)(N —2) " <1+ >

Further we can rewrite the bound as

1
Cl(t) >1-—

il €2

A(l+B(N —2)t)~2 + 1’

where A = 117(10()0) > 0,B = (51 + 50)s(0)'"% > 0,¢p = M > 0. Then we have 1 — a1(t)b1(t) =

O ([(N — 2)t]=<2/(N=2)) The proof is finished. O
C.9. Proof of Theorem 4.8
Proof. When ty = +00, we have u(t) " Zv(t) < s(t),Vt > 0. Thus, we obtain

() E Ns(t)2F (w(t) T Zu(t) — s(t)) < 0. (50)
We note that by Theorem 3.1, s(t) — s;. Thus, we conclude

(50)
s(t) > lim s(t) = s1. (51)

t——+o0
Then we have
0O S s s (11500~ (51 92) (1 = (O (1)
(&) 1—2
2 2a1(t)b1(t)51 N (81 — 82) (1 — al(t)bl(t)) .
Setting ¢ (t) := aq(¢)b1 () and solving the ODE in the above, we get

4 _2
() —1In c1(0) >25} f’(sl—SQ)t.

lnl—cl(t) 1—01(0) B

‘We rewrite the bound to

c1(0) =% -1
1-— Cl(t) < <]_ + 1_701(0) Le25 (8182)t> e, 1l— Cl(t) -0 (efcgt) )
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To obtain the bound of s(t), we notice that

509 N F 3 syayby(0) - s(t) | 2 Nl
j=1

2

(51— s(t)) < Nso ™% (s, — s(t)).

B[S

We can obtain the upper bound of the evolution s(t) as

2

AN s(t) < s1+ (s(0) — 81)67N517Wt,2‘.e,, s(t) — 51 = O (e=o31)

d(In(s(t) — s1)) /dt < —N's,
(€]
Finally, noting that s(t) > s1, we obtain |s(t) — s1| = O (e~ 4*). The proof is finished. O

C.10. Proof of Theorem 4.9
Proof. By Lemma 4.2, we have $(t) > 0, V¢ > 0. Thus, we can lower bound s(¢t) > s(0) > 0. Then we obtain

A a0s (a5 (51— 52) (1 = ax (D (0) 2 203 (D (50)' ¥ (51— 2) (1~ (On (1)
Setting c; (t) := a1 (t)b1 (t) and solving the ODE in the above, we get

_2 -1

l—ca®) <1+ _al) 250" (s —sa)t e, 1—ci(t) =0 (e="). (52)
1-— C1 (0)

Next we derive the bound for s(t). We continue from

d

510 ® N2 (X sjas(0ns(0) - 5(0)

j=1

(40) 2
> Ns(t)*™ ¥ [s1a1(8)br(t) — s2 (1 = Jar (£)ba(1)]) — 5(t)]

> Ns(t)2F [(s1 4+ s2)ar ()b () — 52 — s(8)] > Ns(0)2

2

[—(51 +s2) (1+ Aecst)_1 + 51— s(t)],

C1 (0)
1—cy (0)

where A = > 0. Solving the above ODE, we arrive at

d(s(t)e")

i > cgecot [51 — (81 + s2) (1 + Aecﬁ”t)fl} )

Hence, we get
t
ﬁmwfamza@mfv*/?wwwrmaa+A&ﬂ*m
0

> 51 (ecﬁt — 1) — ecﬁt/
0

1) - (51 + s2)cge st
AC5

t

L CGt
66(81 + 82) (1 + Aecmc)*l dr = S1 (ecﬁt — 1) — —(Sl * 82)066

Cs

-In (1 + A_le_CSt)

> S1 (GCGt -

Therefore, we obtain

(s1+82)c6 oy

WL TP .
AC5

After hiding the constants and noting that s(¢) is non-decreasing, we obtain

s(t) > 51— (s(0) + s1)e 0" —

s1—s(t)=0 (e* min{%’cﬁ}t) .

We note that by Theorem 3.1, s(¢) — s1. Since s(¢) is non-decreasing, we conclude s(¢) < lim;_, 4o $(¢) = $1. Then we
obtain
51— ()] = O (e minleselt).

The proof is finished. O
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D. Convergence Rates: N = 2

We provide convergence rates of the case N = 2 in this section. Corresponding to the case N > 3, we list the rates of three
stages as below:

Stage 1. Fort € [0,t1], where ¢; := inf{t : a1(¢)b1(t) > 0} < 400, we have a;(t)by (t) < 0, and the rates are

1—ai(Obi(t) = O(e™2), s(t) =Q (6_2(31+S°)t) :
Stage 2. Fort € (ty,t3], where to := inf{t : u(t)" Zv(t) > s(t)}, we have a; (t)by (t) > 0, $(¢) < 0, and
L= ai(Oby(t) = 0 (721 70) | s(t) = @ (e 2t

Stage 3. Fort € (max{t1,t2},+00), we have ay (¢)b1(t) > 0 and $(¢t) > 0, and the rates are

L= a(Ob (1) = O (72017200} | sy — s(t)] = O (7 mint2(er—s2) 2500

We have shown that the definitions of the stages are well defined by Lemma 4.2. The convergence rates of s(t), i.e.
s(t) = Q (e2(51+50)t) in Stage 1 and Stage 2 are given by Theorem 4.4.

Convergence Rates of a;(¢)b;(t): Stage 1
Theorem D.1. Suppose N = 2, s(0) > 0,a1(0)b1(0) < 0 and a1(0) + b1(0) # 0. Then we have

1—ai(t)bi(t) = O(e™2),0 <t < t;.

Furthermore, we have the upper bound of t1 below:

1 ay (O) — b1 (O)
Additionally, we could obtain
() = 2 (@O + 1 0)) e > g 2D 54

Proof. Since a1(0)b1(0) < 0,a1(0) + b1(0) # 0, without loss of generality, we suppose a1(0) > 0,b1(0) < 0 and
a1(0) + b1(0) > 0. Note that

d d
rl0) = () 22 50 (1(0) — @) (514 3 [ssas O3 0] ) = (20 = r(0) (o1 + 3 s 0] )-

By Arora et al. (2019, Lemma 4) and |a; () — b1(t)| < 2, we get that a1 (t) — by (¢) preserves the sign of its initial value:
ay(t) — by (t) > 0,Vt > 0. (55)
Moreover, from 5) in Proposition 2.2 and a4 (0) + b1(0) > 0, we obtain
a1 (t) + b1(t) > a1(0) +61(0) > 0,Vt > 0. (56)
Then we have

a(t) <525> ai(t) ; b1 (1) <526> a1(0) —; b1(0)

> 0,Vt >0, (57)

and
(56) (55) bi(t
_ al(t) < bl(t) < al(t),vt >0 (;7>) 1< al((tz
1

< 1,vt>0. (58)
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Furthermore, we can derive that

5 (0)-bemsigpemin - ()

|:a1(0)+b1 (0)i|

d <ln aq(t) + bl(t)> Jdt =1 bi(t) a1(0)—51(0)
(

ar(t) a1 (0)+b1(0)
1{t) e [ai<o> bi(@}

Then we have

(59)

+
—_

Thus, we get

bi(t) (s9) Age? —1
— g2 . 1 — . 2
(O = () 5 2 22T

Then we can see a1 (t)b1(t) > 0 provided Aze?t > 1,i.e.,

a1(0) +5:(0) . (60)

2T g )
Therefore, Eq. (53) is proved. Moreover, when t < Tb, by a3(t) < 1, we have
a1 ()b (t) (620) jzzzz J_r 1
Thatis, 1 — a1 (t)by (t) = O(e™2).
Additionally, when ¢ > % In 2@0=b1(0) ‘(e have Ase?t > 2. Hence, we derive that

a1(0)+b1(0) °
2t (57) 2
©0) Age”’ —1 a2(t) > M

al(t)bl(t) = m s aq = @ ((al(O) + b1(0))2) > O

Thus, Eq. (54) is proved. O

Convergence Rates of a1 (¢)b; (¢): Stage 2 and Stage 3
Theorem D.2. Assume N = 2, s(0) > 0,a;1(0)b1(0) > 0. Then we have

1—ar(t)bi(t) = O (e*2<51752>t) .

Proof. Since a1(0)by(0) > 0, then by 3) in Proposition 2.2, we know a; (t)b1(¢) > 0 for all ¢ > 0. Now we consider the
flow of aq (t)b1(t).

d
% W - <51b1(t)2 +s1a1(t)? = 201 (b1 () S [sjaj(t)bj(t)])

j=1
(40)

> S(t)l_% [281a1(t)b1(t) — 2(11(t)b1(t) (Slal(t)bl(t) + 89 (1 — |a1(t)b1(t)))} (61)
= 2a1(t)b1 (t) |:81 — S1a1 (t)bl(t) — So (1 — a (t)bl (t)):|
= 20,1(t)b1 (t) (81 — 82) (]. — (Ll(t)bl (t)) .

Denoting ¢ (t) := aq(¢)b1(¢), by solving the ODE above, we obtain

c1(¢) c1(0)  ©D
In - —1c1(t) —1In - _101(0) > 2(s1 — s2)t.

Further we can rewrite the bound as 1

1(‘10(0() )62(51 s2)t +1 ’

Then we have 1 — a; ()b (t) = O (e=2(*1752)*). The proof is finished. O

Cl(t) Z 1 —

(62)
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Convergence Rates of s(t): Stage 3

Similarly, before we start our analysis in Stage 3, we need to handle the minor case t := inf{t : w(t) " Zv(t) > s(t)}
~+00.
Theorem D.3. Suppose N = 2, s(0) > 0,a1(0)b1(0) > 0 and ta = +00. Then we have

[5(t) = 51| = O (e7*).

Proof. When t, = 400, by the defination of ¢, we have u(t) " Zwv(t) < s(t),Vt > 0. Thus, we obtain

() Y Ns(t)2 % (w(t)T Zo(t) — s(t))

2s(t) (u(t)TZv(t) —s(t)) <0.

(63)
We note that by Theorem 3.1, s(¢) — s1. Thus, we conclude
< 1 64
> 1 = S1.
s(t) = lim s(t) = 51 (64)
To obtain the bound of s(t), we notice that
(40) oz [ 29) 2 2
3(t) = Ns(t)* % | Y sjas(t)b;(t) = s(t) | < Ns(£)*™¥ (51— s(1))
j=1
—2
< Nst ¥ (sp—s(t)) = 2s1 (s1 — s(t)) .
By solving the ODE above, we can obtain the upper bound of the evolution s(t) as
d(In(s(t) — s1)) /dt < —2s1 = s(t) < s1+ (s(0) — s1)e” > ie., s(t) — s1 = O (e7>*1").
(64)
Finally, noting that s(t) > s1, we obtain |s(t) — s1| = O (e721*). The proof is finished. O

Now we turn to the case to < +oo. We assume a;(0)b1 (0) > 0 and $(0) > 0 for short in Stage 3.
Theorem D.4. Assume N =2, s(0) > 0,a;1(0)b1(0) > 0, and 5(0) > 0. Then we have

|81 _ S(t)| =0 (6_ min{2(sl—sz),25(0)}t) )

Proof. By Lemma 4.2, we have $(¢) > 0,Vt > 0. Thus, we can lower bound s(¢) > s(0) > 0. Furthermore, we have

d 4 )
5(t) ) Ns(t)>~F (Zsjaja)bj(t) - s<t>) NS 5101 (b1 (8) — 52 (1 — [ar ()b (1)) — s(0)]
j=1

> Ns(t)2F [(s1+ s2)ar ()b (£) — 52 — s(8)] = 25(0) [—(31 + 59) (1 n Aez(sl’”)t>71 F o — s(t)] ,

where A = 1ilc(10()o) . By solving the above ODE, we get

2s5(0)t -1
7(1(8@); ) > 25(0)e* ()t [31 — (51 + s2) (1 + Aez(‘“*”)t) } )
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6.0 10°
— 5(t) — 5(t) =51
5.8 u(t)TZyv(t) 10-3
— u(t)TZv(t)
5.6 10-6
5.4
10°°
5.2
10712
5.0
0 100 200 300 400 500 600 700 800 0 100 200 300 400 500 600 700 800
Epoch Epoch

Figure 4. We choose N = 6, d = 5 with hidden-layer width (dn,...,do) = (5,4,1,10,5, 3,8), and set kK = 0 in Theorem 3.1, i.e., the
trajectory converges to the global minimizer. Learning rate is 5 x 10™%. We choose u(0) = u1,v(0) = v1, 5(0) = 6 to guarantee the
minor case to = 4-00. Left: Dynamics of s(t), u(t) " Zv(t), w(t) " Z1v(t) during the whole optimization. (The lines of u(t) " Zv(t)
and u(t) " Z,v(t) are totally overlapped.) Right: Linear convergence of s(t) — s;. Here t is the running step in gradient descent.

Hence, we get

-1

¢
(1)t — 5(0) > 51 (2Ot — 1) — / 25(0)e2* O (51 4 s9) (1 + Ae2(31_52)w) dx

2s(0)t
B 28(0)2?1 + 82)§ (0) ' (1 I A_1e—2(sl—sz)t>
S1 — 82
5(0)(s1 + 52)e™ "y
A<S1 — 82)

(1)
> 51 (625(0” — 1) — 20}t /t 25(0)(s1 + s2) (1 n Aeg(sl_sm)*l i
0
(1)
(1)

Slfsz)t

Therefore, we obtain

_ 0)(81 + 32) _ _
1) > g — 25(0)t _ 8(7 e 2(s1—s2)t
s(t) > s1 — (s(0) + s1)e (51— 52) e

After hiding the constants, we obtain
s1 — S(t) =0 (6_ min{2(s1—32),2s(0)}t) )
We note that by Theorem 3.1, s(t) — s;. Since s(¢) is non-decreasing, we conclude

s(t) < lim s(t) = s1.

T t—=+oo

Then we obtain |s; — s(t)| = O (e~ ™in{2(s1-52).25(0}*) The proof is finished. O

E. Missing Experiments

To show the minor case of to = +o00 in Theorem 4.8, we adopt u(0) = uy,v(0) = vy, s(0) > s1, which guarantees
u(t) = uy,v(t) = v1,Vt > 0. Thus, we only need to consider the variation of s(t):

s(t) Y Ns(t)2=% (s, — s(t)).

Then we obtain s(t) > s1, V¢ > 0, leading to u(t) Zv(t) = s1 < s(t), V¢t > 0. Hence, t2 = +00. The numerical results are
shown in Figure 4, which match with the linear convergence of s(t) — s; well.



