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Abstract—With the popularity of deep learning applications, the privacy of training data has become a major concern as the data
sources may be sensitive. Recent studies have found that deep learning models are vulnerable to privacy attacks, which are able to
infer private training data from model parameters. To mitigate such attacks, differential privacy has been proposed to preserve data
privacy by adding randomized noise to these models. However, since deep learning models usually consist of a large number of
parameters and complicated layered structures, an overwhelming amount of noise is often inserted, which significantly degrades model
accuracy. We seek a better tradeoff between model utility and data privacy, by choosing directions of noise w.r.t. the utility subspace. We
propose an optimized mechanism for differentially-private stochastic gradient descent, and derive a closed-form solution. The form of
the solution makes the mechanism ready to be deployed in real-world deep learning systems. Experimental results on a variety of
models, datasets, and privacy settings show that our proposed mechanism achieves higher accuracies at the same privacy guarantee
compared to the state-of-the-art methods. Further, we extend the privacy guarantee to a mutual information bound, and propose a

general form to the utility-privacy problem.

Index Terms—~Privacy, data mining, machine learning, optimization

1 INTRODUCTION

HE recent proliferation of deep learning has empowered
Ta wide spectrum of data analytical applications on
crowdsourced data, which are collected from a crowd of
participants. The data is typically sensitive and thus the
deep models are required to preserve privacy. Fed with
large volumes of data, deep models capture the intrinsic
logic between data and tasks, with a huge number of model
parameters and complicated model structures. Unfortu-
nately, these models, trained and stored in smartphones can
be sources of severe privacy leakage as shown by many
studies, and such privacy leakage poses significant threats
to sensitive training data. As examples, the model inversion
attack [1] is able to recover class representatives, which can
be sensitive facial features; the membership inference attack
[2] can be used to infer whether an identity participates in
the training or not, which may be able to single out a single
training record. Regardless of the specific form of these
attacks, it is widely recognized that deep learning models
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are privacy-leaking, and therefore privacy-preserving
mechanisms are required to be implemented.

Differential privacy was proposed as a class of privacy-
preserving mechanisms for releasing data statistics, and
recently for publishing models. These mechanisms usually
introduce randomness so that adversaries cannot distin-
guish adjacent input distributions when given the output of
the mechanism [3]. In the context of deep learning, differen-
tial privacy mechanisms are applied with the purpose of
‘hiding’ a single input instance in the training dataset, i.e.,
despite the existence of the instance, no attacker can tell the
difference in the released features, prediction outputs, or
model parameters. Specifically, some mechanisms choose to
insert randomized noise at each training iteration to guaran-
tee that model parameters are differentially-private [4], [5],
[6], [7]. Some mechanisms train differentially-private mod-
els on randomized prediction outcomes of other trained
models [8], [9]. And some train the model towards a differ-
entially-private objective function to fulfill the privacy guar-
antee [10], [11].

A key problem in deep learning with differential privacy
lies in the fundamental tradeoff between model utility and
data privacy. To guarantee differential privacy, randomized
noise is inserted into the model, and such noise may signifi-
cantly affect the utility of the model. It is likely that an over-
whelming amount of noise perturbs the model to a degree
that the model is not usable at all. The problem is even more
severe with over-parameterized deep neural networks. For
example, Abadi ef al. [5] only achieve an accuracy of 95% on
the MNIST dataset with a two-layer ReLU network at a
medium privacy level (¢ = 2.0,8 = 10~°), whereas an unper-
turbed model can easily achieve an accuracy of over 99%.
Although [6], [7] have shown significant improvement with
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new privacy budget allocation methods, their performance
is still inferior to the unperturbed case.

Although the tradeoff between utility and privacy is
inherent, we found that a better tradeoff can be obtained by
taking the utility subspace of the model into account. Specif-
ically, we observe that when the same amount of noise is
inserted, the model would result in different accuracies
depending on the noise directions. As a larger amount of
noise is added to the less important directions of the utility
subspace, the model suffers less accuracy loss. While pursu-
ing a noise direction with optimal utility, it is still critical to
guarantee differential privacy at the same time.

We formulate the problem of arbitrating the utility-pri-
vacy tradeoff as a constrained optimization problem, which
seeks an optimal noise direction w.r.t. the utility subspace
while preserving differential privacy. Our proposed mecha-
nism follows the convention of differentially-private stochas-
tic gradient descent [4], [5]. The privacy mechanism and
setting are publicly known. The adversary can access the
model parameters and any auxiliary information. In our pro-
posed mechanism, we perform stochastic gradient descent
on the training data, and add directional noise to the gra-
dients. The directional noise is generated from a distribution
which is obtained by solving the differential privacy con-
strained optimization problem. Due to the large number of
model parameters, such a large-scale optimization problem
is intrinsically inefficient to solve. Fortunately, we found a
closed-form solution to our problem, which can be efficiently
deployed in practice.

Since our optimized mechanism is proposed as an additive
noise scheme, we further introduce a general form of the util-
ity-privacy problem and establish its connection with the dis-
tortion-rate function. The ‘utility” describes the perturbation
impact to the original model, also known as the ‘distortion’ of
the model. The ‘privacy’ is defined by the mutual information
between the released model and the original one. By proper-
ties of the distortion-rate function, we are able to give a theo-
retical lower bound to the utility-privacy problem.

From an engineering perspective, we have implemented a
differential privacy module for the proposed mechanism. The
module is composed of an optimization submodule and a
noise generation submodule. The former contains tensor
operations solving the optimization problem and apply differ-
entially-private noise to the gradients. Tensor operations can
be processed by GPUs in batches. The latter is implemented to
efficiently generate randomized noise given the distribution
solved by the former component. Experimental results show
that our implementation achieves higher accuracies com-
pared to the baseline at moderate computational overhead.

Highlights of our original contributions are as follows.
First, we novelly take into account the utility subspace in
the design of differentially-private stochastic gradient
descent, with the observation that it is possible to guarantee
the same privacy with higher utility. Second, we formulate
the problem of arbitrating the utility-privacy tradeoff as a
constrained optimization problem that seeks the optimal
noise distribution, and find a closed-form solution to the
problem. Third, we extend the problem to a general form
and establish a link with the distortion-rate function. Last,
experiments on a variety of state-of-the-art deep learning
models and datasets have shown that our mechanism can
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significantly improve model accuracy compared to previous
works under the same privacy constraints.

2 RELATED WORK

Our work is related to works in the following categories.

2.1 Deep Learning With Differential Privacy

Models trained over sensitive data can be a significant
threat to the privacy of such data [1], [2]. To mitigate pri-
vacy risks, a number of algorithms have been proposed to
achieve deep learning with differential privacy.

Following the principle of differentially-private stochastic
gradient descent [12], Shokri et al. [4] let participants train
their own datasets privately, and selectively share small sub-
sets of their models’ key parameters. Even that a small per-
centage (<0.1) of the parameters are perturbed and shared,
their composition method still consumes a large amount of
the privacy budget, which is way beyond a meaningful pri-
vacy guarantee. By exploiting higher moments of the privacy
loss variable, the accounting method proposed by Abadi
et al. [5] reduces the total amount of additive noise signifi-
cantly. However, it only achieves an accuracy of 90% (with a
privacy budget of e = 0.5,8 = 107°) on MNIST.

Inspired by [4], [5], our work characterizes the relation-
ship between model utility and the privacy constraints for
the first time. So far, existing differential privacy mecha-
nisms are mostly heuristic. Given the probability distribu-
tion function (pdf) of the perturbation noise, one could
guarantee the privacy a heuristic can achieve using existing
mechanisms, but knows little about its utility performance.
This is detrimental to the results since an overly conserva-
tive privacy constraint usually requires an overwhelming
amount of noise to be added. Another critical drawback in
existing works is that their composition methods are subop-
timal. In contrast, we adopt the optimal composition theo-
rem [13] and further amplify the privacy guarantee with
input sampling [14].

Differential privacy mechanisms may not be directly
applied to the model parameters, but rather to the model fea-
tures [15], prediction outcomes [8], [9] or the objective func-
tions [10], [11]. A common property of all these mechanisms
is that the differential privacy property holds no matter the
adversary can only query the system as a black-box, or can
view the model internals as a white-box. In [15], the authors
propose to adaptively inject noise into features based on the
contribution of each to the output, while in our work, noise is
injected to the gradients w.r.t. their sensitivity to the output.
Our work shares a similar principle to [15], but takes a differ-
ent approach. In [8], a set of teacher models are trained on
sensitive data privately while their perturbed predictions are
aggregated to train a public student model. Compared to [4],
[5], a noisy voting/aggregation mechanism [8], [9] achieves
an impressive learning accuracy, but only works for classifi-
cation tasks and requires non-sensitive data to be present.
We show our experimental results achieve similar accuracies
at higher privacy regime compared to their works.

2.2 Differentially-Private ERM

When the cost function is convex or strongly convex, some
approaches have been proposed to achieve optimal or near
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optimal utility bounds with differential privacy. The prob-
lem is called differentially-private empirical risk minimiza-
tion (ERM) as the utility is defined as the worst-case (over
inputs) expected excess empirical risk [16]. The approaches
include gradient perturbation [16], [17], [18], output pertur-
bation [16], [18], [19], [20], and objective perturbation [19]. In
our work, we do not rely on the convexity of the cost function
and focus on the algorithm’s real-world performance.

2.3 Advanced Mechanisms in Differential Privacy

A wide variety of literature tries to improve the utility of dif-
ferential privacy mechanisms from different perspectives.
Geng et al. have proposed the optimal e-differentially private
mechanism under the general utility-maximization frame-
work for single real-valued query functions has staircase-
shaped noise probability density functions [21], [22]. Geng
et al. further show that the nearly optimal mechanisms in
(e, 8)-differential privacy for integer-valued query functions
under the utility-maximization framework. We follow their
convention in formulating the general utility-maximization
(or cost-minimization) objective function, but give the opti-
mized mechanism for real-valued vectorized queries.

The scale of the perturbation noise typically depends on
the global sensitivity of the query over the private datasets.
We use the clipping value of the gradients as the global sen-
sitivity for each query, but it is also likely to use local sensi-
tivity [23] to further reduce the noise magnitude. Advanced
results include the one introduced by Wu et al. in [20] that a
new bound on the l;-sensitivity of the stochastic gradient
descent (SGD) algorithm allows better convergence of SGD
under the same privacy guarantee. Pichapati et al. [24] use a
coordinate-wise adaptive clipping of the gradient for differ-
entially-private SGD algorithm. The work shares the same
purpose with ours but takes an orthogonal approach.

When accessing datasets multiple times with differential
privacy mechanisms, the overall privacy level would
degrade on the union of those outputs, which is addressed
by the composition theorem [25]. Abadi et al. adopt higher
moments of the privacy loss variable to obtain tighter esti-
mates [5], and our work takes a similar approach to compose
differential privacy mechanisms over iterations. Theoreti-
cally optimal composition theorem has been proposed in
[13], but is limited in practicality due to some constraints.
Rényi differential privacy [26] proposes a relaxation of differ-
ential privacy based on the Rényi divergence, which could
use more compact composition.

3 PRELIMINARIES

We will introduce some preliminaries for better understand-
ing this work.

3.1 Differential Privacy

Differential privacy is originally introduced to ensure that
the ability of an adversary to compromise the privacy of
any set of users is independent of whether any individual
opts in to, or out of, the dataset [3]. Such an ability prevents
any adversary from gaining additional information about
any individual. The privacy guarantee is expressed by the
logarithmic distance between the posterior probability
distributions of two adjacent inputs given the outputs.
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Adjacent inputs are defined on two sets between which
their distance is one unit, e.g., the two sets differ by a single
entry. We use ¢ to define the upper bound of the distribution
distance and 8 to denote the residual probability. Formally,
letting X and X' be the pair of adjacent inputs, O be the out-
put set and K be the private mechanism, we have

Definition 1. A mechanism K is (e, 8)-differentially private if
for all adjacent inputs X and X', and all possible output O,

Pr[K(X) € O] < e - Pr[K(X') € O] + 3. (1)

In the special case of § = 0 we call K e-differentially pri-
vate. An intuitive interpretation of the differential privacy
concept above is that, with the definition, we are constrain-
ing how well an adversary can distinguish the input X from
X' given only the output of K£(X) and £(X'). A common par-
adigm for approximating a function f(-) with differential
privacy is to add noise gauged by the sensitivity of f(-),
which is defined by the maximum of the distance

1F06) = FOX-

3.2 Stochastic Gradient Descent

In general, a deep neural network is denoted by a multi-
dimensional function F : & — Y featured by a set of param-
eters 6. We use 6 € R to represent the flattened vector of
parameters where d is its dimension. X € X is a training set
from the training data space and Y € ) is the corresponding
targeted output. Let the cost function C be the discrepancy
between the output predicted by F and the target Y. The
training process is to find 6 such that

miniomize C. (2)

Various forms of the cost function can be applied, such as
square error for linear regression, or the logistic regression
cost function. With SGD, we repeatedly pick training exam-
ples (usually in mini batches) and compute the gradient of
the cost function with respect to each parameter. The
parameters are updated in the opposite direction of the gra-
dients to minimize the total cost.

4 OpTIiMIZED ADDITIVE NOISE FOR DPSGD

General Settings. The solution of Eqn. (2), or the updated
parameters 6, may leak the secret of training data. Particu-
larly, as pointed out by [27], there is a clear dependence
between membership inference and overfitting. In the threat
model, an adversary with auxiliary knowledge may infer
about a particular record in the sensitive training set, from
the released model parameters.

Differentially-private SGD (DPSGD), or noisy SGD, is an
application of differential privacy on stochastic gradient
descent which is a common optimization technique in
machine learning, and the mechanism has been adopted in
[4], [5], [12], [24]. A way of performing DPSGD is to add
noise to the gradient, which inhibits the adversary from
inferring information about the training data. In particular,
randomized noise is generated with respect to the sensitiv-
ity of the parameter 0 such that an individual change in the
training data alters 0 so little that one could hardly discern
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Fig. 1. (a) A multi-layer perceptron architecture. (b) The cost variation when perturbing 6, and b;. % € (—0.048,-0.017) and % € (0.017,0.049). (c)
The cost when perturbing 6; and b;. 4 € (0.013,0.022) and §" € (0.033,0.056).

il

the difference. We will follow the convention of DPSGD and
formulate our problem in this section.

Prior to the problem formulation, we first observe that
perturbation on parameters have different impact on the
cost which is closely associated with resulting accuracies.
Based on the observation, we propose an optimized addi-
tive noise scheme for DPSGD, i.e., the randomized noise is
generated being aware of the resulting accuracy. The prob-
lem is formulated as an optimization one and a closed-form
solution is given. Finally, we explicitly provide our privacy
mechanism based on the optimized noise scheme.

4.1 Utility Subspace

We ask the question: for a trained model, if inserting the
same total amount of perturbation, would different levels of
perturbation to each of the model weights yield the same
model accuracy? We refer to the accuracy as the utility, and
use the cost to gauge utility: the lower the cost, the higher
the utility. In this section, we introduce preliminary experi-
ments conducted to explore the utility subspace, i.e., how
the change in the model parameters affects the cost.

Similar to the sensitivity analysis by Papernot et al. [28],
and the influence function of the input by Koh et al. [29], we
study how the perturbation of model parameters affect the
resulting cost. The example in analysis is a tiny multi-layer
perceptron architecture (Fig. 1a). The architecture can be
considered as a basic unit of a deep neural network, consist-
ing of an input layer {z1,z.}, a hidden layer {h,h.},
weights across different layers {61, ...,6s}, and the output
y. Neurons in the hidden layers apply the sigmoid function
¢(t) = 1i= to the weighted input layer. Given input x,
hi(x) = ¢(6121 + O329 + b1) where 6;,0; are weights and b,
is a bias, and the output is y = 05k + 0shs + b3. Weights
and biases are tuned during training.

We use the model in Fig. 1a to evaluate a function
f(@1,z2) = 21ANDzy which outputs a binary number given
x1, %2 € [0, 1]. When z;, x5 are not integers, they are rounded
up to the closest integer. For example, f(0.3,0.7) = 0. We
train on 1000 samples for 150 epochs to minimize the binary
cross-entropy loss. The training accuracy achieves over 98%
in the end. Then, we randomly choose any two parameters
to perturb by zi, 2, and record how the resulting cost
changes with respect to varying values of z;, 2.

In the experiments, we perturb 6; and bs by a value in
(0,0.3) and get the resulting costs as shown by Fig. 1b.

Likewise, Fig. 1c shows the cost when 65 and b3 are per-
turbed. From Fig. 1b, one can tell that the least amount of
additive noise (coordinate (0.0,0.0)) does not always yield
the least cost. Actually, the cost decreases when a larger
positive noise is added to #;, which is in accordance with
the direction indicated by %. On the contrary, the cost
increases when a larger positive noise is added to b3. Over-
all, if we are inserting a given amount of perturbation, we
should spread more to 6; to keep the cost minimal. We have
similar observations in Fig. 1c. As gTCG , gg > 0, any positive
noise would increase the cost and such increase is even
higher if we add a greater amount of noise to b3 than to 65
since §° < 7.

A lesson learned from the experiment is that, non-uni-
form perturbation may incur less cost when carefully con-
sider the perturbation impact of different parameters.
Further, such impact can be estimated by each parameter’s
derivatives. In the follows, we will formulate a problem in
seek of a directional noise that leads to less cost while

guaranteeing differential privacy.

4.2 Problem Formulation
Following the DPSGD framework and our observation in
Sec. 4.1, we choose to add carefully calibrated noise to each
clipped gradients. The additive noise is sampled from a
multi-dimensional distribution that minimizes the total per-
turbation cost.

Assume that

W = (wl,wg,...,wd) EDd

represents the impact of each parameter on the cost, which
can be evaluated/approximated through multiple ways.
For example, one can use domain knowledge that some fea-
tures are more critical to the cost than others so that the
parameters associated with those features have higher
impact. It is also possible to derive the directions from
SVD/PCA of the feature matrices to decide the impact. In
this work, we simply use parameters’ derivatives to esti-
mate w. However, such estimation would require access to
the private training data and thus is privacy-leaking. We
will later discuss how to compensate such leakage by
spending additional privacy budget to turn w into w.

Our additive noise mechanism is K(x) = x + z where z =
(21,...,24) is drawn from a multi-dimensional probability
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distribution designed by our optimized noise scheme. Let-
ting p(-) € P denote the probability density function for z,
we aim to minimize the expected magnitude of the noise
weighted by w. For example, the weight of z; is |@;|: a larger
|@;| indicates that the unit increment in 6; will lead to a
larger perturbation in the output, and thus it is desirable to
keep the corresponding additive noise z; small. Our optimi-
zation goal is as follows:

minimize / |W o z||, p(z)dz. 3
pEP zeR4

In the equation above, w o z represents the entry-wise prod-
uct of the two vectors. dz is short for dz;. . .dzy.

Next we study the privacy conditions that P should sat-
isfy. We identify two leakage sources in our scenario: the
utility subspace w, which distinguishes the significance of
the weights, as well as the released gradients computed on
a randomly sampled input batch. We use g' to denote the
gradients calculated at the tth iteration. Generally, let g' and
g" be two gradient vectors respectively computed respec-
tively on X and X', where the two differ by a single example
instance. The global sensitivity is defined as

a = sup [lg’ —g"l,, (4)
XX

where || - | is the l; norm.

For our mechanism K to satisfy the differential privacy
constraint, we split the total privacy budget (¢, §) up to assign
partial budget to w for optimization, and the rest to the
release of the gradients. For example, we assign (¢/8,8/8) to
w and (7¢/8,75/8) to g'. The noisy copy of w is used instead
of w in the latter computation. Next we discuss how to release
anoisy g’ which meets the condition of differential privacy.

Our key observation is a sufficient condition for differen-
tial privacy:

Lemma 1. We have two datasets X and X' that differ by a single
instance and A = g'(X) — g'(X'). For any output set O, if

p(z)

Pr [lnm

>e}<87

K(g") = g'(X) + z is (e, §)-differentially private.

Proof. We let g' = g'(X) and g’ = g”(X'), and ||A|| < a. We
consider two events S = {z : In-~ (HA > ¢}, and S ={z:
In_= +)A) < €}. The sufficient condition can be written as

Pr[S] < é. And the event of S° represent the case where K

satisfies e-differential privacy in that, for any output set O:

Pr{K(g!) € O] < ¢ PrK(g") € O]
&Prigl+z€ 0] <ePr[gl +z e 0]
&PrzeO—g<ePrlzeO-g' (5)
&Prze 0] <ePrize 0 +g —g
&Prize 0] <ePrlze @ +A,

where 0 =0 —g' 2{Vo:0—g'}. Since the inequality
has to hold for any O, e-differential privacy is met if and
only if z € §°. Therefore, we can deduce the following if
the sufficient condition of Pr[S] < § holds
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Pr[K(g') € O] = Pr[g' +z € O]
=Prig+z€0ONSI|+Prlg +z€ 0N
< e Prlgl+z€0NS]+ Pr[S]
<ePrlg'+ze€ 0] +6

— ¢ PrlK(g") € O] + 5,

which means that K satisfies (e, §)-differential privacy.
The first inequality holds due to the definition of S° and
the second inequality holds because of the sufficient con-
dition Pr[S] < é. Proof completes. O

We assume z is drawn from the probability density
function p(z). If we define the privacy loss variable ¢ =
In- (Z(Jr)A) as the logarithmic distance between two adjacent
noise distributions, it suffices to show Pr[c > ¢ < § for
any z and for all A that ||A|| < & to ensure (¢, §)-differential
privacy.

To simplify the problem, we assume z is drawn from a
multi-dimensional Gaussian distribution with zero mean
and standard deviation o = (o4, ...,0y). Each dimension is
assumed to be independent of each other. That is to say, z; ~
N(0,0?%). In essence, we search a probability distribution of
the noise w.r.t. the cost direction while satisfying the differ-
ential privacy property:

mmlmlze/ |W o z||,p(z)dz
zeR4

p(z)

s.t. Pr [lnp(z Y

> e] < 8,vze R V|A| < o, A € RY.
©)

Prior to our work, Geng et al. [22] proved that the optimal
pdf of the random noise to minimize its /; norm is a sym-
metric and staircase-shaped function when d = 2. However,
adding the least amount of noise is not exactly what we
want according to the observation in Sec. 4.1. Our goal is to
release a perturbed model with high accuracy while satisfy-
ing differential privacy property at the same time.

4.3 Main Result

We assume a multivariate Gaussian noise p is applied
where each of its dimensions is independent of one another
(we assume the independence of different dimensions of
the noise, not the gradlent) Thus we present the pdf in a
product form: p(z) = H _, pi(z;) with each p;(z;) being the
pdf of N(0,0?) from which the random noise z; is drawn.
We will show that Eqn. (6) can be transformed into a form
which has a closed-form solution.

First, we rewrite the objective function as

d |~ +o0
|wi\/ Zi
=2y “ex (—
—V2nJo O P
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The last equation is due to [," zexp(—2?)dz = 1/2. Thus
the objective is transformed to minimizing over the
weighted sum of o = (071, ...,0y).

Next we analyze the constraints. We rewrite ¢ with the

expression of Gaussian distributions, and let A=
(Aq,...,Ay) to get
p(z) p(2i)
c=1In =In
p(Z+A) 7:1]7(2?2 +AL)
ﬁ exp(—zf/?a?) iQZiAHFAZ

xp( = (z+4)°/207) = 200

Since z; ~ N(0,0?), we have

=N

PNIPM

[\
=00

d
CNN<ZA(T

i=1

)

We consider the composition of differential privacy
mechanisms over k iterations. Due to the additive and scal-
ing properties of Gaussian distributions, the composed pri-
vacy loss variable also follows the Gaussian distribution. If
we assume the privacy loss variable in each iteration is
drawn from the same distribution, we have

<

AN

33

d A2
¢ NN( 2557
=1 i

We adopt the idea from moments accountant [5] to use a
higher moment of the privacy loss variable c to give a larger
feasible range of the constrained variables, which facilitates
the finding of a globally optimal solution to Eqn. (6). By
Markov inequality, we transform the constraint as:

Pric > €] =
< Elexp(Bc

Pripe > fd = Priesp(pc) > exp(f)]
)l/exp(Be) <6,
for any positive integer g.

It is worthwhile to point out that our composition is not a
basic composition in which the privacy budget is simply
added up. The composition method bears a similar princi-
ple to [5] in that a higher order of the privacy loss variable is
adopted to derive the differential privacy constraint. How-
ever, in moments accountant, the privacy loss variable
includes the sampling procedure while ours does not specif-
ically include it. Hence in principle, our composition shares
the same tightness bound as [5].

Incorporating the expression of ¢ into the inequality, we
have

Elexp(c)] _  (k(B+ ) 4]
exp(Be) —exp( 2 ;(712 ’BE) <9

e+ (Ind)/B
k1+p)
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59, e+(Ind)/p

Letting 7(e, 8) £ , Eqn. (6) can be rewritten as

K11 B)
d
minimize Z | ;] - o (8a)
7 =1
d
subject to ZA?/U? < (e, 8) (8b)
d
VA;,such that » A7 <o’ (8¢)

i=1

We observe that Eqn. (8a) is an affine function of ¢;, and
Eqn. (8b) is a convex function of ¢;. And thus Eqn. (8) satis-
fies the strong duality condition. The Lagrangian function
is:

d d
:Zﬂ;i.a,L-—i—/\(ZA?/G?—T(e,S)), 9
i=1 =1
and the dual problem can be written as:

g(A),s.t.

where g()\) = inf, L(o, A). Observing that L(o, \) is convex
on o, by applying the first-order condition, we have

. <2>\A72>
o, = —
|wi

Substituting Eqn. (11) into Eqn. (10), we obtain a concave
problem about A. By applying the first-order condition on A

we have
~3/2
. 31(e,9)
A= d — 273 J
1D i (Aiiy)

where ¢; is a constant. By substituting A\* back to the dual
problem and the problem becomes:

maxz (A1)

d
VA;, such that Z A? <.

1=1

A>0, (10

maxy

1/3

an

(12)

T

The problem is convex on A and when the optimality is
achieved, it must hold that S>7 | A? = o®. Together with the
first-order condition, one can obtam

x Olﬂ),j
Al = 7(Zd R (13)
1= K3

Combining Eqns. (11), (12) and (13), we can obtain the opti-
mal o} to problem (8) and hence problem (6).

Sampling and composition. In each iteration of training, we
sample a batch of training instances to perform stochastic
gradient descent. Hence the differential privacy guarantee is
amplified according to [16]. Letting the total guarantee be
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(e,8) and sampling rate be ¢, the probability that each
instance is chosen is reduced by ¢ throughout the training
process, and hence the amplified privacy budget is (¢/q,8/q)
overall.

In the previous proof, we compose the privacy loss varia-
bles over iterations, which is different from the composition
that the moments accountant [5] has adopted. We take
advantage of the fact that the privacy loss variable is a
Gaussian random variable which is additive, to compose
differential privacy mechanisms over £ iterations.

4.4 Optimized Additive Noise Mechanism

Our mechanism can be considered as an instantiation of the
differentially-private SGD. Overall, to achieve (e, §)-differ-
ential privacy for k iterations of SGD, we split the privacy
budget to (e,,8,) and (€4, 8,) for w and g. In each iteration,
we sample a batch of data at each iteration with sampling
rate ¢, and the total privacy budget for releasing g is ampli-
fied as (¢;/q,84/q). To compute the noise parameters, we
first substitute w in Eqn. (6) with 1 to solve o to generate the
noise for w. Then we generate randomized noise for w
given ¢ and compute w. Note that ¢ only need to be com-
puted once but fresh randomized noise is required for dif-
ferent ws in each iteration. With w in Eqn. (6), we can
compute the optimized noise parameters for g and generate
the randomized noise in each iteration. The detail of the
proposed mechanism is shown in Algorithm 1.

Algorithm 1. Optimized Additive Noise Mechanism

Input: Training dataset (X,Y), total number of training exam-
ples n, cost function C(-), clipping value «, learning rate ',
total iterations k, privacy parameters (e, §)

Output:kth iteration parameters 6

: Split the privacy budget to (e, 8,,) and (¢4, 8,).

2: Compute o1, .. .0y by substituting w =1, a0, € = €,,,8 = 8,
to Eqn. (6).

—_

3: fort €{0,...,k—1} do
4: Computew’ =1. acg;(t,y)

5. Generate the randomized noise z = (z1, ..., 24) such that
z; ~ N(0,02,) and compute w' = w'/max(1, |[w!||/a) + z.
Randomly sample a batch B of training data (X, Yz) with
probability g.
7. for (z,y) € (Xg,Yp) do
8: Compute gl = VuC (6, 2,y).
9 Clipbya:g, = gl /max(1, gLl|/e0).
10:  end for
11:  Compute the average: gj; = 1/|B| >, 5 &.-
12:  Compute o1, ... 04 by substituting w, o, € = ¢,/q,8 = §,/q to
Eqn. (6).
13:  Generate the randomized noise z = (z1,. .., z4) such that
z ~ N(0,07) and add them to gi: gi, = gk + z.
14:  Update 6! = 6" — n'g,.
15: end for
16: Return 6"

.q\

In practice, we do not need to insert additive noise for
every batch, but only apply the mechanism for every lot. A
lot usually consists of multiple batches such that gradients
are released every lot. We only consider the composition of
the privacy mechanisms between different lots. We show
that
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Theorem 1. Algorithm 1 satisfies (e, 8)-differential privacy.

Proof. To prove that, we need to show the definition of dif-
ferential privacy holds true for any pair of adjacent
inputs. Let X and X' be any pair of training dataset with a
single entry difference, and w.l.o.g., we have X = X' U z.
One can easily derive from Lemma 1 that w satisfies
(€w, 8)-differential privacy. In each iteration of training,
the sampled batch on the two datasets B, B’ differ by x
with probability ¢. By the privacy amplification rule, the
privacy budget consumed is (e, 8,) in total for the release
of gl over k iterations. Hence Algorithm 1 satisfies
(€, 8)-differential privacy overall. O

Convergence. The convergence of Algorithm 1 is similar to
that of the moments accountant [5] or stochastic gradient
descent, since the noise added is of zero mean. We only
manipulate the standard deviation of the noise to be added.
Intuitively, the generated noise follows a distribution which
in expectation yields the least impact to the output whereas
satisfying differential privacy.

5 A GENERAL FORM AND A LOWER BOUND

In this section, we extend the optimized additive noise
problem (Eqn. (6)) to a more general form. The general
form extends the differential privacy concept to the well-
understood mutual information, which shares the same
spirit with [30], and provides insight to the utility-maxi-
mization framework in Sec. 4.2. In fact, the problem
interestingly links to the celebrated distortion-rate func-
tion in communications, where the minimum distortion
(maximum utility) can be derived under rate (privacy)
constraints.

5.1 Privacy as Mutual Information Constraints

We consider the privacy constraint from an information the-
oretic perspective. Assuming g and g are the gradients vec-
tor before and after perturbation, i.e., K(g) = g, we would
like to directly constrain how much information g reveals
about g.

Conventionally, mutual information I(Y; Z) represents the
reduction in the uncertainty of Y given the knowledge of Z,
and is defined as the relative entropy between the joint dis-
tribution p(y, z) and the product distribution p(y)p(z). Thus
I(g;g) is a measure of the information leakage of the real
gradients due to the release of g. To link to our setup, we
show that the differential privacy constraint on g implies
that mutual information I(g; g) is bounded, i.e.,

Theorem 2 (differential privacy = mutual informa-
tion bound). If mechanism K(g) is e-differentially private,
then I1(g; g) < e(e* —1)/2.

We first introduce several notions of divergence between
distributions and some properties.

Definition 2 (KL-Divergence). The KL-Divergence, or
relative entropy, between two random variables Y and Z is
defined as

PeY =)

D (Y| Z2) = EY~y[1nm
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where if the support of Y is not equal to the support of Z, then
Dy (Y| Z) is not defined.

Definition 3 (Max Divergence). The Max Divergence betw-
een two random variables Y and Z is defined as
Pr(Y € 0)
D (Y] 2) = ]

s PHPNZECD

ocSupp(y)

where if the support of Y is not equal to the support of Z, then
D (Y| Z) is not defined.

With the Max Divergence, we can rewrite the definition
of e-differential privacy as follows:

Definition 4. A mechanism M is e-differentially private if for
all adjacent inputs I and I', and all possible output O,

D (O|I[|OIT'), D (OIT'[|OII) < .

The relation between the Max Divergence and KL-Diver-
gence is proven by [31] such that:

Lemma 2 ([31], Lemma 3.8). For any two random variables Y’
and Z such that Dy (Y||Z), D (Z]|Y) < e,

DKL(YHZ) S 6(66 — 1)/2

Lemma 2 indicates that when the Max Divergence
between two distributions are bounded, the KL-Divergence
indicating the average distance between the two is also
bounded. Now we formally prove Theorem 2.

Proof (Theorem 2). We start by assuming K(g) satisfies
e-differential privacy. By Definition 4 and Lemma 2, the
KL-Divergence between the conditional probabilities
Pr(g|g) and Pr(g|g') is bounded. On the other hand, we
have

1(g:8) = 1(8:8) = Eg[Dxr(8lgll8)]-

The second equality is obtained from the relation
between mutual information and KL-Divergence. Next,
we bound Dy (g|gllg) for each instance g. For any g
such that ||g — g'|| < «, we have

g= Eg’ [g|gl]

Hence, for each g,

Dk (glgllg) = Dxi(glglEy (8lg])
< Eg[Drr(glslglg)]
<e(ef—1)/2.

The first inequality is due to Dy (+) is convex in the sec-
ond argument; and the second one follows from the KL-
Divergence between each pair of instances g|g and g|g’ is
bounded. Therefore, we prove that the average of the
above KL-Divergence over all instances of g is bounded,
thus we have
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I(g:8) < (" — 1)/2.

To summarize the proof, we have: e-differential privacy
implies KL-Divergence is bounded, and the latter implies
mutual information is bounded. 0

The conclusion is similar to Lemma 1 of [30] except that we
define the neighboring inputs based on their /,-norm distance
rather than the Hamming distance. The mathematical intuition
is the same: differential privacy is defined on ‘pairwise’
requirements on distinguishability which can be considered
as ‘worst-case’ privacy, but the mutual information measures
the ‘average’ amount of information about g in g, and thus
defines an ‘average-case’ privacy. Cuff ef al. prove the equiva-
lence between differential privacy and conditional mutual
information in [30]. However, they only show the case where
the inputs are from a finite set, and the conclusion cannot be
directly extended to continuous variables.

5.2 A General Form

Now we give a general form of the privacy-constrained cost
optimization by relaxing its differential privacy constraint
to the mutual information constraint: I(g;g) < R where
R£¢(ef —1)/2. Instead of searching the optimal probability
density function p(z) that minimizes the total projected ran-
dom noise, we assume the probability distribution of g —
Pr[g] is given and try to find the optimal posterior probabil-
ity distribution Pr[g|g] over which the weighted perturba-
tion is minimal. Note that this expression over g is more
general than the additive noise mechanism since we do not
impose on how g is obtained. Letting w be the impact of
each parameter on the cost, we express the objective func-
tion as the expectation over the distributions of g and g
such that:

5(D(s.8)] = |

g€Rd

/ Prlg) Prlglg] - [wo (& — &)|2dads.
geRrd

Thus the general form of the privacy-constrained cost opti-
mization turns out to be:

minimize E[D(g, §)] (14a)
Prig|g]
subject to  I(g;g) < R. (14b)

For known prior distribution of g, we seek the optimal
posterior probability distribution of Pr[g|g] that mini-
mizes the expected distortion while satisfying the mutual
information constraint. We interestingly found that the
problem has a form of the classic distortion-rate problem
if the privacy constraint is considered as the rate con-
straint. As a convention, we use D(R) to denote the distor-
tion rate function, which is the infimum of all distortions D
for a given rate R such that (R, D) is in the rate distortion
region

D(R) = mi E[D(g, 8)].

- n_
Priglgl:/(g:8)<R

The distortion rate function defines the boundary of the
rate distortion region, which contains all achievable rate dis-
tortion pairs. Our main result is a lower bound of the
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distortion rate function D(R) for the privacy constraint R
under the following assumptions: 1) each element in g is
independent of each other; 2) g; is only associated with g;,
and E[g;] = g;, Vi. Our formal statement is as follows:

Theorem 3 (Distortion Rate). Let h(g) denote the differential
entropy of g in nats. Then for any R, D(R) > D*(R) such that

B; = w?e9) [ (27e), (15a)
Diz{; ij;i;g,vmu,z...,d}, (15b)
R—h(g)—i:%(l—i—ln<22?i>), (15¢)
D*(R) = iDi (15d)

The boundary of the rate distortion region D(R) can be
equivalently expressed as the rate distortion function R(D).
For a given distortion D, the rate is:

RD)=  min  I(g§).
Prlglg]:E[D(g.g)l<D

An important property of R(D) is its convexity:

Lemma 3 ([32] Lemma 10.4.1.). The rate distortion function
R(D) is a non-increasing convex function of D.

Likewise, we can also prove D(R) to be a non-increasing
convex function of R. To prove Theorem 3, we first prove a
lower bound of the rate distortion function:

Lemma 4 (Rate Distortion). Let h(g) be the differential
entropy of g in nats. Then for any D, R(D) > R*(D) such that

B, = wie™ W/ (2me), (16a)
_[r ifA<B
Di_{ﬂi if)\Zﬂi’Vle{172""’d}7 (16b)
d
DZZDi’ (16¢)
i=1
g 1 21D,
R(D)—h(g);5(1+1 ( o >) (164

Proof. Let g = {¢1,...,94},& = {G1,-- -, ga} be random vari-
ables before and after distortion. The distortion vector is

z={z,...,24} of which each dimension is independent.
By definition,
1(g:8) = 1(z;8) = h(z) — h(zg) (17a)
d d
= h(z) = > h(zla, 200, 8) (17b)
=1 =1
d d
= hz) = h(=lg) (17¢)
=1 =1
d d
= Iz:3) = > 198, (17d)
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Fig. 2. Left: an illustrative example for the minimum distortion. Right:
Rate distortion region, rate distortion function and a lower bound R*.

where Vi = 1,...,d. We have for each 4,
1(9i: i) = h(9:) — h(zig:) (18a)
> h(gi) — h(z) (18b)
> h(g:) — h(N(0,E[])) (18¢)
:h(gi)—%(l +1n(27;12)i)). (18¢)

The inequalities of (18b) follow from the fact that con-
ditioning reduces entropy. Inequality (18¢c) is because the
normal distribution maximizes the entropy for a given
second moment (a given ly-norm distortion). We also
have E[D(g“gz)] = w?E[(gL — gt)2] éD“ which leads to
Eqn. (18e). Apparently, the equality of Eqn. (18b) cannot
be achieved, hence the rate R* cannot be within the
achievable (R, D) region.

Since I(g;;g;) > 0, the problem of finding the lower
bound of rate distortion function becomes the following
convex optimization problem:

R'(D) = Zn})iiriD idl max{h(gi) —% (1 +In (27;? )) : 0}.

3

By introducing Lagrange multipliers, we construct:

J(D) = 21: (h(gz) —%(lJrln (22?))) +A§;Di.

(19)

We use the KKT conditions to find the minimum in Eqn.
(19), that is:

aJ 11
aD; 2D,

where A should be chosen such that

8J :Oalf Dl < lgia

D, { <0,if D, > . 0
It is easy to verify that Eqn. (16d) satisfies Eqn. (20), and
the KKT conditions are satisfied by Eqn. (16). 0

Now we prove Theorem 3 with the help of Fig. 2.

Proof. (Theorem 3.) We prove it by three steps. First, as
R*(D) is another expression of D*(R), any (R*, D*) pair
on R*(D) must be on D*(R). And the opposite is true.
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Second, we show that any (R, D) pair on R(D) is also
on D(R) by contradiction. Let (R(D;), D;) be any point
on R(D). We assume D(R(D,)) # Dy. If D(R(Dy)) >
Dy, it does not agree with the definition of distortion rate
function, since there exists a point in (R, D) region with
smaller distortion when R = R(Ds). If D(R(D1)) < Dy,
by the complementary argument of Lemma 3, R(D;) >
D™Y(Dy) as D(R) is a non-increasing function of R. It
turns out R(D;) has to be larger than D~!(D;) since
R(Dy) # D™Y(D;) by our assumption. However,
R(D;) > DY(Dy) violates the definition of rate distor-
tion function since (D~!(D;), D;) is achievable. Hence
this assumption is wrong in the first place: for any D; on
R(D), D(R(D;)) = Dy. We can also prove any point on
D(R)is on R(D) as well.

By Lemma 4, we have R*(D) < R(D),¥D. Now we
prove D*(R) isno larger than D(R) for any R by contradic-
tion. Assume JIR* on R*(D) such that D*(R*) > D(R").
By the non-increasingness of R(D), R(D*(R*)) <
R(D(R*)) = R*. Since R* is the lower bound of R(-), it has
to be R(D*(R*)) = R*, which leads to D(R(D*(R"))) =
D(R*). Note that we also have D(R(D*(R*))) = D*(R")
since any (R, D) pair on R(D) is also on D(R). Hence we
have D*(R*) = D(R*) and arrive at a contradiction. The
theorem is therefore established.

Eqn. (15a) gives a lower bound to the expected distor-
tion in the distortion rate function D(R), which is also a
lower bound to the privacy-constrained cost optimiza-
tion problem. Proof completes. ]

Given the distribution of g and the privacy constraint R,
there are d + 1 unknown variables in Eqn. (15¢) and Eqn.
(15b). Hence we can decide the values for D, ..., D, from
which D*(R) can be determined. It is obvious that when the
privacy constraint is given, D*(R) gives a lower bound to
the minimum of the expected distortion E[D(g,g)]. Since
Eqn. (14b) is a necessary condition on e-differential privacy
according to Theorem 2, the mutual information bound is
more relaxed than the differential privacy constraint. Thus
D*(R) is also a lower bound to the expected distortion given
the differential privacy constraints.

The left subfigure of Fig. 2 shows an illustrative exam-
ple of the distortion results by Theorem 3. When the pri-
vacy is constrained by R, the minimum distortion is akin
to reverse water-filling, in that all distortions above a
constant A is expressed, and all that less than X adopts A
as the distortion. It means for independent Gaussian per-
turbations, there is a minimum perturbation threshold
for each g, to meet the mutual information privacy
constraint.

6 EVALUATION

Despite its theoretical guarantee, it remains a challenge to
solve Eqn. (6) due to the high-dimensional model param-
eters. In this section, we introduce our setup on three con-
ventional machine learning datasets and classic models.
Implementation details on the privacy mechanisms on
TensorFlow andPytorch are followed. Finally, we
compare the evaluation results of our design against the
state-of-the-art.
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TABLE 1
Experimental Setup

MNIST SVHN CIFAR-10
train/test instances 55000/5000 73257/26032 60000/10000
model LeNet AlexNet ResNet-18
pruning ratio 0 0.9 0.9
batch size 64 256 256
lot size 512 256 256
clip value 0.1 2.0 2.0
training epochs 60 30 100
6.1 Experimental Setup

The default experimental setting is given in Table 1. MNIST
is a standard image dataset for handwritten digit recogni-
tion, with each image containing 28 x 28 gray-level pixels.
LeNet is used as the base model and if trained without per-
turbation, the model reaches 98.32% testing accuracy.
SVHN is a real-world dataset which comes from house
numbers in Google Street View images. We adopt a modi-
fied AlexNet with kernel sizes of all convolutional layers set
to 3 and it reaches 93.01% testing accuracy when unper-
turbed. Each image in CIFAR-10 dataset follows 32 x 32 x 3
RGB format and is trained using ResNet-18. The unper-
turbed accuracy of CIFAR-10 reaches 91.43%. We perform
DPSGD from the start for all model parameters of MNIST.
While for SVHN and CIFAR-10, as we have found few
working DPSGD methods on large-scale models in the cur-
rent literature, we compromise by performing DPSGD on
compressed (pruned) gradients and update the model by
those gradients. In each iteration, we prune the gradients by
their magnitude and add differentially-private noise to the
left gradients. The pruned gradients are set to zeros. Models
are updated only by the non-zero gradients while the prun-
ing error is compensated according to Algorithm 2 of [33].
Pruning errors in each iteration are added back in the next
iteration to the gradients between line 8 and 9 of Algorithm
1. The pruning ratio defaults to 0.9. Note that different from
[5], we do not pre-train models and all models are trained
from scratch.

6.2 Implementation

We have implemented a general-purpose framework on
TensorFlow and Pytorch, and it supports conventional
and customized datasets with pluggable models and pro-
vides a convenient user interface. The privacy mecha-
nisms have been implemented as a noise generation
module in our framework. The module contains four
noise generators: 1) Gaussian: a Gaussian noise generator
following the implementation of moments accountant in
[5]; 2) AdaClip: a Gaussian noise generator with adaptive
gradient clipping schemes from [24]; 3) a version of our
optimized noise generator without assigning the privacy
budget in computing w but simply setting it to 1, denoted
as Ours (w = 1); 4) a full version of Algorithm 1, denoted
as Ours in the following. For the latter two noise genera-
tors, we built in the optimal solutions obtained by Eqn.
(11), (12) and (13). The noise generator is implemented as
a part of the computation graph using tensor operations
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TABLE 2
Average Batch Processing Time (s) on MNIST
Unperturbed  Gaussian Ours Ours(w=1) AdaClip
1.50 1.53 2.19 1.70 1.95

to take advantage of GPU batch processing. The Pytorch
version implements gradients pruning and error
feedback.

For fair comparison, we adopt the same training hyper-
parameters as in Table 1 across all experiments. For Gauss-
ian and AdaClip, moments accountant is used as the
composition method. For AdaClip, we pick the best y
according to the accuracy performance. On MNIST, y is set
to 0.01 meaning that 99% of all gradients are clipped.

To evaluate the additional computation overhead
incurred by the privacy mechanisms, we measured the
average batch processing time of each scheme by the Ten-
sorFlow implementation on RTX 3090. The results are
shown in Table 2, which suggest that the computation over-
head of Ours (w = 1) only increases mildly (11%) over the
Gaussian on MNIST, due to the additional distribution
parameter generation step, which shows the efficiency of
the closed-form solutions. The computation overhead of
Ours is comparatively higher since it requires to compute w
in each iteration. The batch processing time of AdaClip is
between Ours and Ours (w = 1).

6.3 Comparison
We compare our mechanisms with the unperturbed case
and state-of-the-art baselines in this section. The unper-
turbed accuracy represents the performance of the model
without privacy. The Gaussian method implements the
moments accountant method which tightly composes pri-
vacy budget over iterations, whereas AdaClip improves
over conventional differentially-private SGD by adap-
tively clipping gradients. We compare AdaClip with our
method on MNIST since it was previously conducted on
MNIST [24].

Accuracies versus Iterations. We first show the testing
accuracy per training iteration on the three datasets in
Figs. 3a, 3b, and 3c, where we pick three representative

Testing Accuracy v.s. Epochs
MNIST € =0.5,56 =105

Testing Accuracy v.s. Epochs
SVHNe=10,6=10°
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curves at different privacy levels. It can be observed for
the unperturbed case, accuracies ramp up quickly in the
first few epochs. From Fig. 3a, we can tell that our
method obtains the highest accuracy among all, with
highly stable performance, followed by Ours (w =1) and
Gaussian. AdaClip is weaker than Gaussian and is quite
unstable according to our observation. We think this may
be because varied clipping values at the lot aggregation
step leading to unpredictable gradient descent directions.
On SVHN (Fig. 3b) and CIFAR-10 (Fig. 3c), we observe
Ours (w =1) obtains the highest accuracies followed by
Ours. The moments accountant method is inferior in
accuracy, especially on large models like ResNet-18. As
the gradients are pruned on SVHN and CIFAR-10, it is
analyzed that each single gradient is more sensitive to the
noise and thus Ours performs worse since it inserts
higher noise than Ours (w =1). This also explains the
accuracy drop around Epoch 25 in Fig. 3b that the pertur-
bation effect takes over training. But still, the optimized
additive noise mechanism is better than the baseline.

Accuracies versus Privacy Parameters. One may argue that
it is not fair to argue the superiority of our algorithm’s per-
formance since the baselines may not converge at the same
number of training epochs. In fact, the increase of training
iterations has contradictory effects to accuracy: while it con-
tinues to improve training accuracy by minimizing the cost
function, the model also suffers from further perturbations
as additional noise is inserted. To eliminate the concern
about the stopping condition, we conduct experiments with
different budget schemes and privacy parameters where we
report the highest testing accuracies throughout training in
each setting.

We show the results in Figs. 4a, 4b, and 4c. First of all,
our method exceeds other baselines by a large margin in
the high privacy regime on MNIST: the gap between
Ours and Gaussian is up to 9% when ¢ = 0.2. On SVHN,
Ours (w =1) yields 92.47% accuracy when e = 5.0, fairly
close to the unperturbed case while the moments accoun-
tant reaches less than 40% accuracy at that privacy level,
showing the advantage of optimizing noise hyperpara-
meters. On CIFAR-10, our methods show a greater
improvement at the low privacy level (e.g., ¢ = 15.0), and
this may be because CIFAR-10 on ResNet is more compli-
cated to learn, and our method is less competitive when
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100 g i e e e . | | | ————
g0 | ST - N 80 | e T
S 80 S . S emmT R
X \.><60 \;\60 SR === Ours(1/4)
g 3 S B e Ours(w=1)
= = = A
= ——— U turbed =1 =4 Gaussian
E -5 === === == oo o:l;se(rl/l;)e E 40 —~- Ours(1/4) <3 40 —— Unperturbed
Ours(w=1) | [}/ e Ours(w=1)
—— Gaussian 20 Gaussian 20
40 AdaClip b Unperturbed
0 10 20 30 40 50 0 10 20 30 0 25 50 75 100
Epoch No. Epoch No. Epoch No.

(@)

(b)

©

Fig. 3. Testing accuracy versus training epochs on MNIST (a), SVHN (b), and CIFAR-10 (c). Our method obtains the best convergence and accuracy

performance among all. Ours (1/4) represents our method in which ¢,, = ie.
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Fig. 4. Testing accuracy versus privacy parameters on MNIST (a), SVHN (b), and CIFAR-10 (c). § = 10~° in all cases. On MNIST, the comparison with
baselines show our method surpasses others across a variety of privacy settings. On SVHN and CIFAR-10, results under different privacy budget

schemes are displayed, e.g., Ours (1/3) denotes the scheme in which ¢,

vacy budget schemes.
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Testing Accuracy v.s. Lot Sizes

(MNIST) SVHN)
95
80
— = . o —
g 94 o <
> -
60
51 2
2 92 | — i g T O 2 m
& —&= Ours(w=1) —®= Ours(w=1)
91 J/ = Ours(1/32) = Ours(1/4)
/ Gaussian Gaussian
90 ¢ 20 u
200 400 600 800 1000 200 400 600
Lot Sizes Lot Sizes
(a) (b)

= Le. Our methods yields higher accuracy than the Gaussian under all pri-

Testing Accuracy v.s. Lot Sizes Testing Accuracy v.s. Prune Ratio

(CIFAR-10) (CIFAR-10)
e e - e [P PR - — - .
80 «~ SRy
S 80
S L} — ~e- Ours(w=1)
= 60 oy = = Ours(1/8)
< X =4 Gaussian
g £ 60
540 o 5
g w " 3 o
< <
20 ~*- Oursw=1)
= Ours(1/8) 40w Meesesenne, -
Gaussian
0 200 400 600 0.6 0.7 0.8 0.9 1.0
Lot Sizes Prune Ratios
(© (d)

Fig. 5. (a)(b)(c) Testing accuracy versus lot sizes on MNIST, SVHN and CIFAR-10. We set (e = 1.0,8 = 107°) on MNIST, (e = 10.0,8 = 10~°) on
SVHN, and (e = 5.0,8 = 10~°) on CIFAR-10. (d) Testing accuracy versus pruning ratios on CIFAR-10 (¢ = 5.0,8 = 107°).

the privacy level is high. For all mechanisms, the accuracy
enhances with a growing ¢, showing the tradeoff between
privacy and utility. We also found that the privacy bud-
get assignment only mildly affects the accuracy perfor-
mance. In general, when we assign a slightly larger
budget to ¢,, the accuracy is higher. The results verify
that our optimized additive noise mechanisms are effec-
tive in both low and high privacy regimes.

6.4 Sensitivity to Hyperparameters

Privacy and accuracy cannot be discussed without mention-
ing the hyperparameters and the specific neural network
structures. We show that our optimized mechanism is
robust in most cases. We mainly consider the following
hyperparameters: lot sizes, gradients pruning ratios, and I,
clipping values. We reuse the previous setting except that
the batch size is set to 128 on SVHN and CIFAR-10 for the
lot size experiments.

By Figs. 5a, 5b, and 5c, we find that the accuracy per-
formance in general decays with the lot size. In particular,
the accuracies drop to around 20% on SVHN at lot size
512 for both Ours and the moment accountant method
but surge up at a larger lot size. As we analyze, growing
lot sizes have contradictory impact to the accuracy: both
the inserted noise magnitude and the total training itera-
tions reduce. Hence it is possible to yield deteriorated
performance when an inappropriate lot size is chosen.
Pruning ratios should also be taken into consideration in

the design. In Fig. 5d, it is observed that when the prun-
ing ratio is extremely high (over 0.9), training does not
converge in Ours. But even at a high pruning ratio (e.g.,
0.99), the training performance of Ours (w =1) and the
moment accountant method is not much different from
any lower pruning ratio. This may due to inaccurate
approximation of the impact of each parameter. The sen-
sitive ranges of clipping values vary across different data-
sets. For example, on MNIST (Fig. 6a), the performance is
robust to clipping value variation in the range of 0.01 to
0.1 while degrades significantly with a larger clipping
value. On SVHN (Fig. 6b), our methods are not sensitive
to the change of clipping values in the entire range from
0.5 to 6.0, while the moments accountant decays over
larger clipping values.

Testing Accuracy v.s. Clipping Values
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Fig. 6. Testing accuracy versus clipping values on MNIST (¢ =0.3,8 =
107%) and SVHN (e = 10.0,8 = 107°).
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CONCLUSION

In this work, we seek an optimized differential privacy
mechanism for deep learning with stochastic gradient
descent. The problem is formulated as a constrained opti-
mization which minimizes the loss over a set of differen-
tial privacy constraints. The high dimensionality of the
problem is a major obstacle, so we tackle it from both a
theoretical and an engineering perspective. Further, a
general form of the problem is introduced, which has a
theoretical solution rooted in the distortion-rate problem.
Evaluations on a variety of datasets and settings have
demonstrated that our proposed privacy mechanism
improves the model accuracy at all privacy levels under
proper choice of hyperparameters.
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