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Abstract

In deep learning, often the training process finds
an interpolator (a solution with O training loss),
but the test loss is still low. This phenomenon,
known as benign overfitting, is a major mystery
that received a lot of recent attention. One com-
mon mechanism for benign overfitting is implicit
regularization, where the training process leads
to additional properties for the interpolator, often
characterized by minimizing certain norms. How-
ever, even for a simple sparse linear regression
problem y = B3*Tx + ¢ with sparse 3*, neither
minimum ¢; or {5 norm interpolator gives the op-
timal test loss. In this work, we give a different
parametrization of the model which leads to a new
implicit regularization effect that combines the
benefit of ¢; and /5 interpolators. We show that
training our new model via gradient descent leads
to an interpolator with near-optimal test loss. Our
result is based on careful analysis of the training
dynamics and provides another example of im-
plicit regularization effect that goes beyond norm
minimization.

1. Introduction

Benign overfitting — the phenomenon that the training loss
becomes 0, but the test loss remains low — is a major mys-
tery in deep learning. Recently, a long line of works (Belkin
et al., 2019; Bartlett et al., 2020; Belkin et al., 2020; Hastie
et al., 2022; Advani et al., 2020; Koehler et al., 2021) tried
to explain why interpolators (solutions with O training loss)
can still enjoy good test loss for various models. This phe-
nomenon is interesting and was studied extensively even for
simple models of linear regression (see e.g.,Bartlett et al.
(2020); Tsigler & Bartlett (2020); Hastie et al. (2022)),

"Department of Computer Science, Duke University, Durham,
NC, US. Correspondence to: Mo Zhou <mozhou@cs.duke.edu>,
Rong Ge <rongge@cs.duke.edu>.

Proceedings of the 40" International Conference on Machine
Learning, Honolulu, Hawaii, USA. PMLR 202, 2023. Copyright
2023 by the author(s).

where data (x, y) is generated as

y=8"z+¢

Here, 8* is an unknown vector that we hope to learn, x
is generated from a data distribution and £ represents the
noise.

One of the major explanations for benign overfitting is im-
plicit regularization, which suggests that the training pro-
cess promotes additional properties for the interpolator that
it finds. In the context of the simple linear regression, it
was known that fitting the model y = 3"« directly by gra-
dient descent gives the 3 with minimum /5 norm; while
parametrizing 3 as 3 = w®? — u®? (here ©2 represents
entry-wise square) gives the 8 with minimum ¢; norm.

However, for sparse linear regression, implicit regulariza-
tion in the form of ¢; or {5 norm minimization does not
lead to benign overfitting. More precisely, if 3* € R is an
s-sparse vector, given n samples (x;,y;) fori =1,2,...n
where n < d, ; ~ N(0,I) and & ~ N(0,02), one
can still hope to find a parameter 3 such that the test loss
1E[(y — 8" )] is on the order of 02slog(d/s)/n. Nei-
ther minimum ¢; or {5 interpolator achieves anything near
this guarantee: the best /2 norm interpolator achieves a
test loss of Q(||ﬁ*||§) (Bartlett et al., 2020; Hastie et al.,
2022) while the best ¢; norm interpolator achieves a test
loss of Q(c?/1og(d/n)) (Chatterji & Long, 2022; Wang
et al., 2022).

In the sparse regression setting, Muthukumar et al.
(2020) showed that when the model is significantly over-
parametrized (d > n), it is still possible to find an in-
terpolator with near-optimal test loss. The interpolator in
Muthukumar et al. (2020) has to be constructed explicitly
through a 2-stage process which combines ¢; and /5 norm
minimization. In this paper, we ask whether such an interpo-
lator can be found via implicit regularization — by directly
minimizing the loss using a new parametrization.

1.1. Our Result and Technique

We show that implicit regularization can indeed give near-
optimal interpolators (up to polylog factors) and therefore
achieve benign overfitting in the sparse regression setting:
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Theorem 1.1 (Informal). In the sparse linear regression
setting with unknown s-sparse target (3%, suppose we
parametrize linear function B x as

B =v+ ANw®? —u®?).

IFQ(s*) <n < 6(\/&), with proper choice of parameters,
gradient descent converges to a solution 3 with 0 training
loss and test loss

5
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More formal versions of this theorem appear as Theorem 3.1
and Corollary 3.2. Note that the test loss is within polylog
factor to the minimax rate.

The model we use is similar to a 2-layer scalar network
(which gives the w®? — u®? term) with a skip-through
connection (the v term) like in the ResNet (He et al., 2016).
Intuitively, the term \(w®? — u®?) promotes minimum ¢,
norm properties and can be used to fit the sparse signal 3,
while the term v promotes minimum ¢5 norm properties and
can be used to fit the noise.

Of course, showing that training this model via gradient de-
scent leads to the correct trade-off between fitting the signal
and noise is still challenging. We rely on dynamics analysis
and show that the term A\(w®? — u®?) first grows fast to
recover the sparse signal and then the term v grows to fit the
noise. Interactions between all parameters v, w, u makes it
difficult to directly derive an accurate dynamics analysis. To
address this issue, we introduce a new way to decompose v
that allows us to separate the effect of learning signal and
fitting noise and leads to a better characterization of the
training dynamics. See details in Section 4 and Section 5.

1.2. Related Works

There is a long line of work trying to understand implicit
regularization effect, we refer the readers to some surveys
for more complete discussions (Bartlett et al., 2021; Dar
et al., 2021; Vardi, 2022). Here, we first summarize implicit
regularization effect for interpolating linear models and their
variants in regression setting. We then discuss related works
for implicit regularization that are more related to training
dynamic analysis instead of norm-minimizing.

Min-/;-norm interpolator When using linear model
BT x for regression 5 >°.(8"@; — y;)?, it is known that
gradient flow/descent with 0 initialization will converge to
the solution that minimizes its > norm (e.g., Gunasekar
et al. (2018)). Recently, many papers have studied the gener-
alization error of such min-£5-norm interpolator in the over-
parametrized regime where the dimension is much larger

than then number of samples: Hastie et al. (2022); Mitra
(2019) focused on the asymptotic regime where d, n — oo
with fixed ratio, Bartlett et al. (2020); Tsigler & Bartlett
(2020) gave the non-asymptotic results under certain data
assumption, Belkin et al. (2020) studied Gaussian data case,
and Zhou et al. (2020); Negrea et al. (2020); Koehler et al.
(2021) developed different frameworks to analyze low-norm
interpolator. In particular, these results suggest that min-
£5-norm interpolator can achieve benign overfitting when
the spectrum of input data covariance matrix has certain
structure. On the other hand, it suffers from large test loss
with isotropic features (identity covariance matrix for x).

Min-/;-norm interpolator Going beyond the simplest
linear model 3", when the underlying signal is known
to be sparse, one could reparametrize 3 by B(w,u) =
wOl —u®F where ©L represents element-wise L-th power
for integer L > 2. Woodworth et al. (2020); Azulay et al.
(2021); Yun et al. (2021) showed that gradient flow with
such parametrization converges to min-¢;-norm solution
when using small initialization and min-¢5-norm solution
when using large initialization. Researchers have studied
the test loss of the min-¢;-norm interpolator in the sparse
noisy linear regression: Mitra (2019); Li & Wei (2021)
studied the asymptotic regime with d,n — oo with fixed
ratio, Ju et al. (2020) focused on the Gaussian data case, and
Chinot et al. (2022); Koehler et al. (2021) developed differ-
ent frameworks and analyzed min-¢; -norm interpolator as
an example.

Lower bounds are also shown in Chatterji & Long (2022);
Wang et al. (2022), which suggests that min-¢;-norm inter-
polator does not have good generalization performance due
to its sparsity. Vaskevicius et al. (2019); Li et al. (2021a)
showed that gradient descent with early stopping can still
achieve near-optimal test loss, but these results do not give
interpolating models.

Hybrid model Muthukumar et al. (2020) proposed an in-
terpolation scheme called hybrid interpolation (Definition
5 in their paper) to achieve optimal test loss. Specifically,
the hybrid interpolation is a 2-step procedure to achieve
benign overfitting: (1) use any estimator to recover signal
(e.g., Lasso (Bickel et al., 2009)); (2) use min-¢5-norm in-
terpolator to memorize the remaining noise. Such two-step
procedure shares similarity with the learning dynamics in
our analysis: our model will first recover the signal using
the second-order term and then fit the noise using the lin-
ear term. Different from the hybrid interpolation scheme
that requires a 2-step procedure, in our setup such learning
dynamics arise naturally just by running gradient descent.

Beyond norm-minimization for implicit regularization
Many of the earlier works for implicit regularization shows
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that the training process minimizes a certain norm (or maxi-
mizes margin with respect to a norm). The first example of
implicit regularization that goes beyond norm minimization
works in the setting of matrices. Arora et al. (2019) observed
that for low-rank matrix problems the solution found does
not always minimize the nuclear norm. Similar idea has also
been exploited in the full-observation matrix sensing (Gidel
et al., 2019; Gissin et al., 2020). Later Li et al. (2021b)
was able to characterize the implicit regularization effect
in matrix sensing problems via a greedy-low-rank-learning
dynamics. Such implicit rank regularization and dynamics
analysis are also studied in tensor problems (Razin et al.,
2021; 2022; Ge et al., 2021) and neural networks (Timor
et al., 2023; Frei et al., 2023). The implicit regularization
effect in our setting can be characterized using the results in
Li et al. (2022), but it does not directly imply the generaliza-
tion guarantee. Our result shows that dynamics analysis can
be important even in the simpler sparse regression model to
achieve benign overfitting.

2. Preliminary

In this section we first introduce basic notations. Then we
define the precise sparse recovery problem we are solv-
ing, and the learner model/algorithms we use. Finally we
state several useful properties for the data that we will use
throughout our analysis.

Notation Denote [n] = {1,2,...,n}. We use bold sym-
bols to represent vectors and matrices. For vector 3 € R4,
given any set A C [d], let B4 := }_,_ 4 Bie; be the same
as 3 for the entries in set A and O for other entries, where
{e;} is the standard basis. We use standard big-O notations
Q, O to hide constants and S~2, O to hide constants and all
logarithmic factors including log(d), log(n),log(1/0). We
will drop the time sub/superscripts when the context is clear.

Target function and data Suppose the ground-truth func-
tion is

ful@)=p"a,
where 3* € R is s-sparse. Without loss of generality, we
assume [Bf| > ... > [B| >0and B, = ... = 35 = 0.
Denote Sy := {i : 8F > 0} be the set of positive signal
entries, S_ := {i : 8 < 0} be the set of negative signal
entries, and S := S U S_ = [s] be the set of all signal

entries. We use Bg := ) _,. B2 40 3;e; to be the vector that is
same as 3 for the signal entries in S and O for other entries,
and Be 1=}, 5-_ Bi€; to be the vector that is the same as
(3 for the non—siénal entries that are not in S and O for other
entries. We similarly define Bs,,8s_, Bc. ,Bc_. Denote
Bmax := || be the maximum absolute value entry of 3%
and Sy := |4F] be the minimum absolute value entry of
BE. We assume Sumin, Smax = ©(1) for simplicity. Our

results can generalize to arbitrary Sy ax, OSmin With the cost
of an additional polynomial dependency on them.

We generate n training data {(x;,y;)}1, by

where « is the input data, £ ~ N (0, 0?) is the label noise
and y is the target. Denote X = [z, %2,...,T,] €
R"*4 as the input data matrix, ¥y = (y1,...,%,) ' as the
target vector and € = (£1,...,&,) " as the noise vector.

Learner model, loss and algorithm To learn the target
function f.(x), we use the following model

fuww(®) = (v+ 2w = \u®?) Tz, 1)

Here w®? := w ® w and u®? := u ® w is the element-
wise square of w and w. In general we use u © v to de-
note the element-wise product of w and v. Our model
can be viewed as a linear model 3"  with reparametriza-
tion B = v + Aw®? — Au®2. Such element-wise product
reparametrization w®? — u®? is common in the implicit
bias literature (Woodworth et al., 2020; Azulay et al., 2021;
Yun et al., 2021). In the view of neural networks, the learner
model can also be viewed as a 2-layer diagonal linear net-
work with a shortcut connection (He et al., 2016). For
simplicity of notation, denote 3 = v + AMw®? — \u®?.
We are particular interested in the overparametrized regime
n < d, where the model has the ability to overfit the data
without learning the target 3*.

Denote residual 7; := fy .0 (2;) — y; fori € [n] and r :=
(r1,--.,7mn) . We will use gradient descent to minimize
mean-square loss, that is

n

Z (fu,w,v(mi> - yi)2 .

i=1

1

L(u,w,v) := o
n

The gradient for this loss is given below:
wtD = w® — vV, L(u® w® v®)
1
=w® -y (nXTr(t)> ® (2 w®)
w® = 4 — V, L(u® w® v®)
t L 7.t t @
=u® 4 5X ) o (2xu®)

oD = @ _ v, Lw®, w®, v ®)

— o _plxTpm,
n

Properties the input data We use several key properties
of the input data matrix X and noise &. First is the notion
of Restricted Isometry Property (RIP), which is standard in
the literature (Candes & Tao, 2005).
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Definition 2.1 ((k, §)-RIP). A n x d matrix X /+/n is said
to be (k, §)-RIP if for any k-sparse vector 3 we have

(1=8) 18I < | XB/va|2 < (1+5) 182

We will assume data matrix X /+/n satisfies (s + 1,6)-
RIP with § = O((1 + n/v/d)~'s~3/2) and some regularity
conditions on X, £, as summarized in the Assumption 2.2
below. These conditions can be easily satisfied under some
choice of X, &, as shown later in Lemma 2.3.
Assumption 2.2. Input data matrix X //n satisfies (s +
1,8)-RIP with § < ¢5(1 4+ n/y/dlogd)~s=3/?log™*(d)
where c; is a small enough constant, and X, £ satisfy the
following regularity conditions:

€, = O(av/n),

Ix7e| <B.=0 <a logd> ,

n - n

|XT€|, =0 (oVdn),

%XTB ‘ =0 ('ﬂ'ﬁ) for any vector 3,
(1= 0(v/n/d))d < Apin (XX ) <
Amax(X X ) < (14 O(y/n/d))d.

Note that the notation By = O(c+/log(d)/n) not only is
for notation simplicity, but also intuitively stands for the best
error in £, that one could hope with Gaussian noise. Indeed,
Lounici et al. (2011) showed that the minimax optimal ¢,
test error is Q(oy/log(d/s)/n). Later in our analysis, we
show the test loss is closely related with Bg.

When each entry of data matrix X is i.i.d. Gaussian and
noise £ is i.i.d. sampled from N (0, %1), all the conditions
above are satisfied as long as Q(s*) < n < O(d/s*). See

Appendix A.1 for details.

Lemma 2.3. Suppose X is a Gaussian random matrix and
&€ ~ N(0,02I). Then if Q(s*) < n < O(d/s*), we have
Assumption 2.2 is satisfied with probability at least 1 — 1/d.

3. Main Result

Our main result, formalized in the theorem below, shows
that gradient descent on the learner model (1) achieves be-
nign overfitting.

Theorem 3.1 (Main result). Under Assumption 2.2, sup-
pose there exists constant C such that o < C. We
train model (1) with initialization v® = 0 w® =
u(ON) = al and follow the gradient descent update (2).
IfQ(s) < n < O(min{d/s,d*/3}) and we choose

A=0 (da‘ln_l(«/log(d) Tn+ /njd)"! 1og*1(n)) :

a = 1/poly(d), n < O(\/n/sd/\3), then for every t >
T = O(log(n/ae)n/nd) with any given € > 0 we have
training loss L(u® w® v") < ¢ and test loss

e
(”g (i)

Note that the final test error depends on log(1/«). Since
we choose a = 1/poly(d), it appears as log(d) in the final
error bound. Also, the test loss does not depend on 1/¢, so
it remains small when training loss ¢ is very close to 0.

For any interpolator 3, its test loss has lower bound
1B —B*||, = Q(oy/slog(d/s)/n + o/n/d) (Muthuku-
mar et al., 2020), where o+/n/d comes from the min-{o-
norm interpolator that fits the noise. Thus, the above test
loss is optimal up to poly(log d, s) factors. The additional
log d, s dependencies in our result (and the fact that n can-
not be larger than d2/3) are due to technical difficulties in
analyzing the dynamics. When n = O(y/dlog d), the first
term dominates the second term, and the above test loss

becomes O(cy/slog®(d)/n). This is close to the minimax

optimal rate (o +/slog(d/s)/n) up to polylog(d) factors
(Raskutti et al., 2011).

For the Gaussian data case (x ~ N (0, I')), by Lemma 2.3
we in addition need n = Q(s) to satisfy Assumption 2.2.
This leads to the following corollary:

Corollary 3.2 (Near minimax rate). Under the setting
of Theorem 3.1 and the choice of \,a,n, suppose input
data X is Gaussian matrix and noise ¢ ~ N(0,02%I).
If Qs*) < n < OWAd), then for every t > T =
O(log(n/ae)n/nd) with any given € > 0 we have training
loss L(u®,w® v®)) < ¢ and test loss

A 2o [oyf2le’@)
2 n

=

which is near-optimal up to polylog(d) factors.

4. Intuitions for the Training Dynamics

Consider the training of our model (1) using gradient de-
scent. Ideally, one would hope the training process to com-
bine the advantages of min-/;-norm and min-{5-norm inter-
polator as done explicitly in (Muthukumar et al., 2020): first
use w2 — u®? to learn the sparse target 3* and then use
v to memorize the noise with small /5 norm. This would
require us to fix v = 0 when learning the signal and fix
w®? — u®? when fitting the noise. However, since training
is done on all parameters simultaneously, it’s unclear why it
follows this ideal dynamics.
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Figure 1. Training dynamics of model (1) following gradient descent update (2) under d = 5 x 10*, n = 3v/d, 0 = 0.1, 8* =
(1/v/3,-1/4/3,1/4/3,0,...,0)" and Gaussian data &; ~ N(0,T). We set A = 100d/onlog(n)(y/log(d)/n + \/n/d) and run
gradient descent with 7 = 10~° from initialization a1 with « = 10~° until training loss reaches 10~°. Red vertical line stands for the
transition between Stage 1 and Stage 2. Left: training loss L goes to 0 and test loss |3 — 8" H; remain small at the end. Right: norm of

second-order term A(w®? — u®?)

Stages of training At a higher level, we show that the ac-
tual training dynamics of parameters v, w, u approximately
follow the above ideal dynamics in 2 stages (Figure 1):

* In Stage 1, the linear term v remains small so that
essentially the second-order term w®? — u®? learns
the signal using its bias towards sparse solution.

e In Stage 2, v moves to memorize the noise while
w2 — u®? roughly stays the same. Since v is bi-
ased towards small /5 norm, the final test loss remain
small after interpolating the data.

However, things are not as simple when we examine the
dynamics carefully. It turns out that even though v does not
grow to be too large in Stage 1, it still becomes large enough
so that existing analysis on w and w will no longer apply.
To address this problem, we keep track of the dynamics of
v very carefully throughout the training process. This is
done through introducing the following decompositions of
X" Xv/n and v.

Decompositions of X " Xv/n and v To keep track of
the dynamics of XTXv/n and v, we first consider the
ideal dynamics for v. We hope v to fit the noise. If we
were actually given the noise, we can use the loss function
| Xv—& ||§ /2n. Running gradient descent on this function
gives a trajectory for v, which can be computed explicitly.
Our decomposition tries to highlight that the true trajectory
of v is close to this ideal trajectory.

There are a few more issues that we need to work with.
First, for simplicity, in the ideal trajectory we approximate
X X T by dI (which is accurate as long as d > n). Second,
because of the signal, the entries of v in S may deviate

grows large to recover the signal in Stage 1 and linear term v remain small during the training. Both
z-axis are in log scale as Stage 1 is significantly shorter than Stage 2.

significantly and in fact contribute a little bit to the fitting of
the signal.

Based on these observations, we decompose both v and
X " Xw into three terms — a signal term, a noise-fitting term
and an approximation error term. They are defined in the
following equations:

1 d
“XTX0® = S0 41 b(XTE). +Ty, ()
n n

v = vl +a,XTE+AD, @)

where

Here ||r(t) HOO < v, HASE) HOO < (; give {s-norm
bounds on the approximation error. Also recall the notation
Bs = Zi:B#O Biei, Be = Zi;g;fzo Bie;. Intuitively in the
decomposition of v, vg part tries to fit the signal, X "¢
part tries to fit the noise and the remaining term is approxi-
mation error (the decomposition of X " X v has the same
structure). We will show in our analysis that vg contributes
little for learning the signal while X " £ fits all the noise and
approximation errors remain small.

The recursions of a; and b; are exactly the dynamics of
v in the ideal setting, where we fit || Xv — £||§ /2n (and
approximate X X | by dI).

Finally, the d/n factor appears in front of vg in the decom-
position of X " X /n. This is because in the ideal setting
(approximate X X " by dI) the change of X X "v/n is
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d/n times larger than the change of v. One can then use sim-
ple calculations to show that the signal part (X " Xv/n)g
corresponds to (d/n)vg. The non-signal part has the same
factor but the /., norm there is small and hence bundled
into the approximation error term.

5. Proof Sketch

In this section, we give the proof sketch of our main result
Theorem 3.1 with several key proof ideas. We first combine
the tools we discussed in Section 2 and the decomposition of
X " Xv/n and v defined in Section 4 to give the approxima-
tion of gradient. Then, we give the proof sketch of Stage 1
and Stage 2 in Section 5.1 and Section 5.2 respectively.

Approximation of gradient Given that X isa (s + 1,9)-
RIP matrix, the following lemma gives useful approximation
that allows us to approximate the gradient in Lemma 5.2.
The proof is a standard consequence of RIP property, which
is deferred to Appendix A.2.

Lemma 5.1. Given nxd matrix X /+/n satisfying (k+1,6)-
RIP, for any B € R?, let A = (%XTX — I) 3, then the
following hold:

o If Bis k-sparse, then | A, < VS || 8]

* For any vector 3, we have | Al < 68,

The following lemma gives the approximation of the gra-
dient. For the gradient of second-order term w,w, it
would become the same as the gradient on the popula-
tion loss [|Aw®? — Au®? — B 2/2 if (d/n)vs and A,
are small. In particular, this suggests that the second-order
term Aw®? — Au®? will learn the target when v remains
small.

Lemma 5.2 (Gradient approximation). Under Assump-
tion 2.2, we have the following gradients and their useful
approximation:

Vel = <1XT7~> ® (2 w)
n
=2\ (Z'us + A wg? — ug? - g + AT) ®w,
1
Vol = — (XU) ® (22u)
n

d
= —2) (vs +Aw§? - du§? - g+ Ar> Ou,
- .

1 d
VoLl = 7XT’I' = —vg + )\wgf — )\ugz — ,3* + A,
n n -

where recall S, S_ are the set of positive and negative
entries of B* and ey = [d]\ S4, e = [d] \ S_ are the

corresponding complement set,

d
1A =O (1 + |nb = 1]) Be) + Vs — JJvsl,

+ sd

d
02 ©2 _ g*
‘nvg + )\ws+ Aug” — B

oo

d
+o<ﬁg)WWJ&+W%HQ+%

and b and ||T|| , < ~y are defined in (3).

Note that the factor d/n in front of vg naturally arises when
we using the decomposition of X " Xv/n in (3). This
suggests that the actual part to fit the signal 3% is (d/n)vs +
MwS? — \u$?, instead of the naive vg + Mw$? — Aug?
from the form of learner model. On the other hand, since vg
remains small, it does not affect the final test error because
they are both close to )\wg2 — )\ugz.

The forms of gradients highlight the difference between the
parametrization v and w®? — u®2. For each coordinate,
w; (same for u;) moves according to w; < (1 + nA;)w;
for some growth rate \;, which would grow exponential
fast when \; > 0. However, the gradient for v is not pro-
portional to v, so it only grows linearly with time. Such
difference allows us to control the order of learning dynam-
ics (v or w®? — u®? grows up first). Thus, we could have
the desired 2-stage learning dynamics by properly choosing
the growth rate \.

5.1. Stage 1: Learning the Signal

In Stage 1, our goal is to show that the linear term v will be
characterized by the decompositions (3)(4), and the second-
order term w®?, u®? will recover the signal 3*.

The following lemma gives the ending criteria for Stage 1.
We can see only the signal entries wg, , us_ grow large to
recover 3* and others such as non-signal entries we, , U,_
and linear term v are remain small. Also, the loss reduces to
O(o+/n), which is essentially the norm of noise ||£||,. The
detailed proof is deferred to Appendix B.

Lemma 5.3 (Stage 1). Let C'r, be a large enough universal
constant, denote

d
T :=inf {t : anng) + )\wg;l)@? _ )\u(STE)@Q e

~ CnBc oD |

Then we know Ty = O(log(1/a)/n\) and the following
hold with a large enough universal constant C1:

(T )
‘ (T ulT

A S C’la.

)
oo

oo
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"UéTl)

, < C1v/5(n/d)log?(d)(Be + o+/n/d) and
||'U(T1)||2 < Ciov/n/d.

 [r], < Crovi

Recall B¢ is the target infinity norm error for recovering
the entries in 3*, when d > n, %vs + /\'w%2 - /\ug2
achieves this error at the end of Stage 1. We focus on this
term instead of vg + Aw?Q — )\ugf due to its connection
with the gradient shown in Lemma 5.2. Given that vg is
small, these two terms are in fact roughly the same.

As we discussed, a key step in the analysis is to character-
ize each term in the decomposition of X " Xv/n and v,
which would imply that v remains small in Stage 1. This is
formalized in the following lemma.

Lemma 5.4 (Informal). Consider the decomposition
of X" Xv/n and v in 3) (4), we have for t <
O(log(1/a/nA))

b = (1= (1= nd/n)")/n < 1/n,

ap = (1—(1—nd/n)")/d < 1/d

IT¢llo < =O0(ov/n/d+ Be),

[Aull < ¢ = O(ov/n/d).

Note that v will memorize the noise when b; = 1/n and
a; = 1/d as Xv® ~ X (a; X T¢) ~ & However, since

T = 6(77/\) = o(n/nd), we know a; = o(1/d) in Stage 1.
This shows that v is still small and does not yet interpolate
the noise part.

Combine the above lemma with Lemma 5.2, we have the
following gradient approximation

1
Vel = (nXTr) ® (2 w)
— 2)\(%1;5 +Aw? - Mu§? - B+ A,) Ow,

Vol = — <1XU~) ® (2\u)
n

d

—2A(—ws + \w§? - Au§? - BF+ A,) O u,
n

where

Ao =O(Be + av/n/d)

d
+ s0 ‘n’vs + )\w?f - )\'U,?_Q - B*

o0

Intuitively, this suggests if a coordinate of the residual %v s+
)\wg)2 — )\qu — B* has large absolute value, then one of
w or u will grow exponentially depending on the sign of
the residual.

Given such gradient approximation, our goal is to show that
vg and A, remain small so that w and u essentially follow

22

the gradient on population loss ||Aw®? — Au®? — 3*
to recover the target 3.

In the simplest case of s = 1, we can see that whenever the
signal error |(d/n)vi +Awi—Mui—B7| > O(Be+o+/n/d)
is still large, it leads to a large gradient for either u; or wy,
which in turn decreases the error. Therefore, at the end the
error will decrease to O(Bg¢ + o4/n/d). In fact, due to the
parameterization of w®?, u®2, their growing rate would be
exponential so they will grow up fast to recover the signal.

At the same time, we can control the growth of v; by choos-
ing a large enough )\ to ensure the length of Stage 1 T is
short. The non-signal entries we, ,u._ will also remain
almost as small as their initialization, as their growth rate is
much smaller compared with the signal entries.

For higher sparsity s, the analysis becomes sig-
nificantly more complicated because of the term

Log + Awg? — hug? — B* N in |A,],. Not all
the entries of 3* are of the same size, which results
in different growth rates in the entries of w and wu.
The entries with larger 3 will be learned faster than
the smaller ones, which could lead to the case where
d 2 o2

HEUS + >\wS+ —Aug” - g* Lo

error for a particular entry k € S of (4vg +)\wf§f —ug? -
B )k

To deal with such issue, we show the following lemma
that bound the time for reducing the signal error by half.
Similar result was shown in Vaskevicius et al. (2019) where
they do not have the linear term v. The proof relies on
the observation from the gradient approximation above that

the signal error will monotone decrease before reaching
|A; ]|, and is made possible by the decomposition of v.

is much larger than the

Lemma 5.5 (Informal). Given any time to, assume

| 4062 + Al - Ay - | = e+
ov/n/d). Let
T ::inf{t—to >0:
d *
900+ M) - 2wl 2 - 9

d
< “nvgo) + /\(ng:))Q o )\(ugf))Z B

g

be the time that signal error reduces by half. Then, we know
T = O(1/n)).

Repeatedly using the above lemma, we know it takes T =
O(1/nA) time to reach the desired accuracy. Other claims
follow directly. Detailed proofs are deferred to Appendix B.
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5.2. Stage 2: Memorizing the Noise

Given that in Stage 1 we know Aw®? — Au®? has already
recovered signal 3*, in Stage 2 we show that the remain-
ing noise will be memorized by the linear term v without
increasing the test loss by too much. This allows us to re-
cover the ground-truth 3* despite interpolating the data to €
training error, as formalized in the following lemma. The
proof is deferred to Appendix C.

Lemma 5.6 (Stage 2). Let T» := inf{t > 0
Lw®, u® v®) < £). Then, we have the length of
Stage 2 is To—T1 = O((n/nd) log(n/c)) and the following
hold for every t > Ts with large enough universal constant
CQ.'

© | 4 g P g < Ca(Be +
oy/n/d)
. w((ff Nl < Ca
oo
. v(st)H < Cov/5(n/d)log®(d)(Be + o+/n/d) and

2
Hv(t) H2 < Cyov/n/d.

Similar as in Stage 1, we still need to characterize each term
in the decomposition of X " X v /n and v.

Lemma 5.7 (Informal). Consider the decomposition
of XTXv/n and v in (3) (4), we have for t <
O((n/nd)log(n/c))

by = (1~ (L —nd/n)")/n < 1/n,

ap = (1—(1—nd/n)")/d<1/d

ITilloe <7 = Olovn/d+ Be),
1Al < ¢ = O((Bg +0v/n/d)nlog(n)/d).

Unlike in Stage 1, the signal has mostly been fitted in
Stage 2. This makes the gradient smaller and the time it
takes for Stage 2 (7> — 11 = O((n/nd)log(n/¢))) is much
longer than Stage 1. Because of this longer time, we now
have b; ~ 1/n, a; ~ 1/d at the end of Stage 2. This implies
that we essentially use linear term v to interpolate the noise
as Xv) ~ X (a, X €)= €.

In the analysis of Stage 2, we have two major goals that are
closely related: first, we want non-signal entries of w, u to
stay small; second, we want the residual ||7||, to decrease
exponentially.

For w, u, combine the above lemma with Lemma 5.2, we
know

Vel = <1XT7~) o (2 w),
n

Vul =— <1XT7~) ® (2\u),
n

where

1
~XTp
n

d
= ans +Awg? — Mg - B+ A,

= O(B¢ + 0+/n/d).

oo o0

The infinity norm bound on %X Ty follows from a case
analysis for signal and non-signal entries. For the sig-
nal entries, using the above gradient approximation sim-
ilar as in Stage 1, we can show that the signal error
H%vs + )\wgz — )\ug2 - B* + ATHOO remains O(Bg +
o+/n/d). For the non-signal entries we_ , u._, we know

its exponential growth rate is O(A(Bg¢ +o+/n/d)) from the
gradient approximation.

The bound on H 1X TrHoo limits the movement of u and

w. Aslong as O(nA(Be + o/n/d)(To — T1)) < 1, the
non-signal part of u and w will remain small.

On the other hand, for the decrease rate of ||7||,, the stan-
dard approach is to use ideas from Neural Tangent Ker-
nel (NTK) (Jacot et al., 2018; Du et al., 2019; Allen-
Zhu et al., 2019), and approximate the dynamics of r as
) = (I —nH®)r® where H is the neural tangent
kernel. The decreasing rate of ||7||, can then be bounded by
lowerbounding the minimum eigenvalue of H(*). However,
bounding H ) naively by its distance to some initial H *)
does not work in our case.

To fix this problem, we again rely on the dynamics of v.
Lemma 5.7 suggests that v(*) gets close to X &/d with a
rate of Q(d/n) as v ~ a, X T £ (this can also be viewed
as the minimum eigenvalue of the NTK kernel restricted to
v). This convergence rate gives a bound on the length of
Ts — T4, which allow us to choose an appropriate A to keep
We, , Ue_ small.

Once we have the bounds for the convergence rate and non-
signal entries of u,w, other claims follow directly. Details
are deferred to Appendix C.

Note that in the argument above, since the length of Stage 2
T, — T is proportional to log(1/¢), it cannot be used when
€ is very close to 0 as A is proportional to 1/(T> — T1)
and would become very small. In fact, we can get rid
of the dependency on log(1/¢) with a more careful analy-
sis. In the actual proof, we have two sub-stages for Stage
2, which uses different ways to bound the growth rate
||XTr/nH . For Stage 2.1, we use the argument above
until |||, = O(o). In Stage 2.2, given the training loss is
already small enough, we use a NTK-type analysis to bound
1X 7 /n]| = (1 - Qnd/n))=T0(c/v/n) as |Ir]], de-
creases with rate Q(d/n). See Appendix C for details.
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6. Conclusion

In this paper, we give a new parametrization for the sparse
linear regression problem, and showed that gradient descent
for this new parametrization can learn an interpolator with
near-optimal test loss. This highlights the importance of
choosing the correct parametrization, especially the role of
linear terms in fitting noise. Our proof is based on a new
dynamic analysis that shows it is possible to first learn the
features, and then fit the noise using an NTK-like process.
We suspect similar training dynamics may apply to more
complicated problems such as low-rank matrix factorization
or neural networks.
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A. Preliminary

In this section, we prepare some useful lemmas for the later analysis. In Section A.1, we show that Assumption 2.2 is
true when data matrix X is a Gaussian random matrix and noise & ~ N(0,021I). In Section A.2, we give the proof of
Lemma 5.1 and Lemma 5.2 for gradient approximation.

A.1. RIP and regularity conditions

In this subsection, we show that Assumption 2.2 can be satisfied when X is a Gaussian random matrix and £ is a Gaussian

random vector with variance o2.

We use standard proof to show the RIP property, and the rest of the properties follow from simple concentration. First,
the following shows random Gaussian matrix is a (s + 1, d)-RIP matrix with § = O(4/(s/n)log(d/s)). To satisfy
Assumption 2.2, with simple calculation we see that we only require Q(s%) < n < O(d/s%).

Proposition A.1. Let X be a n X d Gaussian random matrix. Then, there exists universal constant ¢y, ¢y such that X /\/n
is (k,8)-RIP for any k < cyn/log(d/k) and § > ca+/(k/n)log(d/k) with probability at least 1 — (k/d)* > 1 —1/d.
Proof. From the proof of Theorem 5.2 in (Baraniuk et al., 2008), we know the error probability is at most

e~ Co (6/2)n+k[log(ed/k)+log(12/8)]+log(2) ,

where cy(e) = €2/4 — €3/6. Note that it suffices to consider § < 1, which implies that co(6/2) > §2/48 and k <
n/c2/log(d/k). Then the exponent can be upper bounded by with § > co+/(k/n)log(d/k)

—n62/48 + (4 +log(1/co))klog(d/k) < —(c3/48)klog(d/k) + (4 + log(1/c2))klog(d/k) < —(c3/50)klog(d/k),

where the last inequality is true since we can choose ¢y to be large enough constant. O

The following lemma shows that the regularity conditions on X, £ in the second part of Assumption 2.2 are satisfied with
high probability when X is a Gaussian matrix and & is sampled from N (0, 02T).

Lemma A.2 (Regularity conditions). Suppose X is a Gaussian matrix and & ~ N(0,02I). With probability at least
1 — de ") We have

1€lly = O(av/n),

1
ggg:o(a Ogd),
00 n

Vdn),
( ”fj?'f) for any vector 3,
S )\min(XXT) S )\Inax(XXT) S (1 + O( ’I’L/d))d

1
,XTS
n

1"l =

1
XTI@‘
n oo

(1-0(/n/

Proof. The first three and the last one are standard consequences of Gaussian vector/matrix concentration, see e.g., Lemma
A.5 in Vaskevicius et al. (2019) for the proof of HXTS/nHOO and Theorem 3.1.1 and Theorem 4.4.5 in Vershynin (2018)
for the rest. For the third one, denote X[, ] is the i-th column of X. Then, || X 78/n||_ < max; |87 X[:,i]|/n <
|8, max; || X[, ]|, /n. Then it follows from standard Gaussian concentration. O

Olo
=0
d))d

Now we are ready to prove Lemma 2.3 that shows Assumption 2.2 holds under Gaussian input and Gaussian noise. It
immediately follows from Proposition A.1 and Lemma A.2 above.

Lemma 2.3. Suppose X is a Gaussian random matrix and € ~ N(0,02I). Then if Q(s*) < n < O(d/s*), we have
Assumption 2.2 is satisfied with probability at least 1 — 1/d.

Proof. Tt suffices to combine Proposition A.1 and Lemma A.2. O

12
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A.2. Gradient approximation

Lemma 5.1 and Lemma 5.2 give ways to approximate several important terms in the gradient. Here we give their proofs.

Lemma 5.1. Given n x d matrix X //n satisfying (k + 1,0)-RIP, for any 8 € R, let A = (X7 X — I) 3, then the
following hold:

o If B is k-sparse, then | Al < VEG||B|,-

* For any vector 3, we have | Al < 68,
Proof. For the first part, it is a standard consequence of the RIP condition, see e.g., Lemma A.3 in Vaskevicius et al. (2019).
For the second part, notice that 3 = 3, 3;e; where {e;}{_, is the standard basis, it then follows from the first part. O

Lemma 5.2 (Gradient approximation). Under Assumption 2.2, we have the following gradients and their useful approxima-
tion:

1 d
VL = (XTr) ® (2Aw) = 2 (vs + A wg? — Mug? — g + A,) ®w,
n n -

1 d
Vol = — (nXTr> ® (2 u) = =2 <nvs +Awg? = Mug? — g + Ar> Ou,

d
VoL =~-X"Tr=—vg+ w§? - Mg? - p*+A,,
n n - -

where

d d .
1A le =0 (1 + Inb — 11) Be) + V55 [wslly + 56 | Sws + Mg ~ hug? - 8

o0

d
Lo (ﬁx) (e, 12, + [l |I2) +7,

band |T||, < are defined in (3), and recall S, S_ are the set of positive and negative entries of 3* and e = [d] \ S,
e_ = [d] \ S_ are the corresponding complement set.

Proof. By the decomposition of X T X /n in (3), we have

1 1 1 1 1
“XTr=—X"Xv—--XTe+ - XTXOw§?* - g* -8+ - XTOAXw?? - A\Xu?)
n n n n + - n -

1

=0 X (X5 s b XX O - )

1
+ - XTAXwS? - AXuP?) +T
n

—

1 d
:(b — E)(XTg)e - *(XTﬁ)S + Evs + )‘wgf - /\ugf - ﬂ*

&3

l o 2 2 * L o d

1

+ =X TAXw?? - A\ Xul?) +T
n + -

d 2 2 *

:Evs + )\'wg+ — )\ug{ -3
+ (b — l)(XTg) — l(XTg)s + (lXTX — I)(st +FAw? — \ug? - g%) — (lXTX — I)%S
n con n n S+ S- n n

1

+ =X T(AXw?? - AXul?) +T.
n

Denote the last two lines in in the last equation above as A,.. We know

1 d
—XTr=—vg+ g’ - i - g +A,.
n n + -
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To bound || A by Lemma 5.1 and Assumption 2.2, we know

T”OO’

1 1
0= DxTe. -~ LxTes| o+ im - 1) B9
1 T d ®2 [OP] * d ®2 o2 *
(EX X —I)(E'vg +Awg? = dug® - BY)|| =0 Vs +Awg; — Aug” - B )
d .
<sd ’nvs + )\wgf — )\ugf -0 N
1 d d
[GxTx - nlos| <vasd fus,
n n 00 n
1T ©2 2 _ L’ ©2 @2’
an OXw? - AXu?)| =0( = ‘Xwe+ Xu®" ‘2

d
_0 (\/ﬁ)\> ([we, |2, + ffue_ |2,

Thus, we have

[Ar]loe =O ((1 + |nb —1]) Be) + 6

+0(7) e I

d
©2 _ ©2 _ g*
‘nvg + )\wSJr Aug” —pB

d
+ V505 usl,

2
L)+

B. Proof for Stage 1

Recall that our goal in Stage 1 is to show (1) variables wg and ug grow large to recover 3* (specifically, wg recovers the
positive entries of 3* and ug recovers the negative entries of 3*); (2) the other variables w,, u. and v remain small. This
is summarized in the following main lemma:

Lemma 5.3 (Stage 1). Let C'r, be a large enough universal constant, denote

= CTl(BeJrU\/m)}'

d
T, :=inf {t : vaTl) + /\wg{l)QQ _ Aung)QZ - B
n _

Then we know Th = O(log(1/a)/nA) and the following hold with large enough universal constant C:

. ‘wgl) ’ , ul™ < Cha.
. \vgﬂ) < C1v/5(n/d)log? (d)(Be + 0/n/d) and |[v™)]|, < Cro/n/d.

P, < oy

To prove this lemma, we need to maintain the following inductive hypothesis which assumes the approximate error comes
from the non-signal entry is small and other regularity conditions. Later we will use these assumptions to bound different
error terms and finish the induction.

Lemma B.1 (Inductive Hypothesis for Stage 1). Fort < Tl = Cﬁ log(1/a) /n\Bmin with large enough universal constant

Cz , the following hold with large enough universal constant 51 :

i

(1)

e+

(t)

Ue S 5106.

.
)

oo

w

’ oo

< (.

D)% = 2l -

<o)

%vg) + /\'wg®2 — AugZQQ - B*

oo
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s IOl < IO, < Crvem.

We finally remark on the constant dependency in Stage 1 here. All the lemmas appear in this section, except the main result
Lemma 5.3, should only depend on universal constants Cr, , C1, C’E' Perhaps the one that needs the most careful proof is

the induction hypothesis Lemma B.1. In the proof, we rely on the condition ﬁ( y<n< 5(d/ s) to make sure that the terms
like Bg + o4/n/d are smaller than any universal constant, especially the constant that only depends on universal constants

Cry, Ch C7, . In this way, it ensures that we can choose another universal constant C that only depends on C,, Cl, CT
to serve as the upper bound in Lemma 5.3.
B.1. Dynamics of v

As we discussed earlier, even though in Stage 1 we hope to use the corresponding entries of w, w to learn the signal, the
same entries of v will also grow and it’s important to understand the dynamics of v.

The dynamics of v roughly follows the trajectory for optimizing || Xv — & ||§ /2n. We formalize that in the following two
lemmas. First, we give a decomposition of X X " v /n as follow. This term plays an important role when we estimate the
gradient as shown in Lemma 5.2, therefore we here give a careful analysis.

Lemma B.2. Recall the decomposition in (3)

where Hl"(t)HOo < ¢ and recall the notation Bs = th#o Bi€i, Be = th:o Bie;. Suppose Lemma B.1 holds. We
have fort < Tl

by = (1= (1=nd/n)")/n < 1/n,

v < O((v/sd/n+dsd/n)nt) = O(c+/n/d + Be).

We then give the decomposition of v.

Lemma B.3. Recall the decomposition in (4)

v® = ol 14, XTe+ AW,

a4l = Q¢ — ’I](bt — 1/n)

where ‘ Ag,t)

have fort < Ty

< (;. and recall the notation Bg = Zi;m;ﬁo Bies, Be = Zi;m:o Bie;. Suppose Lemma B.1 holds. We

a; = (1 — (1 —=nd/n)")/d < 1/d
¢t = O((Be + s6 + oy/n/d)nt) = O(oy/n/d).

Moreover, for every t < T, H’U(t)Hz = O(o\/n/d),

9|, = OWa(n/d) g () (Be + /7).

B.2. Implications of Inductive Hypothesis Lemma B.1

Given the understanding of dynamics of v and X " Xv in Appendix B.1, we have the following approximation of gradient,
using Lemma 5.2.

15
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Lemma B.4. In the setting of Lemma B.2 and Lemma B.3, we have for t < Tl
1 T d ®2 ®2 *
Vuwl = HX r) O (2 \w) :2)\(51)5—&—)\103+ - -0+ A) 0w,

1 d
Vol = — (nXTr> © (2Mu) = —2X(~vs + w32~ u? — B+ A,) O u,

1 d
VoL ==-XTr=—vs+ 2w’ -’ -8+ A,
n n + -

where

|4

S_

)
o0

Lo =0 (Be+ov/nfd) +s6

=:B;

d
‘nvg) + )\wg}rm — Ao _ B*

Now we are ready to estimate the dynamics for the relevant entries of u and w using Lemma B.4. We first show in
Lemma B.5 that wg, , ug_ will grow to (Bumin). Then in Lemma B.6 we show that it takes O(1/1AfBmin) to decrease

[208 +A@)? - Al )? - 5

by half. The proofs are deferred to Appendix B.4.

Lemma B.5. Suppose Lemma B.1 hold. Then for every Tyy < t < Ty with T1; = O(log(1/Aa%) /n\Bmin ), )\(u)](f))2
Bmin/4 for k € Sy and )\(u,(:))2 > Bmin/4 fork € S_.

v

Lemma B.6. Suppose Lemma B.l1 and Lemma B.5 hold. Given any time to, assume at time ty By :=
H %'vg“) + )\(ng:))Q — )\(ugi))Q — B*|| > 4Bs where By is defined in Lemma B.4. Let
/2

As a technical condition in proving the two lemmas above, we need to make sure that once we fit the signal using the
corresponding entries in u, w, v up to error u, the error will not become much worse later. We formalize this as the following
stability lemma.

Lemma B.7 (Stability). Suppose Lemma B.4 and Lemma B.5 hold. Assume || %v(t(’) + AMw(10)02 — Ny (00)O2 _ g Hoo SH

at time tq, then |%v,(:) + )\(w,(f))Q - /\(u,(f))2 — Bl < max{u,2(Bs + sdp)} forallt > to and k € S, where By is definied
in Lemma B.4.

d
T’ int {t _ty>0: Hnw P @) - A@?)? - g

d
- Hn“ + AWl = Muf?)? - g

oo

be the time that signal error reduces by half. Then, we know T" = O(1/09\Bmin)-

Now we are ready to bound the time 7} for Stage 1 using the above lemmas.

Lemma B.8. Suppose Lemma B.1 hold. Recall

d
Ty := inf {t : va) + )\(wg‘iy _ )\(ug) )2 . ﬁ*
n _

< Cn(Be + /i) }.
o0
where Cr, is a large enough universal constant. Then, we know Ty = O(log(1/a) /n\Bmin )-

B.3. Proof of Inductive Hypothesis Lemma B.1 and Lemma 5.3

Finally, we are ready to prove in the induction hypothesis and finish the proof of Lemma 5.3.
Lemma B.1 (Inductive Hypothesis for Stage 1). Fort < Tl = C’ﬁ log(1/a) /n\Bmin with large enough universal constant

Cﬁ’ the following hold with large enough universal constant 51 :

(t)

‘we+ ®)

Ue S 61&.

oo

.
)

oo

< (.

D)% = 2l -

<o)

%vg) + /\'wg®2 — AugZQQ - B*

oo
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s IOl < IO, < Crvem.

u®

e_

<

)

Proof. We claim Hwéi)

C~’1/ 2. If such claim is true, then we prove the first 2 points as ¢t < T1 = o( Bg + oy/n/d + s0)” and
(d/ n) ||lvs|lo, < C1/2. The latter one is true because we can choose C to be large and use Lemma B.3. Also the condmon
Q( )<n< O(d /s) makes sure that we can ensure B¢ + 0/n/d to be smaller than any universal constant, especially the

constant that only depends on universal constants C, , Cl, Cﬁ in this case.

We show the above claim by induction. We know all the conditions hold at ¢ = 0. Suppose before time ¢ it holds, then
consider the time ¢ 4 1.

For H%vgﬂ) + )\w(;jlxw — )\ugjrl)m - B*

bounded by 51 /2. Otherwise, we can see it from the proof of Lemma B.6 and Lemma B.8 that shows it continues to
decrease and stay small.

, if A(w,(fﬂ))2 + )x(u,(ct+1))2 < Bmin/4, then it is easy to see it is

Now consider Hw(tH) H and Hu(etfl) H . By Lemma B.4 we have for k ¢ S

w1 <(1+2€0(Be + o/nfd + 56))|wy” |,

which implies that |w,(€t+1)| < (1+ O(A(Be + ov/n/d+ s8))) o as w,&o) = «. Similarly, we get the same bound for
ug With k & S.

It remains to consider wy with k € S_ and uy with & € S.. We will focus on wy, with k € S_, the other follows the same
calculation. We have

WD) (1 o <1XTr(t)> ) . (1 Lo (1XTr(t)) ) o < w®u® < o
, - ) - ) ,

From the proof of Lemma B.8 we know ugf) > «. This implies that |w,(€t)| <a.
We now prove the last part on ||r(+1) || . We have

P =X+ 4 AX (T HHO2 - A Xy (D02 ¢
(t) () A T o2, 24N T oo oo
=r —nX-HX r'V +AX —n;(X r) O w®? + n? (X )9 O w
4\ 472
- X <n(XTr) Ou®? + 772—2(XT7')®2 o) u®2) .
n n
This suggests that

e, < 1~ Brrr - 42
2 n

<(1-0 () bl

where we use Lemma B.10 and Assumption 2.2. We finish the induction.

2
X (X diag(w ®2+u®2)XT>H <t>H V- o( 2cz||r||§>

Now we are ready to proof the main result Lemma 5.3 for Stage 1.

Lemma 5.3 (Stage 1). Let Cr, be a large enough universal constant, denote

:CTl(Bg-i-U\/’n/d)}.

d
Ty :=inf {t : H (Tl) + \w (T1)®2 )\Ufgjil)Gz N ,6*

Then we know Th = O(log(1/a)/nA) and the following hold with large enough universal constant C:

17
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(T1) ug_ﬂl) < Cha.

oo

)

o [l

oo

, < C1v/5(n/d)log*(d)(Be + o/n/d) and H'U(Tl)H2 < Cyoy/n/d.

[, < Crov

‘U(STI)

Proof. Combine Lemma B.1, Lemma B.3, Lemma B.8 we prove the first 2 points and bound the time 77 . For the last point,
by Lemma 5.1 and Assumption 2.2

o

, S HX)\wgl)mH + HXAugl)@zH n HX ™ ¢ )\,w(Tl)Gz a2 g

(Ty) _ (T _
2+HX(U vs ) SHQ
<O(Xda?) + O(v/ns(Be + a+/n/d)) + (d/n — 1) HXU(T1>
<0(1) I, + O(Ada?) + O(v/ns Bg—f—ar + O(v/ns(Be + o/njd)) + Vdir,
=0(0v/n),

where we use apy, < 1/d and {7y = O(o+/n/d) from Lemma B.3. Note that the constants hide in big-O in these lemmas

only depends on universal constants Cr,, C1, Cﬁ , S0 we can choose another large enough universal constant C to appear
at these upper bounds. O

+||(ar, X XT — 1)g + ATV
2

B.4. Omitted Proofs in Section B.1 and Section B.2

In this subsection, we give the proof of Lemma B.2, Lemma B.3, Lemma B.4, Lemma B.5, Lemma B.6, Lemma B.7 and
Lemma B.8 in previous subsections.

Lemma B.2. Recall the decomposition in (3)

1 d
~X X0 = Evgﬂ +0(XTE)e + Ty,

where ||I‘(’5)||Oo < vt and recall the notation Bs = Zi;ﬁff#o Biei, Be = Zi;g,*zo Bie;. Suppose Lemma B.1 holds. We
have fort < Tl

by = (1= (1—=nd/n)")/n < 1/n,

ve < O((\/sd/n + dsd /n)nt) = O(a+/n/d + Be).
Proof. We first write the update of b, and I'; using the update of v.
T _ R (t+1) d (t+1)
bt+1(X E)e + Ft+1 —ﬁX Xv — EUS
:lXTX'U(t) _ gvg’) _ anTXlXT,r.(t) + ng (1XT’P(t)>

" n n n n\n s

d (1
—b(XTE)+T— LXTXXTr® 42 <XTr<t>>

n n\n

S

=b (X 7€), +I‘t——XT(XXT dI)r(t)—n% (ixwt)) .

We bound the last two terms one by one. For —& X T(XXT —dI)r®, we have by Assumption 2.2 and Lemma B.1

\/7 Vsn) = O(ny/sd/n).

H T XT(XXT —dl)r®

<*(

%
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For 77% (lXTr( ))e, we have
X

mn

(1 'r(t)>
n e

1 1 1
( XTXo® 4 XTX(A D auf?? - ) - X T+ - XTAX w2 - AXug”@2)>
n - n n e

1

d , , . 1
= <nvg) + gXTX()\wgiQQ — )\ugz®2 - B%) + (bs — E)XT’E +T' + ﬁXT(AXU’é?@z - )‘X“‘(et_)G)?))

e

:(bt _ l)(XTs)e + ((1XTX _ I)()\ (t)®2 ~\u (t B*) + T+ lXT(/\X’wg?QQ _ /\X’U,gt)®2))
n n n

€

Therefore, by Lemma B.1 we know

nd 1
b —b——b——
t+1 = by (b = —),

Yeir < %+ O0n/5d/n) + 12055 + (d/m)Aa?) = 7, +nO(/sd]n + dsi/n).
This implies
by = (1— (1 —nd/n)")/n<1/n,

v < O((v/sd/n+dsd/n)nt) = O(c+/n/d + Be).

Lemma B.3. Recall the decomposition in (4)
v® = o 14, XTe+ AW,

azr1 = az — n(by — 1/n)

where ‘ Ag) < (;. and recall the notation Bs = Ei:m#o Bi€i, Be = Zi:ﬂ*:O Bie;. Suppose Lemma B.1 holds. We

have fort < T}
a; = (1 —(1- nd/n)t)/d <1/d
Gt = O((Be + s6 + ov/n/d)nt) = O(oy/n/d).

Moreover, for every t < T, Hv(t)Hz = O(o+/n/d), , = O(v/3(n/d)log?(d)(Bg + o+/n/d)).

Proof. We write the update of a; and A,(f) using the update of v

at+1XT£ + ASJtH) =pttD) _ USH) = — v(St) —-n (1 Xr (t)>
n e

= X €+ A,ff) -7 <1XTr(t)> .
n €

For (%XTr(t))e, using the decomposition of XTXv/n in Lemma B.2, we have

Lyr,.m
n e

1 1 1
= (XTXM + XTX(/\ D9 - g - X Te+ - XT(AXw{)? - AXug“®2)>
n n e

d 1 1
- ( o XTX()\ WO A — B + (b~ DXTEHT, 4 X TOXw)O - AXul)?)

€

N 1
= (b, — 5><XT5>6 + ((nxTX — DO~ - ) 4 T X TAXw AXusfz%)

€
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Therefore, we have the update of a; and ¢; by using Assumption 2.2, Lemma 5.1 and Lemma B.1

ary1 =a; — n(by — 1/n),
Cir1 < G +1O0(Inby — 1|Be + 86 + ov/n/d + Be + (d/v/n)Aa?).

This implies
ay=nt/n—n) b =(1—(1-nd/n)")/d<1/d
T<t
¢ < O((Be + s6 + ov/n/d)nt) = O(oy/n/d).
Thus, we have H'v(t) - v(t)H < a;0(oVdn) + Vd = O(o/n We now bound [lvgll,. Since its gradient
norm ||V, Ll = ||( XTr/n )s||, < O(/5) by Lemma B.1 and Assumption 2.2, we can bound |lvs]|, as ||vs, =

UDI ||V1,SL(T)H2 < O(y/snt) = O(v/s(n/d)log*(d)(Be + oy/n/d)). This also implies || v||, = O(o\/n/d). O

Lemma B.4. In the setting of Lemma B.2 and Lemma B.3, we have for t < T
1 T d ©2 *
Vwl={=-X"r) 06 2\Ww)= 2)\( vs + )\w - Mgt -G+ A)Ow
n
1 T d ®2 *
Vul=—(=-X"7) 0 2M) = —2)\( vg + )\w - -0+ A)0u
n _

1 d
VoL ==-XTr=—vs+ 2w’ -’ -8+ A,
n n + -

where
HA,@ (BE + a\/i) 458 ‘ ® 4 )\w( o2 )\u(Sti@z _g|
o0
=:B;
Proof. By Lemma B.2 and Lemma B.3 and the choice of parameter, the result directly follows from Lemma 5.2. O

Lemma B.5. Suppose Lemma B.1 hold. Then for every Ty < t < Ty with T1; = O(log(1/Aa2) /n\Bmin ), )\(u)](f))2 >
Bmin/4 for k € Sy and )\(u,(:))2 > Bmin/4 fork € S_.

Proof. Fort < fl, by Lemma B.4, we have for k € S, (note that (ug_)x = 0 in this case. The case k € S_ is similar, we
omit for simplicity)

w,(:H) = (1 — 29\ (d ) 4 AMw (t))2 —Br £0(Be + O’\/m+ s5))> w,(:),

d
oD = <n O L Aw)? = Bt + O(Be + ov/njd + 55)) .

Since Hv(st) H = O(y/s(n/d)log?(d) (B¢ + o+/n/d)) by Lemma B.3, this implies that (d/n) va) H < Brmin/4. Thus,

d 2
A(w(T)2 = ( — 2\ ( W 4 Aw™)? = B; + O(Be + ov/njd + sa)>) A(w(™)?
> (120 (Mw)? - 1/2)) Mu?)?,
Therefore, by Lemma B.9 within time O(log(1/A02) /nABumin) e have A(w )2 > Buin /4 and will remain for ¢t < Ty. O
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Lemma B.6. Suppose Lemma B.l and Lemma B.5 hold. Given any time ty, assume at time to By :=
H %vgo) + )\(ng:))Q — )\(ugﬁ))Q — B*|| > 4Bs where Bs is defined in Lemma B.4. Let
r2}

Proof. Fort < ty+T’, by Lemma B.4, we have for k € S (note that (ug_)x = 0 in this case. The case k € S_ is similar,

we omit for simplicity)
d
w,(fﬂ) = (1 — 2N\ (v,(:) + )\( ) == (Bs + 56 ))) w,(:),

d
v,(gt—i_l) :v,(gt) -1 (n ) 4 Alw (t))z == (BS + 56
We claim H (t) + AMw (t)) —AMu (t)) ,8*‘ < H (o) + AMw (t‘))) —AMu (t")) ,B*H = By forty <t <

to+T'. We show this by induction. Att = ¢ it holds Suppose before ¢ the claim holds. For time ¢ 4 1,

d d d (d
Sof RISV :EU’(:) — (nv,(f) + A w)? - g + Bo/3>
d 2
+ (1 — 2\ ( O Aw)? - gt + Bo/3>> Awy)?

d d d
>+ A (wy) —n (nvfj) + A w)? - B+ BO/3> (n + 4A2(w§f))2) :

d
T = in {t Cty >0 Hnw F @ - A@?)? - g

d
< [2u + A - i -

oo

be the time that signal error reduces by half. Then, we know T' = O(1/1\Bmin)-

o) 4 Al - M2 -

d
‘nvgﬂ @) - A2 - g

This implies for ¢ < to + 1"
d d . n(d
SV Al R - 57 2 (Sl Al - 57 ) (1 2 (£ 4 i)
d *
> (S0l 4 Al = 5 ) (L= 207

where in the last line we use Lemma B.5. Thus, if 4 (t) + AMw t))Q — B; < —By/2, then it will increase so that
£ (t) + )\( My2 — ;| < By. Similarly, one can show that if 4 (t) + AMw (t))2 — B} > By /2, then it will decrease so that
|y (t) + AMw (t)) — B%] < Bo. In this way, we finish the 1nduct10n.

Moreover from the above calculations, we can see that if ¢ ( ) + Aw (t)) — B} < —By/2, then within time O(1/ nABmm)
|d )+ )\( ) — B;| < By/2. Similarly, if ’U( )4 )\( ) B* > By/2, then within time O(1/9\Bmin ), |d

AMw ,(f)) - Bk| < By/2. By Lemma B.7, we know once |%v,C + )\(w,c )2 — B;| < By/2, it will remain bounded by BO/Q.
Therefore, we know 7" = O(1/9\Bmin )- O
Lemma B.7 (Stability) Suppose Lemma B.4 and Lemma B.5 hold. Assume || 2v(*0) 4 \w(0)02 — \q(0)02 — g*|| <,

at time to, then | %v D4 )\( D)2 /\(u,(f))2 — 3% < max{p,2(Bs+ sdp)} forallt > toand k € S, where By is definied
in Lemma B.4.

Proof. By Lemma B.4, we have for k € S (note that (ug_)x = 0 in this case. The case k € S_ is similar, we omit for
simplicity)

d
w}(:+1) _ (1 — o <n1’1(f) i )\(w](:))2 — B+ (Bs + S(M))) w,(ct%

d *
o0 o = (ol 4 Al - 5 (B + 50w
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Since )\(w,(:))2 = Bmin/4 by Lemma B.5, we have

d (41) Ny d d (d )
S Al =0l = S (S0l 4 Al - 6 (B, o) )

2
+ (1 — 27\ <va5> + A(w)? — B+ (B, + 55*”)) Awi)?

d d d
2711,(;) + /\(w,(f))2 - fv,(:) + /\(w,(f))2 — B £ (Bs + sdp) < + 4/\2(w,(f))2) .
n n N————’ n

=:err

This implies for ¢ > to, if < d (t) + AMw (¢ )) — B < —2err, we have
SR = g (S a2 - 5 ) (12 (4 + 02l7) )
> (S0l M) - 57 ) (1~ 1)
Thus, fv,(:) + AMw (t)) — B will increase in this case. Therefore, we know %v,(f) + )\(w,it))2 — B} > —max{p,2err} =

—max{u, 2(Bs + sdu)} for all t > ¢o. Similarly, given 7 is small enough, we can also get a similar upper bound. Thus, we
finish the proof. O

Lemma B.8. Suppose Lemma B.1 hold. Recall

Ty :=inf {t; H d (t) 4 )\( (t )) A(UA(SQ)Q _ﬁ*

< Cn(Be + o) |
o0
where Cr, is a large enough universal constant. Then, we know Ty = O(log(1/a) /nA\Bmin )-

Proof. We can first use Lemma B.5 and then repeatedly using Lemma B.6 log(1/4B;) times. We get within time
O(log(1/Aa(Bg + 0+/n/d) /nABuin) = O(log(1/a)/mABuin). || 405" + Mw§))? = Mug’)? - 8*|| < 4B, =

Cr,(Bg + 04/n/d). O

B.5. Technical Lemmas

In this subsection, we collect several technical lemmas that are used in the proof.

Lemma B.9. Suppose 2,1 = (1 — n(zy — p))?z withm,p,20 > 0 and 29 < p —e. Then if n < /2, within time
T = O((1/nu)(log(r/20) + log(p/€))) we have |zp — u| < e. Moreover, we have |z, — p| < e fort > T.

Proof. Denote Ty := inf{t : z; > pu/2} and Ty := inf{¢ : |2 — p| < e}. We bound T3 and T> — T respectively in below.

For t < Ty, we have 211 > (1 +nu/2)%2; > (1 + nu/2)* 2. Therefore, Ty = O((1/np) log(it/z0)). For Ty <t < T,
we have 2,11 > 2, — 2n(2e — i)z > 2 — 1(2¢ — p)p. This implies zg 11 —p > (1 —nu) (2 —p) > (1—np)t =11 (20, — p).
Therefore, T — To = O((1/nu) log(p/€)). Together we know T'= Ty + To = O((1/nu)(log(p/z0) + log(p/€))).

We then show once |z; — u| < e, it will stay close to u. To see this, if —e < z; — u < 0, then from the above calculation we
know 211 — > (1 —nu)(ze —p) > —e. If0 < 2z — p < e, then 2,1 = (1 — n(z — p))?2 < 2 < p+ €. Therefore,
we know |z; — p| < efort > Ty. O

Lemma B.10. For o, 3 € R% we have || ® B|, < |lall, 18]l o < ||oz||§f0rk > 1.

Proof. We have
2 2 2
lee ® Bll; = 206253 < laflz 18115

a®* ][5 = Za”f lallzg < lle3”
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C. Proof for Stage 2

In Stage 2, we will show that the training loss goes to € while the test loss ||3 — 8*||, remains small. In particular, we will
split into 2 sub-stages: in Stage 2.1, train loss decreases to ||7||, = O(c) (Lemma C.1), and in Stage 2.2 we use a NTK-type
analysis (Lemma C.6). Note that it suffices to combine Lemma C.1 and Lemma C.6 to get Lemma 5.6.

Throughout Stage 2, we mostly rely on v, to fit the noise in order to reduce the loss; at the same time, we show that the
variables used in Stage 1 continue to fit the signal and all the other variables remain small. This can be done by an NTK-type
analysis when the loss is very small. However, for the first part of Stage 2 we still need to track the dynamics of v and
X T X carefully.

C.1. Stage 2.1: train loss decreases to |||, = O(0)

Our goal in this stage is to show that the loss decreases to O(c2) and that the non-signal entries remain small. We formalize
this in the following main lemma.

Lemma C.1 (Stage 2.1). Ler To; := inf{¢t : Hfr(t) H2 < Cr,, 0} with large enough universal constant Cr,,. Then, we have
Ty, — Ty = O((n/nd)log(n)) and the following hold with large enough universal constant Ca;:

L]

Aol ) ol

< 021(35 +cn/n/d)

L]

ul™)

(T21)
v

5 02104.
oo

oo

. ||1;(T21)||2 < Cor104/n/d and HU(ST21)

< Car/(n/d) log*(d) (B + 0 /n/d).

To prove this, we will maintain the following inductive hypothesis, which shows the non-signal entries remain small. The
overall strategy is to show that entries of v will allow us to fit the noise and hence reduce loss, and we do this by using a
similar strategy to track the dynamics of v as in Stage 1.

Lemma C.2 (Inductive Hypothesis for Stage 2.1). For T} <t < Tgl =T + C:F21 (nlog(n)/nd) with a large enough

universal constant C@l, we have the following hold with large enough universal constant Co; :

o |40 + 2wl - du? - g

. < Coi(Bg + o+/n/d)

(t)
L] we+

(t)

Ue S 52105.

)
oo

’ o0

. fvg)HZ < Corv/5(n/d) log?(d)(Be + o+/n/d).

|r®|, = (1 = Qnd/n))*"T - Croy/n.

In particular, the first point and third point imply that H)\ngQQ _ ,\ug?@? s

= 2C51\/5(Be + 0y/n/d) log?(d).
2
The last point implies that Ty — Ty = O((n/nd)log(n)). Moreover, by the choice of parameters, O(d//n)A ngi) =

O(Be/ 105.d), O(d /v [ul? ||

= O(B¢/logd).

‘ o0

Similar as Stage 1, we discuss the constant dependency here. All the constants in big-O in this subsection, except main result
Lemma C.1, should only depends on universal constants Cr,, , Ca1, Cfm as well as the constants in Stage 1. To ensure this,

we especially need to choose the constant in A = © (dcrflnfl(\/log(d)/n + /n/d)" log™* (n)) to be small enough to
ensure the nonsignal entries do not grow large. See the proof of Lemma C.2 for details.
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C.1.1. DYNAMICS OF v

As in Stage 1, we analyze the decomposition of X " Xv/n and v separately. The proofs are very similar to Lemma B.2 and
Lemma B.3 in Stage 1, but several terms will now have a tighter bound. We defer the proofs to Appendix C.1.4.

For the decomposition of X " X v/n we have

Lemma C.3. Recall the decomposition in (3)

1
X X0 = g'v(t) +b(X € + Ty,
n n

nd 1
(bt n)a

where Hl"(t)Hoo < v and recall the notation Bs = Zw*;éo Biei, Be = ZizB#:O Bie;. Suppose Lemma C.2 holds. We
have for Ty <t < Tgl

bit1 = by — -

by = (1— (1 —nd/n)")/n<1/n,
v <y, + O(ov/d/n+ (dBg /nlogd)nt) = O(o/n/d + Be).
For the decomposition of v we have
Lemma C.4. Recall the decomposition in (4)
v® = vgt) +a, XT€+ Aq(f),

agyr = ag —n(by — 1/n),

where

Al

have for'Thy <t < Tgl

< (. and recall the notation Bg = Zi:ﬁf;éo Biei, Be = Zw#:o Bie;. Suppose Lemma C.2 holds. We

=(1—(1-mnd/n)")/d < 1/d
Ct Cr, + O((Bg + ov/n/d)n(t —Th)) = O((Be + o/n/d)nlog(n)/d)
In particular, we can show that Hv(t) ||2 = O(o+/n/d).

C.1.2. IMPLICATIONS OF INDUCTIVE HYPOTHESIS LEMMA C.2

Given the dynamics of v, we now have the approximation of gradient by Lemma 5.2.
Lemma C.5. In the setting of Lemma C.3 and Lemma C.4, we have for Ty <t < fgl

1 d
Vel = (nXTr> o (2 \w) = 2)\(5175 +awg? - §? -8+ A) Ow

1 d
Vol = — (XT’I“> © (2\u) = —2)\( vs + )\w M -B +A)Ou
" -

where

(Bf+ar)+sd

wto2 _ Augzgz _g

] = i)

‘ ®

oo

C.1.3. PROOF OF INDUCTIVE HYPOTHESIS LEMMA C.2 AND LEMMA C.1

Now we are ready to prove the induction hypothesis for Stage 2.1 and Lemma C.1.
Lemma C.2 (Inductive Hypothesis for Stage 2.1). For Ty < t < Tyy := T} + Cz,, (nlog(n)/nd) with a large enough

universal constant Cfm’ we have the following hold with large enough universal constant Cs;:
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. D aw)? -2l - e\ < Cor(Be + o/n/d)
(oo}
. ’wéi) ) ul’) H < Cy .

o o

, < Corv/5(n/d)log? (d) (Be + o/n/d).
Ir®], = (1 = Qnd/n)=" - Crov/n.

= 2521\/§ (Be +0y/n/d log2
The last point implies that To1 — Ty = O((n/nd)log(n)). Moreover, by the choice ofparameters O(d/+/n)A Hw

O(B¢/logd), O d/\f/\‘ ®

Ue -

In particular, the first point and third point imply that H)\w o2 )\u(t)®2 — ﬂ*

‘ = O(B¢/log d).

Proof. We show these inductively on ¢. For ¢ = T3, we know it holds by Lemma 5.3. Suppose it holds before time ¢, then at
time ¢ 4+ 1 we will show it still hold.

For H d'u(t“) + \w (t+1)®2 —\u (t+1)®2 —B*|| ,letk € Sy (the case k € S_ can be handled similarly, we omit for

simplicity). Since by the choice of parameter (d/n H H < Bmin/2, we know )\(wl(:))2 = Bmin/4. ForTy <t < Tgl,
by Lemma B.7 and Lemma C.5, we know || 2o+ 4 Aaw(HDO2 — (g (1HDO2 — g=|| = Co1(Be + a/n/d) with large

enough 521.

For k & S, consider wy, (uy, can be bounded similarly), we have the dynamics by Lemma C.5
w,g'“) < (1 + 2n\O(B¢ + ax/n/d)) w,(:).

This means |wk | = (1 + O(nA( Bg + oy/n/d))!= Tt . Cia. To show |wk )| remain as O(a), recall the choice of
A= ( “In=1(/log(d)/n + \/n 1log 1 (n ) and T, — Ty < Cz,,nlog(n)/nd, we only need to choose the

constant in A to be small enough. In this way, we get |w P )| < CQla with large enough constant 021

It remains to consider wy with k € S_ and uy with & € S;.. We will focus on wy, with k € S_, the other follows the same
calculation. Similar in the proof of Lemma B.1, we have

w’(ct+1)ul(€t+1) _ (1 — A (1XTT,(t)> ) w](:) . (1 + 21\ (IXTT'(t)) ) “,(f) < wzit)uz(:) < o?
n k n k

We know uff) > «. This implies that |w](:)| <a.

For ||vg||,, we have by Lemma C.5 and Lemma 5.3

va“”HQSHUS)HZJrn %(XT ®)g |+ OWs(Be +o/nfdyn(t — Tv))
=0(v/s(n/d)log*(d) (B + 0\/77

<Co1V/5(n/d)log?(d)(Be + o\/n/d)

<|

with large enough constant Cor.

For the bound on Hr(t*l) H2 using the same calculation as in the proof of Lemma B.1, we can show it is true. O

Given the above induction hypothesis, we are ready to prove the main result for Stage 2.1.

Lemma C.1 (Stage 2.1). Let Ty := inf{t : ||T'(t) H2 < Cr,, 0} with large enough universal constant Cr,,. Then, we have
To1 — Th = O((n/nd)log(n)) and the following hold with large enough universal constant Coy:
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o % (T21) /\'LU T21)®2 _ Aug:’;?l)Qz _ IB* < CQl(Bg + o4 /n/d)
%)
‘w(Tzl) (T21) Coran.

. ||’U(T21)||2 < Coi104/n/d and H’v(ST“)

, < Car/(n/d) og*(d) (Be + 0/n/d).

Proof. The first two points and the bound on T5; — T follow from Lemma C.2. The last point follow from Lemma C.4 and
Lemma C.2. As mentioned earlier, we can choose large enough universal constant Ca; to serve as upper bound, since all
big-O here only hide constants depend on universal constants Cr,, , Ca1, C#,, as well as the constants in Stage 1. O

C.1.4. OMITTED PROOFS IN SECTION C.1.1 AND SECTION C.1.2

In this subsection, we give the proof of Lemma C.3, Lemma C.4 and Lemma C.5.
Lemma C.3. Recall the decomposition in (3)

1
7XTX'U(t) = Q'U(t) + bt(XTg)e + Fta
n n

nd 1
bep1 = by — L (by — —
t+1 t n(t n)a

where Hl"(t)Hoo < Zt and recall the notation 3s = Zizﬁﬁéo Biei, Be = ZM,;:O Bie;. Suppose Lemma C.2 holds. We
have for'Th <t <Tp

by = (1= (1 —=nd/n)")/n < 1/n,

ve <y, + O(ov/d/n + (dBg /nlogd)nt) = O(o+/n/d + Be).

Proof. The proof here is almost the same as in the proof of Lemma B.2 in Stage 1. The only difference is that we know
have better bounds on the error terms. We first write the update of b; and I'; using the update of v.

1 d
bt+1(XT€)e + I‘tJ,»l :7XTX,U(t+1) _ 7vg¢+1)
n n

:lXTX,U(t) _ évg) _ an—VXlXTT,(t) + né (1XT,,,(t)>
n n n n n n S

1
=0y (X&) + Ty — %XTXXTH“ + né (XTr(t)>
n n n S
d (1
=b(XT€)+Ty — —XT(XXT dI)r® — = (XTM) .
n n e

We bound the last two terms one by one. For -5 X T(XXT —dI)r®, we have by Assumption 2.2 and Lemma C.2

| 5xT(xXT —aDr®| < 2o(—= - Van)(1 = Qnd/n)'" " O(0vR) = O(no/dfm) (1 = Qnd/n)) "

\/ﬁ

Fornd (1 XTr(t))e, we have

Lyr,.m
n e

—(IxTxom 42 ~X "X (Mg D O — 8 - xTe 4 LxTOX w2 - Axuho2)
n S+ n n e+ € .

d 1 1
- ( o XTX()\ W2 A = B+ (b~ D)X TE+T + —X T (AXw)? — AXu{V®?)
Tl - n n

€

N 1
= (b, — 5><XT5>6 + ((nxTX — DO~ - ) 4 T X TAXw AXusz%)

€
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Therefore, we know by Lemma C.2

d 1
U (bt - 7)a

Yeir S 70+ (L= Od/n)) = O /aTm) + n > O(Be/ Yog d + (4 yi)Aa?)
=7+ (1 = O(nd/n)) " O(no+/d/n) + nO(dBg /nlog d).

bit1 = by —

By Lemma B.2, this implies

be = (1 —nd/n)" "oy, + (1 - (1~ Ud/n)t_Tl)/” = (- (1 —nd/n)")/n < 1/n,
v <1y, + O(o/n/d+ (dBe/nlogd)n(t — T1)) = O(o/n/d + Be).

Lemma C.4. Recall the decomposition in (4)

o =) +a, X €+ AP,
—n(be —1/n),

Qg1

where ’ Ag,t) < (;. and recall the notation Bs = Z@;m;ﬁo Bi€i, Be = Zi;ﬁ?‘:o Bie;. Suppose Lemma C.2 holds. We

have for Ty <t < Tgl
=(1—(1—nd/n)")/d < 1/d
Ct Cr, + O((Bg + ov/n/d)n(t —Th)) = O(Be + ov/n/d)nlog(n)/d)

In particular, we can show that Hv(t) ||2 = O(o+/n/d).

Proof. The proof here is almost the same as in the proof of Lemma B.3 in Stage 1. The only difference is that we know

have better bounds on the error terms. We write the update of a; and Ag,t) using the update of v

a1 X 1€+ AP —p(t+D) _ vgﬂ) — o™ _ vg) _ <71LXTr(t)>
=X ¢+ AP —q <1XTr(t)> .
n €

For (%XTr(t))e, using the decomposition of X T X v/n in Lemma C.3, we have

Lyrpo
n e

= <1XTXv<f> + lXTX(A e IxTey lXT()\Xwg?@Q - Axugt_)m))
n n n

e

= (d D4 XTX(/\ DO ) — B + (b - l)XTg +T, + 1XT(AXw — AX (92
n - n e

_ T T <> we * - o2 o2
_<bt_5)(x g)e+(( XX - DOwg'®? — \u -8 )+rt+gx (AXwgg —AXult )) .

Therefore, we have the update of a; and (; by using Lemma 5.1, Assumption 2.2 and Lemma C.2
aty1 = ar —n(be — 1/n),

Cea1 < G +10(Inby — 1B + Be/log d + o/n/d + Bg + (d/v/n)ra?).
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By Lemma B.3, this implies

a = nt/n—n) b =(1—(1—nd/n)")/d<1/d

T<t

Gt < C¢r, + O((Be + ov/n/d)n(t —T1)) = O((Be + oy/n/d)nlog(n)/d)

We now bound ||v||,. Since its gradient norm ||V, L, = ||XTr/nH (1-Q(nd/n)):="110(o+/d/n) byLemmaCZand
Assumption 2.2, we can bound |||, < [[o™) ||, + 73> 7 o, HVDL |, = |[o ™|, + O(oy/n/d) = O(o+/n/d).
O

Lemma C.5. In the setting of Lemma C.3 and Lemma C.4, we have for T; <t < fgl
1 T d ©®2 *
Vwl=|-X"r| 0o (2\w) —2)\( vg+)\w —dug” -pf"+A)Ow
n _

1 d
Vol = — (XTr> © (2M\u) = 72/\( vg + )\w M-8 +A)Ou
n -

1
VoL=—-XTr,

n

where
d 1) @2 t)®2 *
HA@ =0 (Be +ov/nfd) + s ‘nvy Al -

Proof. By Lemma C.3 and Lemma C.4 and the choice of parameter, the result directly follows from Lemma 5.2. O
C.2. Stage 2.2

After Stage 2.1, the loss is already very small. This allows us to further tighten the bound of several terms and use an
NTK-type analysis to show that the parameters do not move much while reduce the training loss to ¢.

Lemma C.6. Let Tyy := inf{t : L(u® w® v®) = Hr(t)HQ /n < e}. Then Tog — Toy = O(nlog(c/€)/nd) and the
following hold:

o ol a9 a9 - gr|| = O(Be + o /nfd)
o =] ul™)| = o)

o], = Ofo/a7ad),

7@, = (1~ Q(nd/n))t—T210<a>

= O(v/s(n/d)log?(d)(Bg + o/n/d))

In particular, the above imply that ||,8(T22) |
above still hold and train loss L® < ¢.

(flog )(Be + 04/n/d)). Moreover, for every t > Ty, the

For the constant dependency, the big-O here can be replaced by a large enough universal constant, similar to the argument in
Stage 1 and Stage 2.1. We omit here for simplicity.

Proof. We show these by induction. At ¢ = T5;, we know they hold by Lemma C.1. Suppose before time ¢ they hold, then
at time ¢ + 1 we know | X Tr(™ /n||__ = (1 = Q(nd/n))"~"*O(c /y/n) for any 7 < t by Assumption 2.2.

For %v(sﬂ_l) + )\ngl)m — )\ugj_l)@Q — B*|| ,consider the k-th entry with k € S (k € S_ can be bounded similarly).
The proof is similar to the proof in Lemma C.2, we omit for simplicity.
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(t+1
We now consider H'we + )H

and Hu(tﬂ) H

. For k ¢ S, consider wy, (uy can be bounded similarly)

o0 oo

™) < (14 220 X TrO/m| ) wl?
< I (+0-90d/m) " 06mr/vR) Of)

Ty <7<t

<[1+ 3 @-ami/m) " 0mre/vn) | O)

T <7<t

<O(a + Aov/na/d) = O(a),

where in the second to last line we use the fact that [, (1 + ¢;) = e2i "1+ < e2i @ <14 0(Y, ;) for 3, ¢; = O(1).

It remains to consider wy with & € S_ and uy with & € S.. We will focus on wy, with k € S_, the other follows the same
calculation. Similar in the proof of Lemma B.1, we have

w’(:+1)u](€t+1) _ (1 — 2\ <1XT,’,(t)) > w,(f) . <1 + 27\ (1XTT(t)) ) ug&) < w;(f)uff) < a2

We know u,(c) > o. This implies that |wk)| <a.

For ||r||,, we can bound it the same as in the proof of Lemma B.1.

For ||vg||, we have by Lemma C.1

t+1 t
o5l = o]+

1
—(XTr)g
n 2

<

,t Y (1=Q(d/n) 0o/ V)

To1 <7<t

=0(Vs(n/d)log*(d)(Be + o+/n/d))

For ||v

4> We have

<”Z

T2 <7<t

< 3 (1-Qd/n) 0o/ Vi) = O(ov/n/d).

Hv(t+1) Tgl
2 Ty <<t

Note that [|[v("21)||, = O(c/n/d), thus we have vV |, = O(o\/n/d).

In this way, we finish the induction proof. It remains to bound Tss — T5;. Given H'r(t) H2 = (1—-9Q(nd/n))'O(c), we know
Too — To; = O(nlog(o/e)/nd). Moreover, we can see in the above proof that it will still hold after T3, thanks to the
geometric decreasing of ||7||,.

O

D. Proof of main result Theorem 3.1

In this section, we give the proof of main result. Given that we have already characterized the training dynamics to
the convergence in Stage 1 and Stage 2, it immediately follows from the results for Stage 1 (Lemma 5.3) and Stage 2
(Lemma 5.6).

Theorem 3.1 (Main result). Under Assumption 2.2, suppose there exists constant C such that o < C. We train model (1) with
initialization v(© = 0, w(® = () = a1 and follow the gradient descent update (2). If Q (s) < n < O (min{d/s, d2/3})

and we choose A = © (do_ln_l(\/log(d)/n ++/n/d)! logfl(n)) )

a = 1/poly(d), n < O(\/n/sd/\3), then for everyt > T = O(log(n/ae)n/nd) with any given ¢ > 0 we have training
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loss L(u), w® v®)) < ¢ and test loss

o=,

=0 <\/§10g2(d) <a\/@+ aﬁ)) .

Proof. First note that Lemma 5.6 follows from the Lemma C.1 for Stage 2.1 and Lemma C.6 for Stage 2.2. Then, it suffices
to combine Lemma 5.3 and Lemma 5.6 in Section 5, since

* d *
18- 5l < | Sos + 2wg? - xug? - p

=0 <\/§10g(n) log(n/«) (O’H logn(d) + U\/Z))

|
+ —vs
2 n

ol + |22 — w2 |
2

E. Synthetic Experiments

1071 4 - .
hybrid interpolation
log(d)Vd

— VHAW®2 — Au®?

10-2 | -—= log3(d)Vd

wo2 — 02
--=1/log(d)
10—3 4

102 103 10* 10° 108
d

Figure 2. Test loss vs. dimension d when fixing the ratio d/n = \/E/ 3 for 3 different interpolating method: hybrid interpolation with
Lasso (Muthukumar et al., 2020), model v + Aw®? — Au®? as we focused in the paper and model w®? — u®? that only keeps the
second order term. Solid lines represent the mean and shaded regions represent the standard deviation of test loss during 3 experiments.
Dashed lines represent the corresponding order.

In this section, we run synthetic experiments to verify our theoretical results. We choose d from 100 to 106 and set n = 3+/d.
The target 3* = (1/v/3,—1/v/3,1/v/3,0,...,0)7, data 2; ~ N(0, I') sampled from Gaussian distribution and noise level
o = 0.1. We compare 3 different interpolation method:

¢ hybrid interpolation (Muthukumar et al., 2020): As a 2-step procedure, we first use Lasso (implemented in sklearn)
with ¢; regularization coefficient on the order of ©(o+/log(d)/n) (Theorems 7.13 and 7.20 in Wainwright (2019)).

We choose the coefficient with the best test loss among the choice of {1/10,1/5,1/2,1,2,5,10} % 01/log(d)/n. In
the second step, we use the min-¢,-norm interpolator to fit the residual.

* Model v + A\w®? — \u®?: As suggested in our main result, we initialize v = 0 and w = u = a1 with a = 10710,
We set A = 100d/onlog(n)(y/log(d)/n + y/n/d) and run gradient descent with stepsize n = 10~° until training
loss reaches 1074

* Model w®? — u®?: We use small initialization that sets w = u = a1 with & = 10~'%. We run gradient descent with
stepsize = 10~ until training loss reaches 10~*.
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Our results are shown in Figure 2. We can see that with fixed ratio d/n = +/d/3, as d increases, the test loss of
different method decreases with different rate. The hybrid interpolation gives the smallest test loss and our learner model
v+ w®2 — \u®? gives a similar performance. This agrees with what our theoretical result suggests. The model w®? —u®?
that only uses second-order term performs worse than others. This is expected as we know such parametrization with small
initialization converges to min-¢1-norm interpolator (Woodworth et al., 2020), and min-¢; -norm interpolator gives large test
loss Q(a%/log(d/n)) in the sparse noisy regression setting (Chatterji & Long, 2022; Wang et al., 2022).
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