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On Sparse Linear Regression in the Local
Differential Privacy Model
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Abstract—In this paper, we study the sparse linear regression
problem under the Local Differential Privacy (LDP) model. We
first show that polynomial dependency on the dimensionality p
of the space is unavoidable for the estimation error in both non-
interactive and sequential interactive local models, if the privacy
of the whole dataset needs to be preserved. Similar limitations
also exist for other types of error measurements and in the
relaxed local models. This indicates that differential privacy in
high dimensional space is unlikely achievable for the problem.
With the understanding of this limitation, we then present two
algorithmic results. The first one is a sequential interactive LDP
algorithm for the low dimensional sparse case, called Locally
Differentially Private Iterative Hard Thresholding (LDP-IHT),
which achieves a near optimal upper bound. This algorithm is
actually rather general and can be used to solve quite a few other
problems, such as (Local) DP-ERM with sparsity constraints
and sparse regression with non-linear measurements. The second
one is for the restricted (high dimensional) case where only the
privacy of the responses (labels) needs to be preserved. For this
case, we show that the optimal rate of the error estimation can
be made logarithmically dependent on p (i.e., log p) in the local
model, where an upper bound is obtained by a label-privacy
version of LDP-IHT. Experiments on real world and synthetic
datasets confirm our theoretical analysis.

Index Terms—Sparse Linear Regression, Local Differential
Privacy

I. INTRODUCTION

INEAR regression is a fundamental and classical tool for
data analysis, and finds numerous applications in social
sciences [2], genomics research [3] and signal recovery [4].
One frequently encountered challenge for such a technique is
how to deal with the high dimensionality of the dataset, such
as those in genomics, educational and psychological research.
A commonly adopted strategy for dealing with such an issue
is to assume that the unknown regression vector is sparse.
Another often encountered challenge for linear regression is
how to handle sensitive data, such as those in social science.
As a commonly-accepted approach for preserving privacy,
differential privacy [S] provides provable protection against
identification and is resilient to arbitrary auxiliary information
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that might be available to attackers. Methods to guarantee
differential privacy have been widely studied, and recently
adopted in industry [6], [7], [8].

Two main user models have emerged for differential privacy:
the central model and the local one. In the central model, data
are managed by a trusted central entity which is responsible for
collecting them and for deciding which differentially private
data analysis to perform and to release. A classical application
of this model is the one of census data. In the local model
instead, each individual manages his/her proper data and
discloses them to a server through some differentially private
mechanisms. The server collects the (now private) data of each
individual and combines them into a resulting data analysis. A
classical example of this model is the one aiming at collecting
statistics from user devices like in the case of Google’s Chrome
browser [[7], and Apple’s iOS-10 [6]], [8].

Despite being used in industry, the local model has been
much less studied than the central one. Part of the reason for
this is that there are intrinsic limitations in what one can do in
the local model. As a consequence, many basic questions, that
are well studied in the central model, have not been completely
understood in the local model, yet.

To advance our understanding on the local model, we study,
in this paper, the locally differentially private version of the
sparse linear regression problem, where each user i € [n] holds
a data record (x;, y;) € R? X R. There are two commonly used
ways for measuring the performance of this problem, which
correspond to two different settings, the statistical learning
and the statistical estimation settings. For the first setting, the
measurement is based on the optimization error, i.e. F(6P")—
mingee F(0), where F(0) = E(, ) p((x,0) — )2, and P is an
unknown distribution. For the second setting, y is assumed to
be y = (x,0*) + o, where x ~ D, D is a known distribution, ¢
is a random noise, and 8* € RP? is the to-be-estimated vector
that satisfies the condition of ||0*||, < s. The estimation error
for this setting is represented by the loss of the squared £,
norm, i.e., |07 — 9*||§. In this paper, we will focus on the
latter setting, and assume that x ~ Uniform{+1, —1}7.

Our contributions can be summarized as follows:

. We first present a negative result which suggests that
the € non-interactive private minimax risk of ||@P"Y —
0*||§ is lower bounded by Q(%) if the privacy of the
whole dataset {(x;, yi)}l’,’: needs to be preserved. This
indicates that it is impossible to obtain any non-trivial
error bound in high dimensional space (i.e. p > n). The
private minimax risk is still lower bounded by Q(ﬁ),
even in the sequentially interactive local model. Our proofs
are based on a locally differentially private version of the
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Fano and Le Cam method [9], [10], [11]. We further
reveal that this polynomial dependency on p cannot be
avoided even if the measurement of the loss function or
definitions of differential privacy is relaxed.

- With the understanding of this limitation, we then propose
an e-sequential interactive LDP algorithm for the low di-
mensional sparse case, called Locally Differentially Private
Iterative Hard Thresholding (LDP-IHT), which achieves
a near optimal upper bound. Furthermore, we show that
the idea of DP-IHT is actually rather general and can be
used to achieve differential privacy for quite a few other
problems. Specifically, it can be applied to the (Locally)
Differentially Private Empirical Risk Minimization (DP-
ERM) problem with sparsity constraints, and achieves an
upper bound that depends only logarithmically on p (i.e.,
log p) and the sparsity parameter of the optimal estimator,
making it suitable for applications in high dimensions. To
our best knowledge, this is the first paper studying DP-
ERM with non-convex constraint set. Another application
of LDP-IHT is the sparse regression problem with non-
linear measurements [12[], [13].

- We also give a positive result for high dimensions.
Particularly, we consider the restricted case where only
the responses (labels) are required to be private, i.e., the
dataset {xi}l’f:l is assumed to be public and { yl-};‘:l is
private (note that this is a valid assumption as shown in
[14], [L5]). For this case, we propose a general algorithm
which achieves an upper bound of O(%) for the
estimation error. We show that this bound is actually
optimal, as the € non-interactive private minimax risk can
also be lower bounded by Q(SLOG#).

- Finally, we perform our algorithms on both synthetic and
real world datasets. Experimental results also support our
theoretical analysis.

II. RELATED WORK

There is a vast number of existing results studying the dif-
ferentially private linear regression problem (or more generally,
DP-ERM) from different perspectives, such as [16], [17], [18],
(191, [20], [21], [22]. Below, we focus only on those with
theoretical guarantees on the error.

For the central model, [18] recently conducted a compre-
hensive study, from both theoretical and practical points of
views, on the differentially private linear regression problem.
The author gave upper bounds of the optimization error in
the statistical learning setting and the estimation error in the
statistical estimation setting, as well as a general lower bound
of the optimization error. There are also other works on this
problem (we refer the reader to the Related Work section in
[L8] for more details). But all these results are only for the low
dimensional case (i.e. the dimensionality p is a small constant
number). Contrarily, we study mainly, in this paper, the high
dimensional sparse case under the statistical estimation setting
and provide both upper and lower bounds of the estimation
error for the non-interactive and sequentially interactive models.
A couple of results also exist for the high dimensional sparse
linear regression problem in the central model [20], [23]; but all

of them consider only the optimization error. [24] studied the
problem of Bayesian linear regression, which is incomparable
to our problem. [19] focused the confidence interval of Ordinary
Linear Regression while we mainly focus on the estimation
error. It is notable that recently [25] studied the optimal rates of
the estimation error of linear regression in both low dimension
and high dimensional sparse settings. Specifically, for (e, 6)-
DP, they showed that in the low dimension setting, the near

. L .= Viog1/s o
optimal rate of estimation error is O(\/g + %), while in
~ 1 log1/5
0(\/@ 48 ng\n/em)’

the high dimensional setting it is

here O-term omits log n factor. We will show more details in
Remark [2] for the comparison between sparse linear regression
in the central model and the local model.

Unlike the central model where tremendous progresses have
been made, linear regression in the local model is still not well
understood. The only known results are [21], [26], [10], [9]. (9]
studied the low dimensional, non-interactive private minimax
risk of the estimation error for the restricted case of keeping
the responses private, while we consider the high dimensional
case of the problem in the interactive local model. [21] gave

the optimal lower bound of the optimization error, ©(, / ﬁ),
for the low dimensional case which was later improved to

O((%’)}t) by [26]], [27] in the case where the constraint set is
a unit £; norm ball. However, their settings are different from
ours since they all assume that the norm of x; is bounded by
1, i.e. ||x;|l, < 1, while in our statistical setting, ||x;|[, = \/ﬁ
Thus, our results are incomparable with theirs.

DP-ERM has been studied in [28]], [29]], [30], [31], [27], [9],
[32]] under different settings. However, none of these considered
the non-convex constraint case.

To proof the low bounds in this paper, we mainly use
private version of the Fano and Le Cam method, which are
initially given by [9], [LOl, [L1]. Based on different settings or
problems, there are different versions of private Fano and Le
Cam method. For example, [33] proposed a generalized private
Assouad method to deal with the lower bounds of some matrix
estimation problems in the local differential privacy model.
[34] proposed private Fano, Le Cam and Assouad method
under central differential privacy. [35] proved lower bounds for
various testing and estimation problems under local differential
privacy using a notion of chi-squared contractions based on
Le Cam’s method and Fano’s inequality.

III. PRELIMINARIES

In this section, we introduce some definitions that will be
used throughout the paper. More details can be found in Section
[A] of Appendix or [10].

A. Classical Minimax Risk

Since all of our lower bounds are in the form of private
minimax risk, we first introduce the classical statistical minimax
risk before discussing the locally private version.

Let P be a class of distributions over a data universe &X.
For each distribution p € P, there is a deterministic function
0(p) € O, where ® is the parameter space. Let p : © X
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® :— R, be a semi-metric function on the space ® and
@ : R, = R, be a non-decreasing function with ®(0) = 0
(in this paper, we assume that p(x, y) = |x — y| and ®(x) = x>
unless specified otherwise). We further assume that {X i};’zl
are n i.i.d observations drawn according to some distribution
p € P, and § 1 X" — O be some estimator. Then the minimax
risk in metric ®op is defined by the following saddle point
problem:

M, (0(P), Dop) := inf sup E,[D(p(O(X}, -, X,,), 0(p)],
0 pepr

where the supremum is taken over distributions p € P and the
infimum over all estimators 6.

B. Local Differential Privacy and Private Minimax Risk

Since we will consider the sequential interactive and non-
interactive local models in this paper, we follow the definitions
in [9].

We assume that {Zi}lf‘=1 are the private observations trans-
formed from {X i}l’_': , through some privacy mechanisms. We
say that the mechanism is sequentially interactive, when it
has the following conditional independence structure:

X2y, Zi 1} » Z,,Z; 1 Xj [ { X, Zy, . Zi2y }

for all j # i and i € [n], where 1l means independent
relation. The full conditional distribution can be specified

in terms of conditionals Q,(Z; | X; = x;, Zy.;,_; = z1.,_1)-
The full privacy mechanism can be specified by a collection
Q = {Q, };1:1 .

When Z; is depending only on X, the mechanism is called
non-interactive and in this case we have a simpler form for the
conditional distributions Q;(Z; | X; = x;). We now define local
differential privacy by restricting the conditional distribution

0;.

Definition 1 ([9]]). For given privacy parameters € > 0,6 >
0, the random variable Z; is an (e,0) sequentially locally
differentially private view of X, if for all z|, z,, -+, z;_; and
x,x' € X we have the following for all the events S:

0(Z, €S| X;=x;,Zy,;_1 =21:i-1) <
€Q(Z, €S| X; =x,Z.; = 21.5-1) + 6.

If 6 = 0, we will omit the term of 6 (the same for other
definitions).

We say that the random variable Z; is an (e,8) non-
interactively locally differentially private view of X; if

0/(Z, €S| X;=x)<e0(Z, €S| X;=x])+38.

We say that the privacy mechanism Q = {Q,»}:.’=l is (e,6)-
sequentially (non-interactively) locally differentially private
(LDP) if each Z; is a sequentially (non-interactively) locally
differentially private view.

For a given privacy parameter € > 0, let Q, be the set of
conditional distributions that have the e-LDP property. For
a given set of samples {Xi}?:y let {Zi}?: be the set of
observations produced by any distribution Q € Q.. Then, our

estimator will be based on { Z; }l'.’zl, that is, 9(21, -+, Z,). This
yields a modified version of the minimax risk:

M, (O(P), Dop, Q) := i%f sup [Ep[d>(p(9(21, . Z,),0(p)].
pPEP
From the above definition, it is natural for us to seek the
mechanism Q € @, that has the smallest value for the minimax
risk. This allows us to define functions that characterize the
optimal rate of estimation in terms of privacy parameter €.

Definition 2. Given a family of distributions 0(P) and a
privacy parameter € > 0, the € sequential private minimax risk
in the metric ®op is:

MIOP), Dop,€) 1= inf M, (O(P), Dop,0),
0€Q,

where Q. is the set of all € sequentially locally differentially

private mechanisms. Moreover, the € non-interactive private

minimax risk in the metric ®op is:

MYTO(P), Dop, €) 1= nf M, (O(P), ©op. Q).
e €

where Q. is the set of all € non-interactively locally differen-
tially private mechanisms.

IV. PROBLEM SET-UP

The focus of this paper is the sparse linear regression
problem. In this problem, we have n pair of observations
{(x;, yi)}?=1’ where each (x;,y;) € R? X R. Moreover, there is
some unknown parameter vector 0* € R” that links each pair
(x;,y;) by the standard linear model

yi = (x;,0%) + oy,

where |o;| < C is observation noise and C > 0 is some constant.
Here 6 satisfies the sparsity constraint, meaning that 8* has no
more than s < p non-zero entries. The goal is to estimate the
unknown vector 8* based on these n observations while also
under the local differential privacy constraint. Specifically, we
want to find an estimator 87" via some locally differentially
private algorithm to make its estimation error || — * ||§ be
as small as possible. Specifically, in this paper we will focus
on the following collection of samples (x,y) € {+1,—1}’ XR:

Py pc = {Pys | x ~ Uniform{+1, -1}, y=(0,x) + o,
where o is the random noise s.t E[c|x] =0, |c| < C
for some constant C > 0, [|0]|, < 1, [|0]lg < s}.

(D

In the above definition, ¢ is sampled from a bounded stochastic
noise domain such as uniform distribution and could depend
on x.

It is notable that in the non-private setting, [36]] showed
the following optimal minimax rate M, (6(P; ,c), || - ||§) =

C2slog 2
O(——=x),

It is worth noting that there is some difference between our
model (T) and the sub-Gaussian linear model, which is a classic
model in statistics [36]. That is, here x is assumed to follow
a uniform distribution (which is an often adopted assumption
in estimating lower bounds in differential privacy [37]) in our
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model, while it is often sampled from general sub-Gaussian
distribution in a sub-Gaussian model. Even though the uniform
distribution can be viewed as a sub-Gaussian distribution, the
way of using it in our paper is different.

V. KEEPING THE WHOLE DATASET PRIVATE
A. Lower Bounds of Private Minimax Risk

In this section, we investigate the private minimax risk in
the case where the whole dataset {(x;, y,—)}l',’=1 needs to be
locally private, and show that even if the parameter vector 6*
is 1-sparse, the polynomial dependence on the dimensionality
p in the estimation error cannot be avoided. This implies
that achieving e-LDP for the high dimensional sparse linear
regression problem is unlikely.

To show the limitations of the problem with respect to the
private minimax risk, we first give some intuition. Consider a
raw data record (x;, y;) which is sampled from some P, , €
P, pc» where P, , - has the form as in . Suppose that we
want to use a Gaussian or Laplacian mechanism on (x;, y;)
in order to make the algorithm locally differentially private.
Then, due to sensitivity, the £; or £, norm of (x;,y;) is a
polynomial of p. The scale of the added random noise will
also be a polynomial of p, which makes the final estimation
error large.

The following theorem indicates that for some fixed privacy
parameter € € (0, 1), the optimal rate of the ¢ non-interactive
private minimax risk is lower bounded by Q(min{1, % .

Theorem 1. For a given fixed privacy parameter € € (0, %],
the € non-interactive private minimax risk (measured by
the || - ||% metric) of the I-sparse high dimensional sparse
linear regression problem Py ,, needs to satisfy the following
inequality,

plogp
2

MNP, o). 1| - 13- €) > Q(min{1,
ne

D @

With the above theorems, our question now is to determine
whether there are other factors in the local model that might
allow us to avoid the polynomial dependency on p in the
estimation error.

We first consider the necessity of interaction in the model,
since for some problems, such as convex Empirical Risk
Minimization (ERM), there exists a large gap in the estimation
error between the interactive and non-interactive local models
[21]. The following theorem suggests that even if sequential
interaction is allowed in the local model, the polynomial
dependence on p is still unavoidable. Note that sequential
interaction is a commonly used model in LDP [9], [21]].

Theorem 2. For a given fixed privacy parameter € € (0, %], the
€ sequential private minimax risk (measured by the ||- ||§ metric)
of the I-sparse high dimensional sparse linear regression
problem P, ,, needs to satisfy the following inequality,

MO, o). 1 10 2 Qin( 1, 25p. ()
ne

Remark 1. Since the lower bound of the non-private minimax
risk is O(b%) [36l], we conjecture that the lower bound in
Theorem [2] is not tight and the tightest bound should be

O(pllo%), which is the same as Theorem Later, we will
propose a near optimal algorithm (compared with (3)) in
Section and leave the problem of finding a tighter lower
bound as future research.

Corollary 1. Recently, [38|] proposed a general framework
which could transfer any k-compositional fully interactive LDP
algorithm to sequentially interactive LDP algorithm with an
O(k) blowup in the same complexity. Combining with Theorem
we can claim that even in the O(p)-compositional fully
interactive LDP model, the dependence on the polynomial of
the dimensionality p still cannot be avoided.

Remark 2. Recently [25)] studied the lower bound of linear

regression with statistical error in both low and high dimen-

sional case under central (e,6)-DP model. Specifically, they

show that for s-sparse high dimensional case, the private

minimax risk under the ¢, norm measurement is lower bound

by Q slogp + slog py/log1/6
n ne

) while for the low dimensional

case it is lower bounded by Q( f + p—”lZfl/ﬁ), all of these

bounds are optimal up to factors of Poly(logn). From Theorem
and 2| we can see that for sparse linear regression problem,
LDP and DP are quite different.

Then, we investigate whether the loss function in the
estimation error is too strong. For example, if let 6% = e;
and the private estimator @P"V = e, for some i # j, then by the
squared #, norm loss, we have ||§P"V — 0*||§ = 2. Since it is
possible to get |[(1,0P"Y — 9*)| = 0, this seems to suggest that
relaxing the loss function could possibly lower the dependency

on p. However, our next theorem gives a negative answer.

Theorem 3. Consider the loss function L © ® X © — R,
where L(0,0") = |17(0 — 0)|. Then, for any fixed € € (0, %],
the € sequential private minimax risk of the loss function L in
the 1-sparse high dimensional sparse linear regression problem
P, pn needs to satisfy the following inequality,

MI@O(P, ). Loe) > Qmin{1, 4/ 2= 1).
P ne?

Finally, we consider the possibility of lowering the depen-
dence of p by relaxing the definition of e local differential
privacy. This is motivated by the following fact in the central
model, where there is a big difference between ¢ and (e, 6)-
differential privacy for a number of problems, such as the
Empirical Risk Minimization [39] and the 1-way marginal
[37]. However, as shown in a recent study [40], any non-
interactive (e, 6)-LDP protocol can be transformed to an e-LDP
protocol. This implies that relaxing to (e, 6) LDP cannot avoid
the polynomial dependence.

To further investigate the problem, we consider other types
of relaxation for LDP, such as Local Rényi Differential Privacy
(LRDP) [41]] and Local Zero-Concentrated Differential Privacy
(LzCDP) [42]]. The following theorem shows that the lower
bounds on the minimax risk of the (2,log(1 + €2)) sequential
LRDP and (x,p) sequential LzCDP still have polynomial
dependence on p.

We first recall the definitions of Rényi Differential Privacy
and Zero-Concentrated Differential Privacy and then extend

“4)
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them to the sequentially interactive model. For any a > 1, we
denote the Rényi divergence of distribution P and Q as

D,(P|Q) = ﬁlog / (%)adg.

For @ = 1, it is just the KL-divergence.

Definition 3. Similar to the Definition of local differential pri-
vacy, a random variable Z; is a (k, p) locally zero-concentrated
differentially private view of X; if for all @ > 1, z|, z,, -+
and x,x' € X,

> Zj—1

D, (Q(Z; € S| x;. 21, DIO(Z; € S| X}, = z1,;_) < k+pa

holds for all events S. Similar to the locally differentially
private case, we have (k, p) local zero-concentrated differential
privacy (LzCDP) and (x,p) sequential zero-concentrated
differential private minimax risk (sequential zCDP minimax
risk).

Definition 4. Similarly, we have (a,¢€) local Rényi differen-
tial privacy and (a, €) (sequential) Renyi differential private
minimax risk (called sequential RDP minimax risk) if

D,(0(Z; €S| x;,21,-DI0(Z; €S| x;’zlzi—l)) <e

Theorem 4. For given fixed privacy parameters 0 < € <
1,x,p > 0, the (x,p) sequential zCDP minimax risk (under
the || - ||% metric) of the I-sparse high dimensional sparse
linear regression problem Py ,, needs to satisfy the following
inequality,

p

int 2 i
MIOP; ). 1| - 113, (k. p)) = Q(min{1, T

b
The (2,1og(1 + €?)) sequential RDP minimax risk (under the
I - ||§ metric) of the 1-sparse high dimensional sparse linear
regression problem P, ,, needs to satisfy :

MIOPy ), 1| - 13, 2, log(1 + €2))) 2 Qmin{1, Lo }).
ne

B. Near Optimal Upper Bound for Sequential Interactive Local
Model

With the understanding of the limitation in high dimensions,
we focus, in this section, on the low dimensional sparse case
(ie., n> .Q(e%)) and propose an € sequential interactive LDP
algorithm that achieves a near optimal upper bound on the
estimation error (compared with (3)). Instead of considering
the 1-sparse case as in Theorem [2| we study here the general
case, that is, {(x;, y)}}_ ~ Py, where Py ; € Py |, 0, and
assume that some upper bound of s* is already known.

Our method is called Locally Differentially Private Iterative
Hard Thresholding (LDP-IHT), which is a locally differentially
private version of the traditional Iterative Hard Thresholding
method [43]. We consider the following more general optimiza-
tion problem, with the intention to extend it to other problems

(see Section [VII),
n
. oy 2
min L(9: D) = 2 ;«xi, 0) - y))

s8]l < 1, [101lp < 5. ®)

The key ideas for solving (5) in our Algorithm [I] are the
follows. First, we partition the users into 7" groups {S,}IT=1
(where the value of T' will be specified later). Then, in the i-th
iteration, each user receives the current estimator 6;_;, and all
users in group .S; conduct the e-LDP randomizer procedure [10]
on their current gradients xiT((x,», 0,_1) —y;) (see below for the
definition of the Randomizer). After receiving the noisy version
of the gradient from each user, the server runs the iterative
hard thresholding algorithm and produces a new estimator.
That is, it executes first a gradient descent step, and then a
truncation step 9; = Trunc(é, +1-5), where tPe truncation
function simply keeps the largest s entries of 6, (in terms
of the magnitude) and converts the rest of the entries to zero.
This can be done by first sorting {|§,+1,j|}f:], where 5,“’]» is
the j-th coordinate of the vector, then keeping the s-largest
ones, and making the entries of all other coordinates 0. Finally,
the algorithm projects Ht’ 4+ onto the unit £, norm ball B;.

a) Randomizer R.(-) [10]: On input x € R, where
[[x]l, < r, the randomizer R.(x) does the following. It first

sets X = III;LIJIC where b € {—1,+1} a Bernoulli random variable
2

Ber(% + %). We then sample T ~ Ber(
O(r4/pP)R(x), where

€
e:+1 ) and outputs

R.(x) = {Uni(u e sp-1 - (u, ) >0)if T =1 ©

Uni(u € SP! & (u, %) <0)if T =0

Using the same proof as in [21] we can show that each
coordinate of the the randomizer R/ (x) is sub-Gaussian.

Lemma 1 ([21]). Given any vector x € RP, where ||x||, <r,
each coordinate of the randomizer R (x) defined above is a

2
sub-Gaussian random vector with variance ¢* = 0(2—2) and
E[R.(x)] = x.

Algorithm 1 LDP-IHT
Input: Private data records {(x;, y)}_, ~ P+ 5, Where Py ; €
Py« , ¢ iteration number T, privacy parameter €, step size 7.

N

Set 6 = 0. s = 8s™.
1: For t+ = 1,-,T, define the index set S,
- 1)[%J,~-,t[%J _ 1) if ¢ = T, then S, =

S, Ute| 4],

2: fort=1,2,.-,T do
The server sends 6,_; to all the users. Every use i,
i € S,;, conducts the following operation: let V; =
x((0,_1,x;) — y,), compute z; = R'(V,), where R is
the randomizer defined above with r = O(C \/E) and
send back to the server.

4. The server compute V,_, = ﬁ Yies, Zi

5:  Perform the gradient descent updating 8, = 0,_; —nV,_,.

6: 0 =Trunc(d,_,,s).

7. 0, = argyep, |10 - 0/115-
8: end for

9: Return 0
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Before giving the theoretical analysis of Algorithm [T} we
first show the assumption of the partitioned datasets { X s, }thl

Assumption 1. {X s, }[T=1 satisfies the Restricted Isometry
Property (RIP) with parameter 2s + s*, where s = 8s*. That is,
Sfor any v € RP with ||v||y < 2s + s*, there exists a constant A

which satisfies (1 — A)||v]|*> < IS I ||XS U|| <A+ A)”U”% for
any t € [T].
Note that for an m X p matrix X = (xlT, xD)T ~

Uniform{+1,—1}"*P it satisfies the RIP condition (with pa-
rameter s*) with probability at least 1 —e if m > cA=2(s* log p+
In(1/¢)) for some universal constant ¢ (see Theorem 2.12
in [44]]). Thus, with probability at least 1 — &, {X Sf}tT=1
satisfies Assumption if n > Q(A™2(Ts* log plog %)). Later,
we will see that T =O(logn). Thus, in order to ensure that
Assumption (1| and n > Q(e%) hold, we need to assume that

n ps*Tog p
> PS_ 98P
logn £ €2 )-

Theorem 5. For any ¢ > 0, Algorithm [I] is € sequentially
mteractlve LDP. Moreover under Assumption [I| with A = 0(1)
> Q(2iloer “’g") if (X Y)Y, ~ Pye oo Where Py,

Py .0 then by takmg s = 8s* and n = O(1), the output 6T
of the algorithm satisfies

C\/plogpVTVs*
e

with probability at least 1 — i—{ for some constant ¢ > 0.

107 = 0"l < ()7 16", + OC ) ()

2
ne
)

Note that Theorem [5|shows that if s* = 1, T = O(log TR

then |0 — 9*||2 = (M) Compared with the lower
bound in Theorem [ it is ‘an optimal upper bound up to a
factor of 4/log p.

We notice that recently [45] also used IHT to distributed
DP-sparse PCA. However, compared with theirs, our method is
e-sequentially LDP while theirs is (e, §)-fully interactive LDP.
Thus, the algorithms are quite different.

VI. KEEPING THE RESPONSES PRIVATE

In this section, we consider a restricted case where only the
responses or labels (i.e., {yl}" ) are required to be locally
differentially private and all the observations {x;}?  are
assumed to be public. Preserving the privacy of the labels
has been studied in [14]], [15] for private PAC learning. We
also note that keeping the responses private is related to some
issues of physical sensory data and the sparse recovery problem,
which has been studied in [46]. In this case, we can actually
assume that {x,»};’=1 ~ Uniform({+1, —1}?)" are public, and
the collection of probability P , - in (E'[) is now reduced to
the following model:

ps,pC {Pocis .y |y = (0%, x;) + 0y
where ||0]|y < s, ||€]], < 1 and the random noise |o;| < C}.

®)

The following theorem shows that, for every set of data
{Ce v} _y if only { i} n , heeds to be private, then there is an

(e, 6) non-interactively locally differentially private algorithm
DP-IHT, which yields a non-trivial upper bound on the squared
¢, norm of the estimation error (see Algorithm [2). More
specifically, the algorithm first perturbs each y; by Gaussian
noise to ensure that it is (e, 5)-LDP. Then, it performs the
classical IHT procedure on the server side. Note that we can
combine our algorithm with the protocol in [40] to obtain an
€ non-interactive LDP algorithm.

Algorithm 2 Label-LDP-IHT
Input: Public dataset {x,}?zl, private { yi}?=1
Py 5 € P €,6 are privacy parameters, T is the number

€ Py« ,, where

C5
of 1terat1on n is the step size, and s = 8s*. Set 6, =
0.
1: for Eachi e [n] do
2. Denote j; = y;, + z;, where z; ~ N'(0,7%), 72 =
32C2 In(l. 25/5)
2
3: end for’
4: fort:O,l,m,]l"—l do
55 O =0,— ’7(2 Z,r'l=1()~’i —(x;s 9r>)xiT)-
6: 0, =Trunc(b,,,,s). .
7 Oy = argpep, e — 9,+1|| .
8: end for
9: Return 6.

Assumption 2. X = (xlT, ,xZ)T € {—1,+1}™P satisfies the
Restricted Isometry Property (RIP) with parameter 2s + s¥,
where s = 8s*. That is, for any v € R? with ||v|ly < 2s +
s*, there exists a constant A which satisfies (1 — A)||v]|> <

HIXoli2 < (1+ Al

Theorem 6. For any 0 < ¢ <1 and 0 < 6 < 1, Algorithm
is (€,0) (non-interactively) locally differentially private for
{Yi}7:1~ Moreover, if X satisfies Assumption 2| with 0 < A < %
then by setting s = 8s* in Algorithm there is an n =
n(A) which ensures that the output 01 satisfies the following

inequality with probability at least 1 — exp(—n) — 1%

(Clog(l/é)\/s* logp)
Ve

Note that if T = O(log L) in (H), we have |0y —

6?*||2 < o(Ccier vlogp ). Compared w1th the bounds in Theorem
1] and 2l the dependency on p is reduced from polynomial
to logarithmic, which makes it suitable for handling high
dimensional data. We note that the term O(2 ngp ) also appears
in the optimal minimax rate of the high dimensional sparse
sub-Gaussian linear model [36]].

Also note that after obtaining {(xi,j/i)}:‘zl, we can get
another private estimator, which has the same upper bound of
O(Slogp) by performing Lasso 8P € arggeRp{ - Y (i —

ol

(6, x;)*+A16]|,}, for some 1 = O(4/ —=) [47)l. However, we
would like to point out that our algorithm is more practical
and can be extended to the case of non-linear measurements.

With the above theorem, a natural question is to determine
whether the upper bound in Theorem [f] can be further improved.

1
167 — 61l S(E)T||9*|I2+O 9



JOURNAL OF IKTEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

The following theorem (adopted from [36]) suggests that it is
actually tight as the e non-interactive local private minimax
risk (under the || - ||? metric) is lower bounded by 9(%).
Theorem 7. Under Assumption|2|and for a given fixed privacy
parameter ¢ € (0, %], the € non-interactive local private
minimax risk (under the || - ||* metric) satisfies the following
inequality if only {y; ?:1 needs to be kept locally private

C?%s log 2

ne?(1 +A)})'

N

quwm(g(Pl,p,c)’ - 113, €) > Q(min{1,

VII. EXTENSION TO OTHER PROBLEMS

As mentioned earlier, the (Local) DP-IHT method is actually
quite general for achieving differential privacy. In this section,
we extend it to other problems. Specifically, we use it to the DP-
ERM problem [1_-] under some sparsity constraint and the sparse
regression problem with non-linear monotone measurements.

A. ERM with sparsity constraint
We start with reviewing some definitions of DP-ERM.

Definition 5 (DP-ERM [48] ). Given a dataset D =
{z{,,z,} from a data universe X, a loss function ¢(-,-)
and a constraint set C C RP, DP-ERM is to find X"V so as
to minimize the empirical risk, i.e. L(x; D) = %Z?:] £(x, z;)
with the guarantee of being differentially private [Sl]. The
utility of the algorithm is measured by the expected excess
empirical risk, that is [EA[L(xp’iv; D)]—min, - L(x; D), where
the expectation of A is taking over all the randomness of the
algorithm.

Here, in the Differential Privacy (DP) model, data are
managed by a trusted central entity which is responsible for
collecting them and for deciding which differentially private
data analysis to perform and to release.

Definition 6 (Differential Privacy [5l]). Given a data universe
X, we say that two datasets D, D' C X are neighbors if they
differ by only one entry, which is denoted as D ~ D'. A
randomized algorithm A is (e, 6)-differentially private (DP) if
for all neighboring datasets D, D' and for all events S in the
output space of A, the following holds

P(A(D) € S) < eP(A(D') € S) +6.
When 6 =0, A is e-differentially private.

In this section, we consider the sparsity-constrained (e, 6)
DP-ERM problem. That is, the constraint set C is defined as
C={x:|lx|lp £k}, where ||x]||, denotes the number of non-
zero entries in vector x. We note that such a formulation
encapsulates several important problems such as the £-
constrained linear/logistic regression [49].

We first introduce some assumptions to the loss function,
which are commonly used in the research of ERM under the
sparsity-constrained optimization.

U1t is easy to extend to LDP model

Definition 7 (Restricted Strong Convexity, RSC). A differ-
entiable function f(x) is restricted pg-strongly convex with
parameter s if there exists a constant p; > 0 such that for any
x, x" with ||x — x'||y < s, we have

&) = ) =V x =¥ 2 Zx = I,

Definition 8 (Restricted Strong Smoothness, RSS). A differ-
entiable function f(x) is restricted ¢ -strong smooth with
parameter s if there exists a constant €, > O such that for any
x, x" with ||x — x'||y < s, we have

A4
FOO = FOD = (V) x =Xy < S lx = XI5

Assumption 3. Denote x* = argmin . L(x; D) and ||x*||y =
k*. We assume that the objective function L(x; D) is p,-RSC
and €(x, z) is € ;-RSS for all z € X with parameter s = 2k+k*.
We also assume that £(x, z) is G-Lipshitz w.r.t €, norm for all
zEX.

For the sparsity-constrained DP-ERM problem, we follow
the idea in Algorithm [I] to solve the optimization problem (3].
That is, we first execute a DP-Gradient Descent step and then
perform a hard thresholding operation (see Algorithm [3] for
details).

Theorem 8. Under Assumption |3} for any 1 > €,6 > 0, there
exists a constant ¢ > O which makes Algorithm |3| (e, 6)-DP.
Moreover, if the sparsity level k > (1 +641<S2)k*, where Kk, = &,

s

2.2
then by setting n = ? and T = O(k, log "k—i), we have

w 1
. log nlog pk* log H
EL(x7; D) — L(x*; D) < O(

S (0)

where the big O-notation omits the terms of G, p, and €.

Algorithm 3 DP-IHT
Input: Initial point x, learning rate #, empirical risk L(x; D),
privacy parameters 1 > €,6 > 0, and iteration number
T.

1: fort=0,1,---, T —1 do

2. Let %, = x; — n(VL(x;; D) + z;), where z, ~

cT log ez
N(O, o-zlp), 6% = n2—§ for some constant c.
3: Let x4y = Trun(X,,, k).
end for

5: Return x;.

»

Remark 3. We note that the upper bound in (I0) depends
only logarithmically on p (i.e., logp), rather than polynomially
(i.e., Poly(p)) as in general DP-ERM with (strongly) convex
loss functions [31)], [48]. This means that we have obtained a
non-trivial upper bound for the high dimensional case (p > n)
of the problem. Recently, [23|], [50] also studied the case
of high dimensional DP-ERM with specified constraint set.
However, there are considerable differences. Firstly, the [23)]
paper considers only linear regression and ¢-norm Lipshitz
with the constraint set restricted to an ¢|-norm ball. Secondly,
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the [50] paper shows that its upper bound depends only on
the Gaussian width of the underlying constraint set, which
could has sub-linear dependence on p (e.g., for the case of
the unit £-norm ball, it is logarithmic in p). However, their
algorithm is based on the mirror descent method, which needs
the constraint set to be convex. But it is non-convex in our
problem. Thus, these previous results are not comparable with
ours.

It would be interesting to find a general condition on the
constraint set such that the upper bound of the problem can
be independent of Poly(p). Also, we note that to achieve the
bound in (I0), the gradient complexity of Algorithm [3] needs
to be O(nk,), which is quite large. We leave it as an open
problem to make it more practical.

B. Non-linear Regression

We now study a model with non-linear non-convex measure-
ment: y; = f((0%,x;)) + o, where f is some known function
and 6 is sparse. This model has recently been studied in [12],
[13]. Note that when f is the identity function, it reduces to
the sparse linear regression model. In this paper, we focus on
a special class of functions called (a, b)) monotone:

Definition 9. A function f : R — R is (a,b) monotone for
some 0 < a < b if f is differentiable and f'(x) € [a, b] for all
x €R.

Like in the linear model, we also consider the cases of
keeping the whole dataset and only the responses {y;}!_,
locally differentially private.

1) Keeping the Whole Dataset Private: Same as in the linear
model case, we consider the following distribution collection
of samples (x,y) € {+1,—1}’ X R:

Ps,p,C,f,a,b = {PB,G | X ~ Unlform{+19 _1}‘0»37 = f((e’ x>)+67

where ¢ is the random noise 6| < C,C > 0

is some constant ||0]|, < 1,|0]|g < s, f is (a, b) monotone }.

Algorithm 4 LDP-IHT

Input: Private data records {(x;, y,»)}l’.’=1 ~ Py« 5, where Py. ;, €
Py p.c.f.ap T 1s the Iteration number, € is the privacy parameter,
and 7 is the step size. Set 6, = 0. s is a parameter to be specified
later.

1: For t+ = 1,-,T, define the index set S,
- 1)[%J,---,tl%J ~ 1}, ift = T, then S, =

s, Ute| 2] m.
2: fort=1,2,---,T do

The server sends 6,_; to all the users. Every use
i which i € S, does the following operation: let
Vi =x] 161, x)D(f (B,—15%;)) = ;). compute z; =
Rg(Vi), where Rg is the randomizer defined in the
previous section with r = O(bC \/E) and send back to
the server.

The server compute V,_; = ﬁ ZieS, z;.

4
5: Do the gradient descent updating 8, = 6,_; — nV,_,.
6: 6 = Trunc(6,, s).

7

0, = argoep, 110 — 0] 115.

8: end for
9: Return 01

with probability at least 1 — g for some constant ¢ > 0.
p

2) Keeping the Labels Private: For a fixed X =
(xlT,m,xZ)T € {+1,—1}"*P, we consider the following
collection of distributions:

Pl cran = Pog(Y) | 3 = F(6%. X)) + o1,
where |0y < s, [|0]|, < 1, the random noise
|o;| £ C for some constant C > 0,and f is (a, b)) monotone}.

The following theorem shows the lower bound of the private
minimax risk (under the || - ||§ metric) with respect to the
above collection of distributions, which is similar to the one

(11)in Theorem

We note that when f(x) = x, it reduces to (1).

To obtain an upper bound of the empirical risk, we can
easily extend Algorithm 1 to the non-linear measurement case
(see Algorithm [) to solve the following problem

min L(0; D) = % Z(f((xi’ 0)) — yi)z
i=1

5.0, < 1,161l < s. (12)

Theorem 9. For any ¢ > 0, Algorithm H| is € sequential

interactive LDP. Moreover; if { X S’} satisfies Assumption 1 with
2_s5p2 . *

0<6 <2235 iy Section 4.2 and —— > Q(&fg”), and
14 logn €

{(xp y)V_, ~ Py where Py o € Py ¢ 1 4 (We assume

Z—; > g), then after taking s = 8s* and n = n(a, b), the output
O satisfies

S R Vplog pVT+/s
167 — 07, < (E)TIIG*IIZ +O0(——),

e

13)

Theorem 10. Under Assumption [2| and for a given fixed
privacy parameter € € (0, %], the € non-interactive local private
minimax risk (under the || - || metric) in the case of keeping
{ yi}l'.’=1 locally private satisfies the following inequality

, slog f
€) > Q(min{1,C*————}).
) (min{ nb2e2(1 + A) b
Comparing to the lower bound in Theorem [6]in the previous
section, we can see that there is an additional factor of b2 in
Theorem [I0] which is due to the fact that the model is more

complicated.

For the upper bound, we adopt a similar approach as in
DP-IHT for linear regression. Particularly, we let L(0) =

LS (5 — (x;,0))* and then apply the ideas of IHT.

2n
Theorem 11. For any 0 < ¢ < 1 and 0 < 6 < 1,
Algorithm ] is (e,5) (non-interactively) locally differentially

private for {y,»}:.’zl. Moreover, if {y;}?_, € Py, (where

i=1
/
Py s € P,

Nint ! 2
Mnm (e(ps,p,c,f,a,b)’ ” : ”27

with 1 > 2 > g} and X satisfies

.0,C.f.a.b = b
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Algorithm 5 General DP-Iterative Hard Thresholding

Input: Public dataset {x;}_,, private {y;}?_, € Py ,, where
Ppiy € Py fap €0 are privacy parameters, T is the
number of iteration, # is the step size, and s is a parameter to
be specified. Set §, = 0.

1: for Each i € [n] do
2 Denote j; = y;, + z;, where z; ~ N'(0,7%), 72 =
32C2%1In(1.25/6)

52
3: end for
4. fort=0,1,---, T — 1 do
55 O =0,— nVNL(G,).
6: 0t’+1 = Trunc(d,, ., s)., .
7: 91+1 :arggeBl ”9_9t+1”2'
8: end for
9: Return 6.

2 2
Assumption 1 with 0 < A < 24255 then by setting s = 8s*

in Algorithm |5| there is an n = n(A) which ensures that the
output O satisfies the following inequality

bClog(1/6)4/s* 10gp)
Ve

with probability at least 1 — T exp(—n) — i—(T,.

1 ‘
167 — %[l < (§)T||9*|Iz +0(

VIII. EXPERIMENTS
A. Experiments on Sparse Linear Regression

a) Data Generation: Our data generation process is
similar to the one in [32]. We first fix a parameter vector 8* by
randomly choosing s* coordinates, with each of them sampled
independently from a uniform distribution in interval [0, 1],
and setting the remaining coordinates/entries to zero. Then, we
generate the data samples using equation y; = (x;,0%) + o,
where x; € Uniform{-1,+1}? and o; € Uniform[-C, C]. We
assume C = 0.05 in our experiment.

b) E*xperiment Results: We compare the relative error,
ie. %, with the sample size n in three different settings,
i.e., under varying dimensionality, sparsity and privacy level,
respectively. We run algorithms Label-LDP-IHT with # = 0.2
orn =015 =s*T = [log2], § = 1073 and a random
normal Gaussian vector as the initial point to obtain 6. For
each experiment, we run the algorithm 10 times and take the
one with the lowst relative error as the final value.

Figure [I] and [2] depict the results of Algorithm [I] and
[2l respectively. From Figure [l we can see that when the
dimensionality and the sparsity level increase or the privacy
parameter € decreases, the relative error increases, especially
when the sample size » is small. When the sample size increases,
the relative error will decreases. From Figure [2] we can learn
that when the dimensionality p increases, unlike Figure [I] it
does not cause the relative error to change significantly. This
can be explained by the fact that the error bound is only
logarithmically depending on p. Moreover, when the privacy
parameter increases, the relative error decreases. These results
confirm our theoretical claims.

B. Experiments on Sparsity-constrained DP-ERM

In this section, we test Algorithm [3] on real world datasets
Covertype and rcvl [S1]. Particularly, we study the sparsity-
constrained logistic regression problem with £ (w, z) = log(1 +
exp(—y;{w, x;))) + %llw”z, where y; is the label of x;. As pre-
processing, the data is first normalized. Since there is no ground
truth on real data, we run the algorithm in [32] sufficiently
long until [|w; — w1l /llwll, < 10~ and then use the output
L(w;; D) as the approximate optimal value. With this, we can
calculate the optimality gap of our estimator. In the experiments,
we set A =103, #=0.1 and 6 = 1073, and use zCDP [42]
to achieve the (e, 6)-DP.

From Figure[3|and @] we can see that when the dimensionality
p increases, the optimality gap does not change too much, which
is due to the fact that the error bound is only logarithmically
depending on p. Also, when the sparsity level increases or
€ decreases, the optimality gap increases. Clearly, all these
experimental results are consistent with Theorem

C. Tests on Synthetic Datasets For Linear Regression with
Non-linear Measurements

Our data generation process is similar to the one in [32].
We first fix a parameter vector 6* by randomly choosing
s* coordinates, with each of them sampled independently
from a uniform distribution in interval [0, 1], and setting the
remaining coordinates/entries to zero. For the case of non-
linear measurements, we assume that y; = f((x;,0%)) + o,,
where f(x) := 8x + cos x where x; € Uniform{—1,+1}? and
o; € Uniform[—C, C] so that it satisfies the assumptions in
Theorem [9] . The results are shown in Figure [6] and [5] We can
see that these results are almost the same as in Figure [T] and
[ respectively.

IX. CONCLUSION

In this paper, we comprehensively studied the sparse linear
regression problem in the non-interactive and sequential
interactive local differential privacy models. Specifically, we
first showed that polynomial dependency on the dimensionality
p of the space is unavoidable for the estimation error in both
non-interactive and sequential interactive local models if the
privacy of the whole dataset needs to be preserved, even if
we allow relaxed privacy models and relaxed measurements of
error. This is quite different compared with both of the non-
private case and the problem in the central (e, §) Differential
Privacy model. However, in a restricted (high dimensional)
case where only the privacy of the responses (labels) needs
to be preserved. We showed that the optimal rate of the error
estimation can be made logarithmically dependent on p (i.e.,
log p) in the local model, which is quite similar as in the non-
private case. Second, we proposed a general method which is
called Differentially Private Iterative Hard Thresholding whose
output achieve an optimal rate up to a y/log »n factor. Moreover,
we used this method to solve some other problems, such as
(Local) DP-ERM with sparsity constraints and sparse regression
with non-linear measurements.
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Fig. 1: Experimental results on sparse linear regression under LDP while keeping the whole dataset private (Algorithm .
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Fig. 3: Experimental results on Covertype dataset [52] for £y-constrained logistic regression under (e, §)-DP (Algorithm .
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APPENDIX

A. Technical Lemmas

For the estimation error, we first give some definitions and
lemmas.

Definition 10. A random variable X is said to be sub-Gaussian
with 62 if E(X) = 0 and

o252
E[exp(sX)] < eXp(T), Vs € R.
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For the case that X is a d-dimensional random vector, it is
sub-Gaussian with o if for any unit vector u € S4=1, ul' X is
sub-Gaussian with c2.

It is well known that if X, X5, -,
with 02 then a X, + - + a,X,
(Zl 1 1

We can easily see that if x ~ Uniform{+1,—1 }d, x 1S sub-
Gaussian with ¢2 = 1.

X, are all sub-Gaussian
is sub-Gaussian with

Lemma 2 ([53]). Let X, X5, -, X, be n random variables
such that each X; is sub-Gaussian with o>. Then the following
holds
2
Pr[max X; > t] < ne T 22,
i€n
Pr{max | X;| > t] < 2ne 27,
ien

Lemma 3 ([32])). For any 6 € R* and an integer s < k, if

0, = Trunc(8, s) then for any 0* € RK with ||6*||, < s, we
k— *

have 1|0, — 0|, < ﬁl& - 0||§.

Lemma 4. Let K be a convex body in RP, and v € RP. Then

for every u € K, we have

1P () —ully < llv—ull,
where Py is the operator of projection onto K.

The following theorem says that when X €
Uniform{+1,—1}"P, with high probability it satisfies
the Restricted Isometry Property if » is sufficiently large.

Lemma 5 (Theorem 2.12 in [44]]). Let X € {+1,—1}"™P be
a Bernoulli Random Matrix and &, A € (0, 1). Assume that

n > CA 2(slog(p/s) + log(1/&)).

Then with probability at least 1 — &, X satisfies the Restricted
Isometry Property (RIP) with sparsity level s and parameter
A, that is, for every |||y £ s,

1
(1= W)ol* < ;anni <1+ )lvll3

Note that if X satisfies the Restricted Isometry Property
(RIP) with sparsity level s and parameter A, it means that

1T
A= max (-X"X—-1,.)x|>.
it s 1Ga pp)¥ll2

Lemma 6 ([54]). If z ~ x>, where x?
distribution with parameter n, then

is the Chi-square

Priz —n > 24/nx + 2x] < exp(—x).

B. Private Fano and Le Cam Method

Our lower bounds are basic on the locally private version
Fano and Le Cam method [[10], [11]. Given a finite set V,
a family of distributions {P,,v € V} with P, € P is 26-
separated in a metric p if p(6(P,), 0(P,)) > 26 for all distinct
pairs v, v’ € V. Given any 25—separated set, the private Fano’s
method for the ¢ non-interactive private minimax risk can be
summarized by the following lemma.

Lemma 7 (Prop. 2 in [10]) Given any 26-separated set
{P,,v € V}, and a € (0, ] the € non-interactive private
minimax risk satisfies the following inequality

2~ Nint
) d(5) na“C " ({P,},ey) +log2
Nint e
o(P), Dop,€) > 1- )
M(OP), Dop.€) > ——( g V] )
where CNM({P,} cyp) = lsupyeB Yoy W ()%, By, is

the 1-ball of the supremum norm B, = {y € L®(X) | ||y||°o <
1}, and L¥°(X)={f : X —» R | ||f||oo < o0} is the space of
uniformly bounded functions with the supremum norm || ||, =
sup,. | f(x)|. Also, foreachv € V, y,, : L®(X) — Ris a linear
function defined by

WU(J/)=/X7'(X)dPU(x)—dP(X),

where P is the mixture distribution P = m ey P
A useful corollary is the following:

Lemma 8 (Corollaries 2 and 4 in [9]). Let V' be randomly
and uniformly distributed in V. Assume that given V = v, X;
is sampled independently according to the distribution of P,
for i =1, n. Then, there is a universal constant ¢ < 19
such that for a € (0, %],

I(Z),Zy, . Z;V) < ce22

2
Z Ul _PU’,illrv-

v,U' €V

V|2
The € non-interactive private minimax risk satisfies

@) 12y, Z,;V) +]og2
2

NIO(P), Dop, €) > .
M M(O(P), Dop, €) > ( Tog [V] )

Now we introduce the generalized private Le Cam method.
Let P, and P; be two collections of distributions in 7.
We say that P, and P; are é-separated for loss function
L if d;(Py,P;) > 6 for all Py € Py and P, € P,, where
d; (Py, P)) = infycg{L(8, 0(Fy)) + L(0,0(P;)). Then we have
the following lemma.

Lemma 9 (Theorem 2 in [[11]]). Consider a set of distributions
P, a collection of distributions on X, {P,} <y C P, indexed
by v €V, as well as a distribution Py € P. For each of these
distributions, we have i.i.d. observations X;, that is, samples
Jfrom the product with density
dP} =1I"_ dP,(x,).

We also define the marginal distributions M) =
[ OCIxy.,)d P (x;.,) and M" = IVI vy M), where Q is a

private channel. For any € € (0, - ], the € sequential private
minimax risk in the loss function L satisfies the following

inequality
1 -
= 33/ DuMIAm),

I |
MJO(P). L) = 5 mind, (P, P,)(1
where

2
- ne . dP
Dy (MJIIM") < TCOO({PU}Uev)mln{f, max [ 1P oo}
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for any distribution P supported on X. Here

CollPoloey) = inf _ su (=3 o7l ooy }-
V= ppprex Y U;, Lo@)

Where the linear functional ¢,(f) is defined as

éu(f) :=/f(x)(dP0(x)—dPU(x)).

C. Proofs in Sections [V] and
Proof of Theorem |I| The main idea of the proof is :

- Find an index set ¥ which corresponds to a 25-separated
set {P,, .0 € V}.

. Obtain an upper bound on C,({ P, },ep). use Lemma
[7 to specify 6, and then get an lower bound.

We consider V as the set of {+e e;,j € [p]}, where {e }”
is the standard basis of R”. Let 8, = év for some 6 < 1 and
every v € V. Then for each 6,, we define the distribution

Bv’o'v as

s, = {x € Uniform{+1, -1} py (v | x.0) = (x,0,)+0;
1+<x0)
0
where o = = o) Wp = 2(x9 ) } (14)
-1—-(x,0,) w.p.——=

It is easy to see that Py , € Py ,, since the noise |o,| <
14(x,8,)| < 2. Note that the distribution in (T4) is equivalent
to

1 +y<x’ 9U>

_11p+1
o for (o) € (41,1t

Po,.0,((x,¥) = (15)

Also for every fixed (x,y) € {+1,—1 1P+ we have p((x, y)) :=

7 Zoer P,.0,(x.9) =

Now we show our main lemma used in the proof. For
convenience we denote P, = Fy , (the same for later
theorems).

Lemma 10. The term C‘g m({ P,},ep) satisfies the following
inequality

2

CNI((P} ) < % (16)

Proof of Lemma By definition, for each v € V we have

v (y) = >

(ey)e(+1,-1)p+!

o
=

r (6, Yoy (G, ) = p((x, ¥))]

y(x, y)y{x,v)

(pE(+1,-1}rH
o

=25 2 e Do) =yt =Dixo)]
xe{+1,~1}?

Thus, we can get

D v < 2x—2[ o >

y(x, 1(x, 0))

|V| vey e{+1,-1}?
T e v>)2]
2p+l1 ’ ’
xe{+1,-1}P
=~ 4p+1 2 > G Drtx, 1)
VEY x1,xE€{+1,—1}P

+ y(x1, =Dy (xy, —1))x1TuuTx2]
252
T paetl Z
Xp,.X€{+1,-1}?

+7(x. = Dr(xy, = DxT x,),

(r(x1, Dy(xg, DxTx,

. . T _
where the last equation is due to Y oy vv" =21,
the definition of Cg m({P,},ey) we have

. Thus by

CNM((P,) ) < 15 sup > vy, Dy G, x| x;

- p
2 4 r€Be x| x,€X

+ sup 2 (1, =Dy (xp, —=Dx] x,]

r€Bo x| x,eX
= 2—[ up IEp, [y (X, DXTII* + sup [[Ep [y(X,=DXTII],
P yEB,

where P, is the uniform distribution on {+1,—1}?. Note that
since ||a||§ = sup”UHSI(U,a)2 for any vector a, by Cauchy-
Schwartz inequality we have

sup ||Ep [y (X, DX]|1?

7€B
= sup  (Eplr(X, Do X])?
yE€B.[lvll2<1
< sup Ep[y(X,1°1x sup Ep[(0" X)*]
7€B,, lloll,<1
T XXT
< sup v —vuv<l,
lolb<l  we(Tayp 2
where the second inequality is due to the defini-

tion of X and y. Similarly, we can bound the term
sup,ep_ IEp [y(X,=DX|?)] < 1. This completes the
proof. m

By Lemma [7] and Lemma [I0], we can get

y 52 nez%2 +log2

nt

M,, (Q(Pl,p,z), ®op,a) > ?(1 - l()g—Zp

If we take 62 = Q(min{1, plo—gfp}), we can get the proof of
the lower bound in Theorem O

Proof of Theorem 2] Now we use the squared loss as the loss
function L(0,0") = ||6 — 9’||2 Then, d; (Py, P)) = ||9(P0) -
6?(P1)||2 Define Py € P, as the uniform dlstrlbutlon on
{+1, —l}px {+1,-1}, that is,

Py = {x € Uniform{+1,—1}”;p9 | x,0)=(x,0)+0;
1+(x0)
0
whereaz{ 1 ~ o0 we 1 (x0> )
-1 —(x,0) w.p. 5
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Thus, 8(Py) =0

Define the set of distributions { P,,v € V} in the same way
as in the proof of Theorem Then, we have d; (P, P;) = l52
As in Lemma |9 we have M| " and M". For the KL- dlvergence
Dy, between M and M", by Lemma |§I we have

- ne?
Dy(MyIIM") < Z=Co({P,) a7l
We can easily see that for each y € B, and v € V, we have
that y,(y) in the proof of Lemma |10 . is equivalent to ¢,(y) in
Lemma [9] for our constructlon Thus, by Lemma @] we have

Co{P,}ey) <& Takmg P = P, we get max, ¢y || || =

T&' Thus, if choosmg 5% = Q(min{1, & e 1), we have

ne*s*(1 + &)

D Mn M” <
kl( 0 ” ) 8[7
By Lemma [0 we can get

ne?d2(1 + 5))

52
Int
MOy ), Pop,a) > Z(l - 8

Thus, if taking 5% = Q(min{1, n% 1), we have the proof. [

Proof of Theorem 3] Now consider the case of L(0,0') =
[17(6 — 6")|. We can easily obtain d; (P, P,) > |1T(8(P,) —
0(P)))|. Consider the same distributions Py, {P,,v € V} as
in the proof of Theorem 2 we have min ¢y, d L(PO,PU) > 0.

Since Dy, (M| M") < ™ 0 “*‘” for 8% = Q(min{1, 25 }), we
have
int P ne2s2(1 + 6)
MIMOP) o), L) 2 5(1 - T).
Thus, we have the proof if set 62 = Q(min{1, n%}) ) O

Proof of Theorem [4l Before the proof, let us recall the
definition of y?-local differential privacy [11]:

For any convex function f on R, with f(1) = 0, the f-
divergence of distributions P and Q is

D/(PQ) := / f(—)dQ

Definition 11. Let f(x) = (x — 1)2. Following the above
definitions, we have €*- y*-divergence local differential privacy
and e- y*-divergence (sequentially) private minimax risk if

D(Q(Z, €S |x,21,-)IQ(Z, € S | xl,=zy,;_1) < €.

From the above definitions, it is easy to see that if a channel
0 is (x, p) sequentially locally zero-concentrated differentially
private, it is (¢ = e**2? — 1 )-y%-divergence sequentially
locally differentially private. Also, since (2,log(1 + €2)) local
Renyi differential privacy is equivalent to 2- y-divergence local
differential privacy, to prove Theorem [4 we only need to show
the lower bound of e?- y2-divergence sequential local private
minimax risk, which is denoted as Mi‘“ LO(P), L, €2). To do
that, we need the following lemma. “

Lemma 11. [Theorem 2 in [IL1|]] For any ¢ € (0, 1], the 62-)(2-
divergence sequential private minimax risk in the loss function
L satisfies the following inequality

1 . 1 =
M, OP), L,€) 2 5 mind; (P, P)X(1=5 1/ Dy (Mg I M™),
where
nyagn 2 : € de
Dy (MgIIM") < ne*Co({ P, }yey) min{e®, max | —— 1l )

for any distribution P supported on X, and C,({ P,

7 0 pppe Sup, { Zypey (@0 ()
@(y) is defined in Lemma [9

}vev)
| ||7||L2(p) < 1}, where

Now, we will proof Theorem E}

The construction of Py and {P,,v € V} is the same as
in the proof of Theorem [3] Thus, by Lemma [I1| we only
need to bound C,({ P,},cy), instead of C({P,},cy). From
the proof of Lemma[I0] we can see that if taking P as a uniform
distribution, then for any y with [[y || .2 P) < 1, we always have

2
Ep,[r(X, 1)?] < 1. This means that i ZUGV(V/U(V))z < %.

Thus, we have C,({P,},ey) < & The remaining part of the
proof is the same as the one in the proof of Theorem 2] [

Proof of Theorem Bl Follow from the fact that the linear
model is a special case of the non-linear measurement. See the
proof of Theorem [9] in Section for the case f(x) = x
anda=b=1. O

Proof of Theorem [6l Follow from the fact that the linear
model is a special case of the non-linear measurement. See the
proof of Theorem in Section |[VII-B| for the case f(x) = x
anda=b=1. O

Proof of Theorem [7l Follow from the fact that the linear
model is a special case of the non-linear measurement. See the
proof of Theorem in Section |[VII-B| for the case f(x) = x
anda=b=1. O

D. Proofs in Section |VII-A
Proof of Theorem [8l For the guarantee of (e, §)-DP, it fol-
lows from the Moment accountant and composition theorem,
see [153], [31] for details.

Let 7 = I'"*'J1'J 1% where I* = supp(x*), I' =
supp(x,) and IT'*! = supp(x,,,), and g, = VL(x,) + z,. Since
lIx,41 — x;llp < 2k. By the assumption of RSS, we have

L(x;41) < L(x,) + (VL(x,), X1

2
—x;)+ ?S”xwl = x|

< L(x) +{(g)1, (X141

1z 2l = X0zl

2
—x)7)+ 73”x1+1 = x|

2
| L nllgl
= L(x,) + EHXHI,I - X7+ "Igt,I” T T
1 —nt 2
- Tsllxm = xI7 + 1z M ey — Xzl
1 2 2 2
= L(x,) + ﬂ(“xm,z =X +ng " —nlg na yrollD)
VI||g;,ItU1*||2

|IZI,Z““(xt+1 - x)1ll2, 17)

2
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where the second inequality is due to x,, 1 — X, = X, 1.7 — X, 1.

We now bound the term of [x,.;7 — X7 + r/gtlll2 -
g 7\zr ) 7o|I* by the idea in [32]. Since I\(Z'|J1*) =
I*I\I' | J1*) € I, we have

Xl \@'UT%) = X \@' U1*) ~ U8, 1\1' U 1%)-

Also, since x; (gt | 7+) = 0, this means that x, | 77| j7+) =
—Ng. 1\ | 1)- Next, we choose a set R C I'\I'"*! such that
[R| = |T*\(Z" |J I*)|. Note that such R can be found since
[THN\@' U 19| = [T\T™!] = [T ) T9)\T!| (which is a
consequence of |I’| = |I*!|). Thus, we have

2 2 2
n ”gr,l\(erI*)” = “xt+1,1\(I'UZ*)”

> |Ix, % — ngrll* (18)

With (18) and the fact that x,,, z = 0, we have

2 2 2
X117 — %2 + 082 l” =07 llg @y 29l

2 2
Slxpgrz =%z + 187 ll” = lIxip1,2 — X + 18 2l

= Ix41.0\R — X\R + 18RI (19)

We then bound the size of |I\R| as |[I\R| < |[I"'| +
[(IN\T*O\R| + |T¥] < k+ [(T™ O ITH\T!| + k* < k + 2k*.
Also, since T'*! C (T\R), we have x,,; n\z = Trun(x, px —
18 1\r- k). Thus, by and Lemma [3| we have

Ixrp17 — X7 + ’7&,1”2 - ’12||gz,z\(zf U I*)H2

2
Sxigrnr — X n\r + 18 1\r |l
2k*

— Ix* 2
= k + k* ”xI\R — Xt I\R + '181,1\7{”
24 )
= k + k* ”xl - xt,I + ngt’I”
2k*

= oo U =P+ 20881, 6 = x)7) + gz )

2k* " ‘
= (Ix* = X" + 29(VL(x), (x* = x)) + n*llg. 7 I*)

k + k*
4k*
+ m(zt,b (x* = x)1)
2k* " 14 .
< ol - X2+ 20(L() = L) = " = x,01%)
4f*
+n*llg 171+ m(zt,p (x* = x)1)
dnk* 2(1 = npyk* 2
= Py (L(X*) - L(X,)) + WHX* — X,”
2’72k* ) T’]zk* )
+ m”gt,l\(ﬂ yrsll®+ m“gt,(l’ Uzl
4k* %
m(zz,za(x = X))

Plugging this into (T7), we get

2k*
k + k*

L(x,41) < L(x,) + (L(x* = L(x,))

(1 - rlps)k* w« 2 T’]k>‘< 2
n(k + k*) llx* = x 17 + —k e ||gz,1\(ZfU1*)||
ﬂk* n 5 2k*
g e ur T s (e 07 =)
I 5
+llze 2 = Xzl = o %41 = I
2k* . (I —npk* 5
S Lo+ i (LT = e+ Sy e =l
1- ﬂfs k* 2 ’,lk* n )
_ _ + n *
( g n(k+k*))||xt+1 x| (k+k* 2)||g,,1fU1 I
2k* .
prranyess CRACE R CRY [ (SRR P
(20)
2k* (1 —npk* 5
<L + = (L(x*-=L T Xt —
< L(x,) pan k*( (x (xp) ) [lx* = x, ||
* (k + k* B E)”gt’lt Uz ”2 + m<zt,l, (x* —x.)1)

n(k + k*)
2 = nt )k = (1 +nt )k*)

llz, 7112, 1)

where the second inequality is due to the fact that ||x,,; —x;|| >
nllg,yl\(p U 7+ || and the third inequality is due to the fact that

a? 2
ab§4—c+cb for any ¢ > 0.

For the term ||x, — x*||2, we have the following lemma:
Lemma 12.
lx, = x*I12 < ‘;‘[L(x*) LGl + %ugt,p oI+ %”Zu”z-
' )
Proof. From RSC, we have
L(x*) > L(x,) + (VL(x,) x* — x,) + %llx* — x|

= L(xt) + <VZ1 U I*L(xt) - gt,It U T* + gt’lt U T%> x* - Xt>

2
> L(x,) — p—uz,,zu2 - X%,

N

2 2 ps 3
= AP+ S xt -
pS”gt’I’Ul =+

2
where the last inequality is due to ab < f; + ch?. O

With this lemma, we get

2k*

2(1 ”ps)
L(x < L(x + 1 +
( l+1) —_ ( t) ! !*(

J(L(x*) = L(x,))

N
n (Pp? +8(1 —npy)k*
2 np*(k + k*)
2k* .
+ m(zt,z, (x* = x)1) +(
8(1 — np k*

np2(k + k*)

2
ezl

n(k + k¥)
2(1 = nZ )k — (1 + n£,)k*)

Mz, 7117 (23)
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2
Taking n = — and k> (1 + o & )k*, we further get

L(x;4) < L(x

L(x,))

4k*t .
MICETD R e
Lemma 13. For x ~ N(0, azIp)
Elx|%, < O(c*log p)
Proof. By definition of expectation, we have
Elx|?, =/ Pr(|x|% > t]dt
0
O(zr2 log p) )
=/ Pr(|x|2, zt]dt+/ Prl|x|2, > t]dt
0 0(c2log p)
< O(o'2 log p) + / 2p exp(—%)dl
052 log p) 20

< 0(c> log p) + 2V/2po” exp(~O(log p)) = O(s> log p).
O

Note that E(z, 7, (x* — x,)7) = E(z,,x* — x;) = 0. Taking
|2

the expectation w.r.t z, and by the fact that ||z, ; 1> < 1|z, 2
(from the above lemma), we have

EL(x;,.1) < L(x,

L(x))

k. k*G? log é log pT

+0 . (25
(e @
That is
E[L(x141) = L(x")]
k,k*G?*log plog %T
+ O( ) ). (26)
pne
Thus, taking T = O(x log( )) we get the theorem.
O

E. Proofs in Section
Proof of Theorem [9l We first show that each stochastic gra-
dient [|x} f({x;, 6,1 D (X1 6,-1)) = ¥)ll2 < O(BC+/p), this
is due to that

”xin/«xi’ O N Cxi0,210) — ¥l

< bl N2 (f (€3 0,1)) = )

< by/p(f(1) = y)) < O(C/p),

where the second inequality is due to that (x;,0,_;) <
IXilloll6;—1ll2 < 1, f is monotone and |y;| = | f(6*, x;)+0;| <
o(0).

W.o.l.g we assume that each |S;| =
domizer R.(-) and Lemma we can see that V, =

I Lies, X xI 1 0, D ((x1,6,21)) — vi) + Ct, where each

n
coordinate of ¢, is a sub-Gaussian vector with 62 =0 bCp T

%. From the ran-

Let S* = supp(6*) denote the support of 6*, and s* = |S™|.
Similarly, we define S’ = supp(é,), and F'~! = S"~1uS'US*.
Thus, we have |[F~!| < 2s + s*.

We let 0 1 denote the following

Bt_% =01 —nVi_p-1s

where vy-1 means keeping v; for i € F'~! and converting
all other terms to 0. By the definition of F'-1 we have 9,’ =
Trunc(9 1 s). Denote by A, the difference of 6, —6*. We have

the followmg

||9,_% = 0%lly = 118,y = n(VL(6;_1) + E1pe-)llas
where VL,(0,_,) =
Taking y; =
get

% ZieS[(f«xi’ 0, ) —y)f ({x;. 0, >)xiT-

(x;,60") + 0; and by the triangle inequality we can

16, 1 — 0%l < 1A~

n[— Z(f((x,,e, ) = S M (i 0 DX Tpemi

IGS

+nVIFII= Zf((x,ﬁt Noix; |

IES

o 1

We denote the followings:

= [1a,, —n[— D FUx 0im1) = f((x;,07)))

lES

X f((x;,0,_ 1>)x ri-tl2 (27)

= pVIF = Zf«x,,et DI (28)
IES

= VIFG (29)

We first bound B'~!. Since each x; € Uniform{+1,-1}7,
which is sub-Gaussian with 1, we know that for each coordinate
j € [p] L - Yies, /' (xi,0,_1))o; x,J is sub-Gaussian with

= n2 ZIES f(x;,0,_ 1))0' < e . Thus, by Lemma
l we have

1 / T
Pr[|= 00X | <O >1-—
il Z, I 0o e < O 2 1= o
This means that with probability at least 1 — —, we have
T log pbC
B <nV2s + s*O(i). (30)

\/n
For the term C'~!, by Lemmal and I and since each coordinate

¢ is sub-Gaussian, we have Cl < V25 + 570( ”Tijg()gp)

with probability at least 1 — 17 for some constant ¢ > 0.

Finally, we bound the term A’~!. By the mean value theorem,
we know that there exists a 6,_;; line between 6,_; and
0* which satisfies the equation f({x;,0,_1)) — f({x;,0%)) =
S1(x1 0,1 ;0)(x;,0,_; — 6%)). Hence, we have

2(f(<x,,0, N=F U O (xp 0po Dx] = D'7'A, g,

teS
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where D! = %Ziest f,«xi’91—1,i>)f/(<xiset—1>)xixiT €
RP*P,

Since Supp(D'~ IA, 1) c F! (by assumption), we have
ATV = A =D Al S I =DY
Now we bound the term ||(I nD'-! Pl pi DIz, where I is the
|F'~1|-dimensional identity matrix.

By the RIP property of X and |F'~!| < 2s + s*, we can
easily get the following for any |F’~!|-dimensional vector v

a*[1 = AQs + sM)]lvll; < o' D! v < B+ AQs + s%)].

7:~t1f~t1

Thus, ||(I — ;11);,1, Dl < max(l - na?[l — AQ2s +
s, nb[1 + AQ2s + s%)] — 1.

This means that if we can find an # satisfying the condition
of

(9}

SR
7

7 all — AQ2s + s*)]

1
B2[1 + AQ2s + s)]

then we have ||(I — nDFr | pi Dl < Z Note that such an #
can indeed be found if A(2s + s*) < —— 5“ _gb . This means that
a \/5

b
Thus in total we have the following with probability at least

pC
5 2 Tp2s + s*)log pbC
16,1 =67l < §||Az—1||2 + O( ).
: \/ﬁe
Our next task is to bound ||0] — 6*||, by ||9 1= 60*|, by
Lemma [3 ~
~ Fili_g .
Thus, we have [0/ — 9:—%“% < Il?’-1||_ss* ||9t_% -0 ||§ <
46,0 - 071
Taking s = 8s5*, we get
e, — 91_1 ll, < ‘”é,_% - 0%,
and
/ sk 7 N ]
6; — 671, < Z”HI—% - 6%,
1 \/T ps* log pbC
< EHAI—I I, + O(————).

e

Finally, we need to show that ||A||, = [|6, — 6", < ”91/ —
6*||,, which is due to the Lemma
Putting all together, we have the following with probability
at least 1 — %,
P
T ps*log pbC )

e

Thus, we get with probability at least 1 — i—{,

\/Tps* logpr)
vie

1
A< 51141112+ OC

1 x
lA7]l, < (§)T||9 ll, + O(

Py pavany P

Proof of Theorem [I0l Our proof is inspired by the ones in
9], [13] and [36]]. Since it is reduced to the linear model when
f(x) = x, we only need to consider the general case. Similar
to the proof of Theorem 1, we first construct a packing set
{P, : v €V} and then bound C({P,}). To do so, we need
the following lemma.

Lemma 14. [[36]]] For any s € [p), define the set
H(s) = {z € {—1,0,+1}" | ||zllo = s}

with Hamming distance py(z,2') = Z, 1 l[z * z; "1 between
the vectors z and z'. Then, there exists a subset H CH wzth
cardinality |H| > exp( log ) such that py(z,2') > = for

all z,z € H.

Now consider the rescaled version of H, \/%7:[, for some

6 < % For any two 0,0’ € H, we have
852 > |16 - 0|5 > &°. (31)
Then, \/% H is a 6 packing in £, norm with M = || elements,

denoted as {6;,6,,--,0,,}. For each 0;, let o; denote the
uniform distribution on the interval [—C, C]. Thus, we have
Py,, which can be easily verified that Py € P §p.Cof b

Our idea is to use Lemma [l Thus, our goal is to bound
the sum of the Total Variance Y., ey II1P,; = Py 1%, Now
consider the case of Py; and Py ;, where (due to our con-
struction) Py ; is the uniform distribution on the interval of
[f(x;,0)—C, f({x;,0) + C]. Thus, we have

1
||P9i - Pe’i”TV = —/ |P0i()’) — Py, WMldy

< %If((G X)) = f(O x)l < —I(l9 o', x;),

where the last inequality is due to the assumption on f. Hence,
we have

n
Z# Z UI_PU/,[”%"V

v/ €Y
< 2 e Z 0, = 0,)"x;x] (0, = 6,1)
v,vEY
> 0, -0,)XTX (0, - 0,)
4Cz |V|2 v,VEY
81;2(1 + A)52 _ 262%(1 + A)S?
4C2 cz

where the last inequality is due to the fact that for every pair
(v, v") with [|0,—80, o < 2s, (0,—0,)XT X(0,—6,/) < n(1+A)
holds (by Assumption 1).

Thus by Lemmas [14] and [8] we have

2
2cne?5? % +log2

0w 2, |
= N p—s :
2 <3 Slog
(2
Taking 6% = Q(min{1, %), we get the result. O

Proof of Theorem [I1l For the guarantee of (e,8) locally
differentially private, it is due to the fact that x; is known
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and each y; € [(x;,0%) — C,(x;,0%) — C] (since the random
noise o; is bounded by C). Thus, by the Gaussian Mechanism
[S]], we can see that it is locally differentially private.

Now we prove Theorem the upper bound.

Let S* = supp(6*) denote the support of 6%, and s* = |S*|.
Similarly, we define S"*! = supp(é,, ), and F' = S'US™1uS*.
Thus, we have |F!| < 2s + s*.

We let 0 +l denote the following

0.1

l+§

=0, — NV L)),

where vy means keeping v; for i € F' and making all other
terms 0. By the definition of F’ we have 0’ = Trunc(9 L s).

Denote by A,,; the difference of 0, — 0 We have the
following

10,1 = 0%l = 1A = nV R L@

where Vi L(60) = [3 2, (f(x;,0,) = ) (i, 00T T

Plugging 7; = f((6*,x;)) + 0; + z;, where z; ~ N'(0,72), and

2
% = %2(1.25/5) into the above equality, we get
€

16,1 —6%|l, <
2

1= 1l P 0 = (s 0D (s O]l

n
1
VIFI| Z fCxi 0)0x 1 + 1~ ; F1(x00)7,x] 1]
Define the following terms

A=A, =l Y 00 = £ 0 (0T Tl
i=1

n
1
B = VIl 3 1 0)oix] Lo
i=1
n
1
S R CHMNEE A
i=1

We first bound B'. Since each x; € Uniform{+1,—1}7,
which is sub Gaussian with 1, we know that for each coordinate

j € [pl, Zl WA(ER ))o-,x,] is sub-Gaussian with o2 =
= sy 1f’z((x,,e o2 < 5. Thus, by Lemmalwe have
n
1 Vlog pbC 1
Prl[= Y (%, 0,)0,x] | < O(-——)] 21— —.
i \/Z p
This means that with probability at least 1 — =, we have
log pbC
B'<0(nV2s+ s*i). (32)

\/Z

Similarly, for C* we have that with probability at least 1— 1%’

the following holds
by/logp\/ X1, 2*
).
n

F ; £ 0)zixT |, < OC

Since z; 1is Gaussian with Variance 72, we know that

Yoz = 2 Yo, 2, where Y7 r? is a y’-distribution with
parameter n.

By the above concentration bound for y2-distribution and
Lemma @ we have ) z[.2 < 5¢%n with probability at least
1 — exp(—n). Thus,

by/1
C" < nV2s + s*0( \;%pr

(33)

with probability at least 1 — # — exp(—n).
For the term of A’, the proof is the same as the one for A~
in the of of Theorem [9] and thus we omit it from here.
3

2
By ‘l _ xc 10g(125/5) into

we have the following with probability at least 1 - 1% —exp( n)
V(2s + s*) logplog(l/é)bC)
ne '

Putting all together, we have the following with probability
at least 1 — 1% — exp(—n),

) and and plugging 72

16,1 —6%|l, <

2
2l + O

v/ s* log plog(1/8)bC
ne )

Thus, we get the bound in Theorem [IT] with probability at
least 1 — 2L — T exp(—n). For the linear case, since f' = 1,
(32) and @ will be the same in each iteration, the probability
for the linear case becomes 1 — 1% — exp(—n).

1
1Al < 51141l + OC

O
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