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Abstract—Bayesian learning via Stochastic Gradient Langevin
Dynamics (SGLD) has been suggested for differentially private
learning. While previous research provides differential privacy
bounds for SGLD at the initial steps of the algorithm or when
close to convergence, the question of what differential privacy
guarantees can be made in between remains unanswered. This
interim region is of great importance, especially for Bayesian
neural networks, as it is hard to guarantee convergence to
the posterior. This paper shows that using SGLD might result
in unbounded privacy loss for this interim region, even when
sampling from the posterior is as differentially private as desired.

Index Terms—Differential Privacy, Stochastic Gradient
Langevin Dynamics, Bayesian Inference, Deep Learning

I. INTRODUCTION

Machine learning models, specifically deep neural net-
works, achieve state-of-the-art results in various fields such
as computer vision, natural language processing, and signal
processing (e.g., [1]-[3]). Training these models requires data,
which in some domains, e.g., healthcare and finance, can
include sensitive information that should not be made public.
Unfortunately, information from the training data can, in
some cases, be extracted from the trained model [4], [5].
One common approach to handle this issue is Differential
Privacy (DP). DP framework ensures that the distribution of
the training output would remain approximately the same
when we switch one of the training examples, thus ensuring
we cannot extract information specific to a unique individual.

As privacy is usually obtained by adding random noise, it
is natural to investigate whether Bayesian inference, which
uses a distribution over models, can yield private predictions.
Previous works have shown that sampling from the posterior
is differentially private under certain mild conditions [6]-
[8]. The main disadvantage of this method is that sampling
from the posterior can be challenging. The posterior generally
does not have a closed-form solution, so iterative methods
such as Markov Chain Monte Carlo (MCMC), whose sample
distribution converges to the posterior, are commonly used.
While theoretical bounds on the convergence of MCMC meth-
ods for non-convex problems exist [9], they usually require
an infeasible number of steps to guarantee convergence in
practice.

Stochastic Gradient Langevin Dynamics (SGLD) [10] is a
popular MCMC algorithm, as it avoids the accept-reject step.
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There are good reasons to believe that this specific sampling
algorithm can provide private predictions. First, SGLD returns
an approximate sample from the posterior, which can be
private. Second, the SGLD process of stochastic gradient
descent with Gaussian noise mirrors the common Gaussian
mechanism in DP.

Previous work [6] gives two separate privacy analyses
related to SGLD: The first is based on the Gaussian mechanism
and the Advanced Composition theorem [11]. Therefore, it
only applies to a limited number of steps and is not connected
to Bayesian sampling.

The second is for approximate sampling from the Bayesian
posterior, which is only relevant when SGLD nearly converges.
Neither of these results is suitable for deep learning and many
other problems: one would limit the model’s accuracy, and the
other is unattainable in a reasonable time. Consequently, the
privacy properties of SGLD in the interim region (between
these two private sections) remain unknown even though they
are of great interest.

Our Contributions:

e« We provide a rigorous analysis of a counter-example
based on a Bayesian linear regression problem, showing
that approximate sampling using SGLD might result in
unbounded loss of privacy in the interim region, even if
sampling from the posterior is as private as desired.

o We further empirically show that SGLD can result in
nonprivate models.

These results imply that special care should be given when
using SGLD for private predictions, especially for problems
for which it is infeasible to guarantee convergence.

II. RELATED WORK

Several previous works investigate the connection between
Bayesian inference and differential privacy [6]-[8], [12]-[15].
None of these papers guarantees SGLD differential privacy in
the interim region. However, the closest work to ours is [6],
which specifically investigates stochastic MCMC algorithms
such as SGLD. As mentioned, its analysis only covers the
initial phase and when approximate convergence is achieved.

In [16], the authors study the privacy guarantees of the noisy
projected gradient descent algorithm. They consider a smooth
and strongly convex loss function on a closed convex set with
a finite gradient sensitivity and show an upper bound over



the privacy loss, which converges exponentially fast in these
settings. They also prove a lower bound on the Rényi-DP,
which converges exponentially fast for smooth loss function
on an unconstrained convex set with a finite total gradient
sensitivity.

Several concurrent works study the DP guarantees of noisy
stochastic gradient descent [17] or projected noisy stochastic
gradient descent [18], [19] and show an upper bound over the
privacy, which plateaus after a certain number of iterations.
In [17], the authors show an upper bound over the DP for
a strongly convex, smooth loss function with a gradient that
has bounded /5-sensitivity. In [18], the authors study the
DP guarantees under assumptions of convex, Lipschitz, and
smooth loss function on a convex set with a bounded diameter.
They also show the existence of a family of loss functions for
which the bound is tight up to a constant factor. In [19], the
authors study the DP guarantees under assumptions of convex,
Lipschitz, and smooth loss function on a closed convex set.

When training machine learning models in a differentially
private way via Stochastic Gradient Descent, a common prac-
tice is to apply the Gaussian Mechanism by clipping the
gradients of the loss with respect to the weights and adding a
matching noise (see [20], for example). SGLD learning step
resembles the resulting learning step but does not include gra-
dients clipping. Reference [15] suggests incorporating gradient
clipping in the SGLD step. However, clipping the gradients
changes the algorithm properties, and it is not obvious if it
converges to the posterior. As such, we do not consider it
SGLD. Reference [6] circumvents this issue by assuming the
log-likelihood of the model is Lipschitz continuous.

Another related work on the privacy of SGLD is [21],
although they investigate a weaker type of privacy called
membership privacy.

As many of the Bayesian methods’ privacy bounds require
sampling from the posterior, if SGLD is to be used, it requires
non-asymptotic convergence bounds. Reference [22] provides
non-asymptotic bounds on the approximation error for a
smooth and log-concave target distribution by Langevin Monte
Carlo. Reference [23] studies the non-asymptotic bounds on
the error of approximating a target density p* where log p* is
smooth and strongly convex.

For the non-convex setting, [24] shows non-asymptotic
bounds on the 2-Wasserstein distance between SGLD and
the invariant distribution solving It6 stochastic differential
equation. However, the 2-Wasserstein metric is ill-suited for
differential privacy - it is easy to create two distributions with
2-Wasserstein distance as small as desired but with disjoint
support.

Total Variation (for details about Total Variation, see [25]) is
a more suitable distance for working with differential privacy.
Reference [9] examines a target distribution p*, which is
strongly log-concave outside of a region of radius R, and
where —Inp* is L-Lipschitz. They provided a bound on
the number of steps needed for the Total Variation distance
between the distribution at the final step and p* to be smaller

than e. This bound is proportional to O(e?>5° 4, where d is

the model dimension. This result suggests that it is impractical
to run SGLD until convergence is guaranteed in the non-
convex setting.

A conclusion from this work is that basing the differential
privacy of SGLD on the proximity to the posterior is imprac-
tical for non-convex settings.

III. BACKGROUND
A. Differential Privacy

Differential Privacy [11], [26]-[28] is a definition and a
framework that enables performing data analysis on a dataset
while reducing one’s risk posed by disclosing its personal
data to the dataset. In a nutshell, an algorithm is differentially
private if it does not change its output distribution by much
due to a single record change in its dataset. Approximate
Differential Privacy, Definition III.1, is an extension of pure
Differential Privacy, where pure differential privacy is Approx-
imate Differential Privacy with § = 0.

Definition III.1. Approximate Differential Privacy: A ran-
domized algorithm f : D — Range(f) is (e,0)-differentially
private if VS C Range(f) and VD, D € D : d(D,D) < 1 eq.
1 holds, where d is the distance between D and D. D, D are
called neighboring datasets, and while the metric can change
per application, Hamming distance is typically used.

p(f(D) € S) < exp(e)p(f(D) € S) + (1)

Rényi Divergence [29], which generalizes the Kullback-
Leibler divergence, is defined as follows:

Definition IIL.2. Rényi Divergence: For two probability dis-
tributions Z and @, the Réyni divergence of order v > 1 is

oiava® Lo (8]

Reference [30] suggested a relaxation of differential privacy
based on the Rényi divergence, termed Rényi Differential
Privacy:

Definition IIL3. (v,¢)-RDP: A randomized algorithm [ :
D — Range(f) is said to have e-Rényi differential privacy
of order v, or (v,€)-RDP in short, if for any neighbouring
datasets D, DeD eq. 2 holds, where D,, is Rényi divergence
of order v.

D, (F(D)IIf(D)) < e @

In this paper, we utilize the fact that RDP has a closed-form
solution when both f(D) and f(D) are Normal distributions
(see [31] and the proof of Lemma A.l in the appendix for
details).

By Proposition II1.4, RDP guarantees can be translated into
approximate differential privacy guarantees.

Proposition IIL.4. From RDP to (¢,0)-DP [30]: If fis (v, €)-
RDP, it also satisfies (e + 15%, 0)-differential privacy for any
0<d<l



B. Stochastic Gradient Langevin Dynamics

Stochastic Gradient Langevin Dynamics (SGLD) is an
MCMC method commonly used for Bayesian Inference [10].
Given a Bayesian model parameterized by 6, a dataset D =
{zi,y:}7—,, a prior distribution p(@), the likelihood function
p(y:|0, z;), and a batch size b, SGLD can be used for approx-
imate sampling from the posterior p(6|D). The update step of
SGLD is shown in eq. 3, where 6; is the parameter vector at
step j, and 7); is the step size at step j. SGLD can be seen
as a Stochastic Gradient Descent with Gaussian noise, where
the variance of the noise is calibrated to the step size.

Ojt1=10;
;i n
+ 5] (Vej Inp(0;) + 3 Z Vo, Inp(y;, 9,7'79%)) “

i=1
+ Vi
i; ~uniform{l,..,n}

& NN(O,l)

A common practice in deep learning is to use cyclic Stochastic
Gradient Descent. This modification to SGD first randomly
shuffles the dataset samples and then cyclically uses the sam-
ples in this order. For optimization, there is empirical evidence
that it works as well or better than SGD with reshuffling, and it
was conjectured that it converges at a faster rate [32]. Cyclic-
SGLD! is the analog of cyclic-SGD for SGLD, where the
difference is the use of the SGLD step instead of the SGD
step. For simplicity, we will consider cyclic-SGLD in this
work. While this assumption simplifies the proof, we expect
the general behavior to be equivalent.

IV. THEORETICAL RESULTS

Our goal is to prove that even when sampling from the
posterior is as private as desired, approximate sampling using
SGLD can be as nonprivate as desired in the interim region.
This requires analysing the distribution of SGLD in the interim
region, which is hard in the general case. To circumvent this
difficulty, we investigate the Bayesian linear regression prob-
lem, where the distributions are a mixture of Gaussians and
thus have closed-form expressions. Our result is summarized
in Theorem IV.1.

Theorem IV.1. V 0 < 6 < 0.5 and Ve, € > 0, there exists a
number T, a domain, and a Bayesian inference problem for
which a single sample from the posterior distribution is (e, J)
differentially private. However, performing approximate sam-
pling by running SGLD for T steps is not (€', ) differentially
private.

The Bayesian inference problem, mentioned in Theorem
IV.1, refers to sampling from the posterior for a dataset and
a model defined by likelihood and prior distributions. The
specific model and dataset we will analyse in our work are
defined in eq. 4 and eq. 5, respectively.

ICyclic SGLD, which cycles through examples, should be distinguished
from ¢SGLD [33], which uses a cyclic step size schedule.

An example of the behavior described by the theorem is
depicted in Fig. 1. In this case, given the model defined in eq.
4 and the domain defined in eq. 5, a single sample from the
posterior is (¢ = 0.5,6 = 0.001) DP; however, approximate
sampling from the posterior by running SGLD for 48 epochs
(T = 48- dataset size) is not (¢/ = 38,5 = 0.001) DP (further
details for the figure are provided below).

As Theorem IV.1 allows € to be as big as desired and ¢ to
be as small as desired, a corollary of Theorem IV.1 is that we
could always find a problem for which the posterior is (e, d)
differentially private, but there will be a step in which SGLD
will result in an unbounded loss of privacy. Therefore, SGLD
alone can not provide any privacy guarantees in the interim
region, even if the posterior is private.

Theorem IV.1 is presented and proved for a fixed and equal
0 for both the posterior and the SGLD privacy analysis. This
is done for simplicity; however, the proof could be augmented
to prove a lower bound on SGLD privacy for all € > 0 and
0 < ¢ < 0.25 (i.e., approximately sampling via SGLD is not
(¢/,6")-DP for all ¢ > 0 and 0 < §' < 0.25).

To prove our theorem, we consider a Bayesian regression
problem for a 1D linear model with Gaussian noise, as defined
in eq. 4.

y=0x+¢&

£~ N(©0,871)

0~ N(©O0,a ")
p(y‘x,a) NN(Qxﬂﬁ_l)

We assume our input domain is

“4)

,D(naf}/laxluzlﬂc) = {(xlayl)H% - Cl < n'Yl;
i

Ti,Yi, C; V1 € R>O;
n
nelso;z <w <apy,_,  (5)

, Where x%ﬂ > 3 and 71 < % The constants n,c, x;, Tp,

and ~; are parameters of the problem (c,z;, x;, and v, are
used, together with the dataset size - n, to bound the dataset
samples to a chosen region). For every €, €, and J, we
will show the existence of parameters n,c,x;, xp,y1 values
that have the privacy properties required to prove Theorem
IV.1. The restrictions on the dataset simplify the proof but
are a bit unnatural as it assumes we approximately know c,
the parameter we are trying to estimate. Later we show in
subsection IV-C that they can be replaced with a Propose-
Test-Release phase.

For simplicity, we will address the problem of sampling
(or approximately sampling via SGLD) from the posterior
for the model described in eq. 4 and a dataset from domain
D(n,y1,xn, x1, ¢) as a Bayesian linear regression problem on
domain D(n,~1,xp,x;,c). This problem has a closed-form
solution for both the posterior distribution and the distribution
at each SGLD step, thus enabling us to get tight bounds on
the differential privacy in each case.

In essence, our proof shows that for a big enough n,
sampling from the posterior is (¢, d) differentially private, with
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Fig. 1. A lower bound over the DP of SGLD for the model defined in eq.
4 and a dataset from domain D(n,~1,xp,z;,c) (defined in eq. 5), given
that § = 0.001. The domain parameters values are n = 17864389, a =
2,86 =1,v1 = 0.1,zp, = 1.8,2; = 0.9, which ensure (0.5,0.001)-DP
when sampling from the posterior.

€~ (’)(02) However, for the same problem instance, there
exists an SGLD step in which releasmg a sample will not
be (¢’,0) differentially private for ¢ = Q(%; ) Therefore, for
problem instances where ¢ ~ O(n2/€) and n is big enough,
sampling from the posterior will be (e, §) differentially private,
while there will be an SGLD step in which releasing a sample
will not be (¢/,0) differentially private for ¢ = Q(ne). We
note that the bounds dependend on &, but since we are using
a fixed and equal 6 for both the posterior and SGLD privacy
analysis, we omit it from the bounds for simplicity.

Fig. 1 depicts a lower bound over the DP of SGLD
for the Bayesian Linear Regression Problem on domain
D(n,v1,Th,x;,¢). The values of n,vyi,zp,x;,¢ ensure
(0.5,0.001)-DP when sampling from the posterior. However,
we can see that sampling via SGLD in the interim region
causes a significant privacy breach (sampling via SGLD at
epoch 48 is not (38,0.001)-DP). For the derivation of the
lower bound in Fig. 1, see subsection A-E in the appendix.

A. Posterior Sampling Privacy

To prove Theorem IV.1, we need to show that sampling
from the posterior is private, while there is an SGLD sample
that is not private at some intermediate step. In this section,
we prove the first part - that a single sample from the pos-
terior for the Bayesian linear regression problem on domain
D(n,v1, Th, x1, c) is differentially private.

We begin by using a well-known result for the closed-
form solution of the posterior distribution for a Bayesian
linear regression problem (see [34] for further details). By
incorporating the parameters of our problem in this result, we
get Lemma IV.2.

Lemma IV.2. The posterior distribution for the model defined

in eq. 4 on dataset D = {(y;, x;)}, is

p(8|D) = N(0; pu, 0°);
Zzl 1xzy1ﬂ o2 = 1 (6)
P ar T, a2 T avyr, a8

As the posterior distribution is a Normal distribution, the
Rényi divergence between every two posterior distributions
has a closed-form solution. For two neighbouring datasets,
D,D e D(n,v1,xn, x1, c), and matching posterior distribu-

tions p(0|D) = N(6; i1, 02), p(8| D) = N'(0; i, %), the Rényi
divergence of order v is
D, (p(61D) p(61D)) =1 + Lo ym 2
PO e T (02);
1 _ M2
4 lvle— i) ,
2 (02):

By bounding D,,(p(#|D)||p(0]| D)) for every two neighbour-
ing datasets, one can prove RDP. The first and second terms of
D, (p(8|D)||p(8] D)) can be bounded by O(L) using Taylor
Theorem and the fact that the natural logarithm is monotoni-
cally increasing. By using direct computation, the third term
can be bounded by O( =257 ) +O(£H41)+O( (ctn? 1°). This
gives way to Lemma IV.3. For the full proof, see subsection
A-B in the appendix.

Lemma IV.3. For the Bayesian linear regression problem
on domain D(n,v1,xp,x,¢), such that n > max{l +

2
10?21 5.1+ 2} one sample from the posterior is (v,€1)-
Renyl dlﬁ‘erentlally private, and € is

1 1 c+nm
a=0(5)+0 () +o ()

10 ((””%)2) .

n3

(7

We can show that for ¢ >> n!*71, each of the terms in the
right hand side of eq. 7 is bounded by 0(2—23) The first term is
trivially bounded by (9( ). For the second term, noticing that
n?n-t = 2(:;71) < £, we get that it is bounded by O(%5 2).
As ¢ >> n", the third term is bounded by (’)(le ), and
C”:;WI n3’ the term is bounded by (9( )
Lastly, since ¢ >> n" the last term is bounded by O( 5 )

Translating the Rényi differential privacy guarantees of
Lemma IV.3 into approximate differential privacy terms can
be done according to Lemma II1.4, which gives Lemma IV.4.

Y1
since <5~ =
n

Lemma IV4. With the conditi(lms of Lemma IV.3, one sample
In(3)

v—1"
< £

from the posterior is (€1 + 0) differentially private.

(%) 5 and then choosing n
we get that the posterior is (e, )

By choosing v such that
big enough such that ¢; < §
differentially private.



B. Stochastic Gradient Langevin Dynamics Privacy

To complete the proof of Theorem IV.1, we need to show
that given a Bayesian linear regression problem on domain
D(n,y1,xn,x;,c), even if one sample from the posterior
is (¢,0) differentially private, it does not guarantee SGLD
is private in the interim region. In order to do so, this
section will first consider the loss of privacy when using
SGLD for the Bayesian linear regression problem on domain
D(n,~1,xn, xi, ¢) and then, together with the results of section
IV-A, will prove Theorem IV.1.

In order to show that SGLD is not differentially private
after initial steps and before convergence, it is enough to find
two neighbouring datasets for which the loss in privacy is
as big as desired after a certain number of steps. We define
neighbouring datasets Dy, Dy € D(n,v1,Zn, 21, ¢) in eq. 8
and consider the Bayesian linear regression problem on D1

and D, with a learning rate: n = (atnaZp)?"

Dy = {(zi, yi) :
Dy = {(Ilayi) Li = Th,Yi = C- xh}

Ti = Th,Yi =C-Thliy (8

T
DU e )
A closed-form solution for the distribution at each step en-
ables us to get a tight lower bound over the differential privacy
loss when approximately sampling via SGLD at each step. For
dataset D, the solution is a Normal distribution. For dataset
D,, different shuffling of samples produces different Gaussian
distributions, therefore giving a mixture of Gaussians.

We look at cyclic-SGLD with a batch size of 1 and mark
by Gj,éj the samples on the j’th SGLD step when using
datasets D; and Dy accordingly. Since D; samples are all
equal, the update step of the cyclic-SGLD is the same for
every step (with different noise generated for each step). This
update-step contains only multiplication by a scalar, addition
of a scalar, and addition of Gaussian noise, therefore, together
with a conjugate prior results in Normal distribution for 0;:
N(0j; pj, 03), where puj,0; € R.

For D, there is only one sample different from the rest.
We mark by r the index in which this sample is used in
the cyclic-SGLD and call this order r-order. Note that there
are only n (n is the dataset size, defined in eq. 5) different
values for r and, as such, effectively only n different samples
orders. Since every order of samples is chosen with the same
probability, 7 is distributed uniformly in {1,..,n}. We mark
by é; the sample on the j’th SGLD step when using r-
order. Since, for a given order, é; is formed by a series of
multiplications by a scalar, addition of scalar, and addition of
Gaussian noise, and since the prior is also Gaussian, then ér is
distributed Normally, N’ (HT, u],( 7)?), where i, o7 €R. As
r is distributed uniformly, 0 d1str1but10n mass is dlstrlbuted
evenly between all é;, resulting in a mixture of Gaussians.

Intuitively what will happen is that each Gaussian compo-
nent, éj as well as ¢;, will move towards a similar Gaussian
posterior. However, at each epoch, éj will drag a bit behind
because a single gradient in one of the batches will be smaller.

While this gap can be quite small, for large n, the Gaussians
are very peaked with very small standard deviations; thus, they
are separate enough that we can easily distinguish between the
two distributions.

According to the approximate differential privacy definition
(Definition III.1), it is enough to find one set, .S, such that
p(0; € S) > e“p(h; € S) + 4, to prove that releasing 6; is not
(€, 0) private. We choose S = {s|s > 1} at some step j that
we will define later on.

To show that p(f; € S) > e“p(f; € S)+d, we first note that
as the Gaussian #; is symmetric, it is clear that p(6; > u;) =
1/2. Now we turn our focus to upper bounding p(éj > 1)
This can be done using Chernoff bound, as stated in Lemma
IVS.

_am)2
Lemma IV.5. M)

(0 > ) <4 n 27 1 exp(— 2(67)°

To bound p(9 > u]) using Lemma IV.5, we first need

J

to lower bound % for a certain step. This is done in
Lemma IV.6.

Lemma IV.6. dk € Z-( such that

(N(kﬁ»l)n_ﬂ&prl)nf _

(&Z‘k+1)n)2

Q(;—Z), for big enough n.

To prove Lemma IV.6, we first find closed-form solutions
for égk 1) O(k+1)n distributions (Lemma A.2). Using the
closed-form solutions, we find a lower bound over (f4(j41)n —
iy +1)n)2 as a function of k, which applies for all & (Lemma
A.4). To upper bound (67 Ok +1)n)2, we find an approximation
to the epoch in which the data and prior effect on the variance
is approximately equal, marked k. We choose ([k] 4 1)n as
the step in which we will consider the privacy loss and show
that (67 T4ty )2 is upper bounded at this step (Lemma A.6).
Using tLe lower bound on the difference in means and the
upper bound on the variance, Lemma IV.6 is proved.

By using the lower bound from Lemma IV.6 in Lemma IV.5,
we get Lemma IV.7.

Lemma IV.7. For the Bayesian linear regression problem
over dataset D1 and n big enough, 3T € Z~o such that
approximate sampling by running SGLD for T steps will not
be (¢,0) private for € = Q(%)’ 0 < 0.5.

From Lemma IV.4, we see that sampling from the posterior
is (e, 0) differentially private for e = (9(%) From Lemma
IV.7, we see that for SGLD, there exists a step in which
releasing a sample will not be (¢/,d) differentially private
for ¢ = Q(%) Therefore, for problem instances where
¢ = O(n2/e), sampling from the posterior will be (e, d)
differentially private. However, there will be an SGLD step
in which releasing a sample will not be (¢, ) differentially
private for € = €2(ne). Since we can choose n to be big as
desired, we can make the lower bound over € as big as we
desire it to be. This completes the proof of Theorem IV.1.

C. Propose Test Sample

Our analysis of the posterior and SGLD is done on a
restricted domain - D(n, 1, Zn, x1, ¢). These restrictions over



the dataset simplify the proof but are a bit unnatural as they
assume we approximately know c, the parameter we are trying
to estimate. This section shows that these restrictions could be
replaced with a Propose-Test-Release phase [35] and common
practices in data science.

When training a statistical model, it is common to first
preprocess the data by restricting it to a bounded region
and removing outliers. After the data is cleaned, the training
process is performed. This is especially important in DP, as
outliers can significantly increase the algorithm’s sensitivity to
a single data point and thus hamper privacy.

Informally, Algorithm 1 starts by clipping the input to
the accepted range. It then estimates a weighted average of
the ratio % (line 16) and throws away outliers that deviate
too much from it. The actual implementation of this notion
is a bit more complicated because of the requirement to
do so privately. Once the dataset is cleaned, Algorithm 1
privately verifies that the number of samples is big enough, so
the sensitivity of p(6|WW) (where W is the cleaned dataset)
to a single change in the dataset will be small, therefore
making sampling from p(8|W) (e, d) differentially private.
This method is regarded as Propose-Test-Release, where we
first propose a bound over the sensitivity, then test if the dataset
holds this bound, and finally release the result if so.

In eq. 33 in the appendix, we define n,,;, as the minimum
size of W for which the algorithm will sample from p(8|WW)
with high probability. We will show later on that this limit
ensures that sampling from p(0|W) is (e,0) differentially
private.

We define p(0|W) as the posterior of the 1D linear regres-
sion model defined in eq. 4 over dataset W. From Lemma
IV.2, it follows that p(8|W) has the form of

pOIW) = N (0; p, 0?);

Z(ﬂﬂnyi)ew xiyi . _
O+ 3 yyew T8 7 Ty D gyew T8
Claim IV.8. Algorithm 1 is (5¢,20) differentially private.

9 1

M:

By Claim C.12, lines 8-18 are (3¢, d) differentially private.
By Corollary C.17, lines 19-25 are (2¢, ¢) differentially private
given m and ns. Therefore by the sequential composition
theorem, the composition is (5¢, 20) differentially private. The
claim is proved by noticing that if lines §-25 are private with
respect to the updated dataset (after line 7), then they are also
private for the original dataset.

Claim IV.9. When replacing line 25 with approximate sam-
pling via SGLD with step size n = W, there exists
T(n1) : Zso — Z~q such that the updated algorithm is not
(¢,8) differentially private Ve € R0, < & if ran for T(ny)
steps.

Proof sketch (See appendix for full proof). We analyze a
run of Algorithm 1 on the neighbouring datasets, D3 and D,
defined in eq. 9. First, note that when choosing 1 + ps > p1,
the sensitivity of m grows slower than the bound over the
distance 2= — | in n; for both of the datasets. Therefore,

Algorithm 1 Propose Test Sample

1: Input: D = {z;,y;: }:2,

2: Parameters: ¢,0 < 0.5,z; > 0,25, > x,a > 0,8 >
%7/)1 € (17 %)apZ € (Oﬂ %)a’h € (PQ, %)777'1 € Z>0

3: fori=1,2,...,N do

4 x; + max{x;, x}

50 x; + min{x;, zp}

6: y; < max{y;,0}

7: end for

8: Iy < sample from Laplace(0, 1)

9: Mg < N1 — %10g%6+11

10: Vo= {aj, yi| & < nf'}

11: I < sample from Laplace(0, 1)

12: ng < |V]| — Llog 55 + I

13: if ny <1 then

14:  return null

15: end if

(@i.)€v i 5 o 4
17: I3 + sample from Laplace(0, 11" %)
18: M m+ I3 L
190 W= {(@i, yi) + |2 —m| <nj?}

20: l4 < sample from Laplace(0, 1)

21: nw <+ [W| = Llog(55) + I

22: if ny < Nypin then

23:  return null

24: end if

25: return sample from p(6|W)

with high probability, for n; big enough, W will contain all
the samples that meet the condition - = m. Consequently,
with high probability, the algorithm will reach line 25, which,
from our previous analysis over SGLD (see subsection IV-B)
will cause an unbounded loss of privacy.

p1>p3>1
D3 = {(-/Ez’yl) Xy = xl_“yz — n[175 A xh}zil
met ()

Dy = {(xz,yz) Lxp =,y =nh? -xh}izl

U{(G )

V. EMPIRICAL EVIDENCE

We augment our theoretical analysis with an empirical study
on privacy loss when training a deep neural network via
SGLD. This study strengthens our claim that one should use
SGLD with great care for private learning.

To empirically estimate SGLD’s privacy, we attack it using
a version of the adversary instantiation method described in
[36], with some modifications to the method’s details. In broad
strokes, we train with SGLD a set of models on each of two
neighbouring datasets, D and D’. Then we try to predict for
each model on which dataset it was trained. If the algorithm
is DP, it will be hard to distinguish which dataset was used
to train the model, and the accuracy will be low. Concretely,
by analyzing the prediction’s false positive and false negative



rates, we can deduce a lower bound over the training DP
parameters - (€, ).

To create the neighboring dataset D’, we replace one of
the samples from D with a novel data point - (z*,y*). To
show SGLD is not private, we need a sample, (z*,y*), such
that the models that were not trained on it will misclassify it,
but models trained on it will classify it correctly after a small
number of epochs.

To create x*, we first train M models, {m},, on dataset
D. Then, we search for a sample in D, marked (z°,°), such
that {m}*, agree on it’s label: V1 < i,j < M : m;(20) =
m;(x°). We then use DeepFool [37] to alter the sample z°
into x* such that all the models will misclassify it with regard
to their original prediction: V1 < i < M : m;(z%) # m;(z*).
We set y* = y" and D’ = D\ {(2°,4°)} U {(z*,y*)}.

Given D and D’, we generate a dataset, A;, of models
trained on D and D’ with equal probability. We represent a
model with parameters 6 by four features, p(y = y*|z*,0),
ply = y°l2%,0), ply = y*|2°,0), p(y = 3°|2°,0), and
train a simple linear classifier. Finally, we create a second
independent test set, A, of models trained on D and D’ with
equal probability and estimate our classifier’s false negative
(FN) and false positive (FP) rates using the examples from
As.

A. Deducing a lower bound over €

To translate the attack results into DP parameters, we follow
the analysis approach suggested by [38], [39] and extended
by [36]. Without loss of generality, we define false positive as
predicting dataset D’, when dataset D was used for training
a model, and false negative as vice versa. The probability
for FP and FN are marked as Prp and Pry, respectively.
According to [40], if an algorithm is (€,d)-DP, then the
following inequalities hold:

Prp+ePry2>1-6 (10)
Pry +ePpp >1—6.

These inequalities can easily be translated into a lower bound
OVer ¢,

1-6—P 1—-6—-P
€1p > max (log FP,log FN) . (1D

Pry Prp

Since we can only estimate Prp and Pry empirically, we
use confidence intervals to upper-bound them. The confidence
intervals are calculated using the Clopper-Pearson method [41]
on the attack’s false positive and false negative rates. The
resulting upper bounds, Pglpgh and P%gh, are then used to

provide an empirical lower bound on e with high probability:
1— 65— phigh 1-5-P§§3h>

high
PFN

) A
P}ugh

emp
€p = max <log
FP

(12)
It is important to note that this method can only prove that a
model is not private. A low value for €;,"” does not show the
model is private, only that our attack failed to prove a lack of
privacy.

r 0.986

r0.984

r0.982

r 0.980

r0.978

Accuracy

r0.976

emp
— &

r0.974

—— accuracy
r0.972

i 5 1b 1‘5 2‘0 2‘5 3‘0 3‘5 4‘0 4‘5 5‘0
Epoch

Fig. 2. A lower bound over the Differential Privacy of the LeNet5, SGLD-
based training process over MNIST for a given § = 1075, a learning rate of
0.001, and a batch size of 4.

B. Results

We performed our attack on the SGLD-based training
process of a LeNet5 [42], trained on the MNIST dataset [42].
We tested a learning rate of 0.001% with a batch size of 4.
We trained a different classifier for each epoch to find a lower
bound on the DP at each epoch.

When using Clopper-Pearson [41] confidence intervals, the
resulting upper bounds (Pj4" and Ppi9") are limited by the
number of experiments conducted, which limits the maximum
ey ”. We used 500 models to train the classifier (i.e., [4;] =
500) and evaluated the attack on 500 models (i.e., | A2| = 500),
which limits €;,"” to a maximum of 4.89.

Fig. 2 depicts lower bounds over € given § = 107>, with a
confidence value of 90%, i.e., P(e > ¢€;,;"") > 0.9, as well as
the accuracy of the network, as a function of the number of
epochs.

It should be emphasized that we show a lower bound over
€. As such, even a small value is sufficient to show that the
classifier can reliably infer which of the datasets was used to
train the model. For example, a lower bound of (§ = 1072, e =
3) allows a classifier to identify on which dataset a model was
trained with an accuracy of 95% (Ppid" = PR#" ~ 0.05).

In appendix E, we show the results for SGLD with clipped
gradients. We see that clipping the gradients protects the
algorithm from our attack. As mentioned, an implementation
that clips the gradients diverges from SGLD and, as such, has
different sampling properties. Indeed, the results show that this
version’s accuracy degrades by 8% compared to SGLD.
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2Effective learning rate after multiplication by SGLD’s normalization factor,
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APPENDIX A
SGLD AND POSTERIOR PRIVACY

Appendix A provides proofs for theorem IV.1 and the lemmas in subsections IV-B and IV-A. As such, it uses the notations
defined in section IV and subsections IV-B and IV-A. To ease the proof’s reading, we repeat these notations here.

a, B and 0 are parameters of the linear model defined in eq. 13 (originally defined in eq. 4), and p(y|z) is the model
likelihood.

y=~06zx+¢
E~N(©0,57) a3)
0~ N0, )
p(ylz) ~ N (0z, 57)
Zp,xy,c,n, and v, are defined as part of domain D(n, v, xp, 2, ¢) definition (originally defined in eq. 5):
D(n,v1,Th, 11, ¢) = {(fﬂi,yi)H% —cl <05 2y, e € Roosn € Zoos o < @ < pig (14)
where xiﬁ >3 and 11 < % The datasets D1, D2 € D(n, 1, Th, x;, ¢) (originally defined in eq. 8) are defined in eq. 15.
Dy =A{zj,y;i t 2 = xp,yi = ¢~ Tniy
Zh (15)

_ Th
Dy ={z,y; : s = xp, Yy = C'xh}?:f U {770' 5

The Bayesian Linear Regression Problem (originally defined in section IV) refers to the problem of sampling (or
approximately sampling via SGLD) from the posterior for the model described in eq. 13.

We look at cyclic-SGLD with a batch size of 1 and mark by 6;, éj the samples on the j°th SGLD step when using datasets
Dy and D accordingly. pi;, ajz € R are the mean and variance of ;. For D5, there is only one sample different from the rest.
We mark by r the index in which this sample is used in the cyclic-SGLD and call this order r-order. We mark by 67 the sample
on the j’th SGLD step when using dataset Dy and r-order. ji7, (&;)2 € R are the mean and variance of é; n= W is
the SGLD learning rate. n,0;, éj, Wj, [V, 05,05 were originally defined in subsection IV-B. ’



A. Theorem IV.1 Proof
Proof of Theorem IV.I. We first define several parameters used to configure the Bayesian linear regression problem on domain
D(n7 Y1, Zh, T, C)‘

1 3 T

§>’Yl>0 >y >14+71; 1= 2h
21

b — 11(5)

{ 1 = o= (e” e 2) + : }+1
Ni=MaX{ — 55— — —5—, —5—, —5— _
20z 3B 2B 238 22283
1
; i -1 1 4\ T=271
ngzmax{l+£§ 1+V (1+8( ))7< f;l/ﬂﬁgh) 17
7€ c

i 7 107
1
2—=v1—72
160 ) (a+a7p) - 1
€ 9 4 22 \72—M )
1071 (1 + 10% z)
zi B
2\ 355
v (zia+ x‘}bﬂ)2 1+ 1 }
16918 (1 + 10&2»1)72_%
o2
ngmax{lJrlOﬁ 14+v }Jrl
1
2 32 2 2 2 2(v2—1)
n, = max { ni, na, N3, <Ul (ghﬁ) (¢ —1In (0.5 —9)) eﬁﬁ)
@

I
V] = max {6, 1+ 2e"i? }

cp =n°.
By looking at the Bayesian linear regression problem on domain D(np, v1, 2, 21, ¢p), We next show that sampling from
the posterior is (e, d) differentially private, although there is an SGLD step for which approximate sampling from the posterior
using SGLD is not (¢’,d) differentially private.
Given dataset Dy € D(ny,,v1,2n, 2, ¢p) (as defined in eq. 15, with n = n, and ¢ = ¢p), as n, > ng, the problem
holds the constraints of Lemma A.9. Consequently, there exists an SGLD step that is ot (¢”,9) private for all €’ <

e o1 (323’21/1)2(5) +1n(0.5—4). From eq. 16, the choice of n,, promises that ¢’ < e *4° ﬁ(323iﬁ)2(%)2+1n(0.5—6).
Therefore, approximate sampling from the posterior using SGLD is not (¢’, ) differentially private.
Since n, > ny and n, > ng, the problem holds the constraints of Claim D.28; therefore, one sample from the posterior is

(e,9) differentially private.

2
2v
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2 2 2
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B. Posterior Sampling Privacy
This subsection provides proofs for the lemmas provided in subsection IV-A, along with a supporting lemma.



Proof of Lemma IV.2. Eq. 17 is a known result for the Bayesian inference problem for a linear 1D model with Gaussian noise
with a known precision parameter () and a conjugate prior (see [34] - 3.49-4.51. for details). By choosing the basis function
to be ¢(x) = x, working in one dimension, and choosing mo = 0, Sy = a~!, we get the linear model defined in eq. 4 and
the matching posterior described in Lemma IV.2.

p(0|D) = N (0;mn, Sn); my = Sn(Sy 'mo + BOTt); Syt =Sy + BT @ (17)
O

2 2
Lemma A.1. For a Bayesian linear regression problem on domain D(n,~1, xp, x1, ¢), such that n > max{l—&—loz—’lg%, 1+yi—;§ ,

one sample from the posterior is (v, €1)-Rényi differentially private, and ¢; is
z7 (v—1)va? 20v Bz}
2(n—1)a?  2((n—1)zf —va?) 9n'—2ma?
N 20vzy (a+x3B) (c+n")  buvrd(a+2iB)? (c+n71)2.

9z} n2-m 9283 n3

€1 =

Proof of Lemma A.1. By Definition IIL.3, for a single sample from the posterior to be (v, ¢') RDP, the Rényi divergence of order
v between any adjacent datasets needs to be bounded. Therefore, we consider two adjacent datasets, D, De D(n,v1, Th, x1, €),
and w.l.o.g, define that they differ in the last sample (where it is also allowed to be (0,0) for one of them, which saves us the
need to consider also a neighbouring dataset with a size smaller by 1). To ease the already complex and detailed calculations,
we use definitions in eq. 18.

D= {xiayi}?:_ll U {xnayn}v ﬁ = {xiayi}?:_ll U {invgn}

n—1 ) n—1 (18)
z= chm q= Z%%
i=1 i=1
According to Lemma IV.2 and with the definitions of eq. 18, the posterior distributions are
B(q + TnYn) 1
0|D) = N(0; pu,0%); p= s ol =
p(|D) (0: 1, 07); 1 a+(z+22)8 a+ (z+z,)8 (19)
- A ~ B(q + j:ngn) ~ 1
0lD) = N(6:1,6°); ji= ;6% = ——
p(0|D) = N(6; f1,67); [ Py pesron v Ly poaraan

Mark by D, (f1]||f2) the Réyni divergence of order v between f; and f5 - uni-variate normal distributions with means p1, po
and variances o1, 09 accordingly. By [31], D, (f1]|f2) is

1 2 1 B 9
Dy(f1|\f2):1n;+,(,,_1)1n 05 1v(m —p)
2

2 2 2 o2)*
(7%.1), @),

(aj%lyfz)* = VO—% + (1 - V) J% > 0.

v

Therefore, for p(@|D) and p(A|D), the Rényi divergence of order v is given in eq. 20, where we omit the subscript for
(%)% since it is clear from context to which distributions it applies.
52

D, (p(61D) [[p(8]D)) = % + % (v=1)n (:2)* - %V (é;)f‘ : (20)

(02)2 =v5’+ (1 -v)o?

According to Claim D.23, (¢2);, > 0; therefore, the value D, (p(6|D), p(0]D)) exists. In order to prove Rényi differential
privacy, each of the terms of D, (p(0|D), p(8]|D)) is bounded separately, so their sum will be equal to €;. The bounds for each
of the terms are proved at Claims D.24, D.25, and D.26. O

Proof of Lemma IV.3. The Lemma is a direct corollary of Lemma A.1 O
Proof of Lemma IV.4. By Lemma A.1, sampling from the posterior is (v, €;)-RDP; therefore, by Lemma II1.4, sampling from

ln(%)
v—1"

the posterior is also (€7 + 0) differentially private. O



C. Stochastic Gradient Langevin Dynamics Privacy

This subsection provides proofs for the lemmas presented in subsection IV-B. The proofs in this section rely heavily on the
analysis of the SGLD behaviour for the Bayesian Linear Regression Problem on datasets D, Ds. This analysis is provided
in subsection A-D.

Proof of Lemma 1V.5.

p(0; > p|D2) = p(0F > ;| D2)p(6; = 05| D Zp (0; — iy > pj — 15| D2)p(6; = 05| Dy)
r=1 r=1
IR — 1)
:EZp(Gj—,uj>uj uJ|D2 Zexp( )J >
r=1
where the inequality holds due to Chernoff bound (For further details about Chernoff bound, see [43]). O

Lﬂ(e%ﬂ - 2) 2; 75 2@; 75~ o2 /3} and k € Rsg, eq. 21 holds.

We can see that the lower bound described in eq. 21 is dominated by <5, thus proving Lemma IV.6.

Proof of Lemma IV.6. By Lemma A.7, for n > max{%ﬁ,

77,2’

. _Or . 2
(“Umnn i 1yn) e LY )2(«:)2
(G rinyn)? v 327 @1

1
v; = max{6,1 + 2e" }

Proof of Lemma IV.7. Define € as

2 3 2 en2
d=e 382 ( ) (7) +1n (05—
201 \ 32230 n ( )

1
v; = max{6,1 + 2e“%° }.
1 1
) 29:%5’ 2ax%5 -
as ([k] + 1)n) such that running SGLD for the Bayesian linear regression problem over Dy for T steps will not be (e, )
2
differentially private for € < ¢’. As ¢ is dominated by =5, Lemma IV.7 is proved. O

2
By Lemma A.9, for n > max{ﬁ, ﬁ(e e —2) + ﬁ}, there exists T' € Z~q (marked in Lemma A.9
h h h



D. Stochastic Gradient Langevin Dynamics Detailed Analysis

This subsection provides an analysis of SGLD behaviour for the Bayesian Linear Regression Problem on datasets Dy, Ds.
We advise the reader to read the lemmas by order and provide here a summary of the analysis: Lemma A.2 provides an
expression for the sample at the (k + 1)n SGLD step when using datasets Dy, Do. Lemmas A.4 and A.5 use this expression
to get a lower bound on the difference in means and an upper bounds on the variance, respectively. In turn, Lemma A.7 uses

2 2
these lower and upper bounds to find a lower bound over (u Men4n — ﬂ?k]n+n) / ( Fkﬂ in ) . This lower bound is used

by Lemma A.8 to upper bound the probability mass of the SGLD process running on dataset Dy in S = {s|s > pu;}. The
difference in probability masses in S between the weights of an SGLD running on datasets D1 and D leads to a breach of
privacy, as shown in Lemma A.9.

In order to ease the analysis of the SGLD process for the Bayesian linear regression problem on domain D(n, 1, xp, 21, ¢),
we use the markings in eq. 22.

Vo (- Blonat) i (12 (e (3)'0) oo ot Joe(2)'s

Lemma A.2. Vk € Z~, é{k +1)n has the following forms:

k

Ol 1yn = QoA FIN DD 4 7 (/\)\" 1) <p/\" ' pz A fz X&)

=0
n k
07y =00 (=) Z(m\f MW (IO Y (o VEn) X | 3D ()
j=r+1 1=0

Proof of Lemma A.2. We can apply the SGLD update rule, defined in eq. 3, to the Bayesian linear regression problem over
datasets Dy and Do as follows: First, p(6;) = N(;;0,a~"), and therefore

Vo, Inp(0;) = Vo, 92a = —0;a.

V. In ( ! )
0; ——
P\ Vorat) T2
In a similar manner,

1 1
Vo,In| ——= | — Vs

V231 %2

Inserting these expressions to the SGLD update rule yields

@+1—9‘+2(96%+”@z %%)%ﬁ%+¢@&=:%<1—g(a+nﬁﬂ»-%gmmmﬂ+v%®

=0 (1 - g (o + nx?ﬁ)) + gncx%ﬁ + /&,

By using standard tools for solving first-order non-homogeneous recurrence relations with variable coefficients, the value of
01 can be found:

a4 O\ + p -
6l =t (O +p+\/ﬁ€+27p+\mg

Vo, Inp(y:10;) = ~(yi—0; Iz) B = (yi — 0z;)x: .

(23)

5\ S\Aifl ) — 905\)\”_1 + (ﬁ+\/ﬁ§) )\n—l + (p+ \/775)2)\"_1—(73—1)

=2 =2

n n—2
:905\)\n71+(ﬁ+\/ﬁ£) )\nfl _’_(p_’_\/ﬁg)ZAnfl*(ifl) :905\)\7171 +(ﬁ+\/ﬁf) )\nfl _’_(p_’_ﬁg)z)\z

1=2 =0

= G AN 4 pAn! +p2x+\f52x
=0
Thus, we can define a new series, 9(k+1 cﬁ,m + ¢o where ¢; = AL ey = pAnTL 4 Py, 2N\ \ff i ' \i. Using

tools for solving first order non-homogeneous recurrence relations with constant coefficients, the value of 0 », can be found:

k—2
é,}m (Cl—i-ZCQ):@,ch’f 1+ZCQC “t—9 c’ffl—i—cQZci (Boc1 + ¢2) ’f —1—02201
e n—1 k—1 -
:90 (S\An—l) <)\n 1+p2)\1+\[€2)\1> ( A" 1)

j=0



The proof for 0}, is done in a similar manner:

Gt = fan-1 90+Zp+f£ P+ V11 iph/ﬁf

XrIX A VA
r—1 ) n )
=M+ > (p+ VIO AT RN (p+ e+ > (p e A
=1 j=r+1
Thus, we can define a new series, ézkfl)n = 03%;1 + ca, where c3 = A"l ¢y = Sy (p+\f§) PP s g

AT (,6 + \/ﬁﬁ) + Z;L:T 41 (p + \ME) A"7J. Similarly to é,in derivation, we can use first order non-homogeneous recurrence
relations with constant coefficients to get:

S

n —1

0>t = g, (5\)\”‘1) i (p+ Vi) AN (b IO AT 4 Y (o VEm) A (XA”—l)l.
=1

j=r+1 l

Il
<

Lemma A.3. Vk € Z~q, O(x41)n has the following form:

O(et1yn = B AT ZAM (P)\n '+ PZ N+ \fz A’ §z>

Proof of Lemma A.3. First, notice that equation 23 apphes for SGLD using dataset D;. By using standard tools for solving
first-order non-homogeneous recurrence relations, an expression for 6,, can be found:

w (AP VTE S P T n oy ynet ;
0, =\ (/\Jrz, = A" + pA +pZ>\ +I§Z>\

)\2
=2 =0 =0
By defining a new series 6(j1), = ¢50kn + c6 and using tools for solving first-order non-homogeneous recurrence relations
with constant coefficients, the value of 6,, can be found:

k n—2 n—1
On = & (i"JrZ?) HoA”’“+<p)\" 1+pZAZ+\f§Z/\)ZAJ"
5 i—n O

Lemma A4. Vk € Z~o, the value of pgntn — fij, ., can be lower bounded:

nerj, 8 A\k(n—1) (5\k+1 _ /\k+1) _

_nr > )\n—l
Hkn+n — Mintn = a+t n:c%bﬁ

Proof of Lemma A.4. The proof of this lemma is separated into two cases, for » = 1 and for r > 1. For r = 1, using E[fy] = 0
and E[§] = 0, it is easy to derive eq. 24 from Lemmas A.2 and A.3.

n—2 k
ﬂ%kﬂ)n _ pz)\iz ()\)\(n 1)) 4 oA 12 (AM” 1))
i=0  j=0
n—2 k
Hhnn = p ) AT N pAn ZAT”
i=0  j=0 r=0

We use the sum of a geometric sequence to get

(24)

N ) . (it k+1
oo s () e S o) = (o (55257 ) S

and

n—2 B} k . L k ] 1— )\n—l L 1— )\(k-i—l)n
Horn = p DAY N+ pATTE Y A = (” <H) AT ) o

i=0  j=0 =0



Therefore the difference between the means can be lower bounded:

an-n)
Py . ﬂl _ 1 — AGtDn p 11—t I p)\n71 _ - ()\)\ ) p -t + ﬁ)\nfl
kn+n kn+n 1—\» 11—\ 1— ;\)\n—l 1—A

Yy (n—1) kol
. 1 — \(k+Dn ncx%ﬂ (1A - 1-— ()\)\ ) nC!L‘iﬁ Lyt 1)\ N §
N 1—An oz—l—n:ci,@ 1 — A\n-1 a—i—nziﬂ 4 4

a0}
= (1 _ )\(k+1)n) nexy B - ()\)\ ) nexj <1 _ el <411A+ 3))

at+naif  1- Al a+naif 4
. k1
1— (AA=D

_ _nesif (1_,\<k+1>n> - ( _ ) ot (I3

a+nxip 1— A1 4 4
L nes An-131g, (1 _ ;\k+1)\(k+1)(n71)> 1 \k+1)(n=1) (;\k+1 _ )\k+1) (1 -~ /\n—lj\)
 a+naip 1—An—1)

sy (4000 (1 20) )

~ a+nzif 1— An—1)

_ nea A1) (n=1) (;\k—i-l _ )\k-i-l)
o+ nm%b’

— \n—1 nexj, \k(n—1) (5\k+1 _ )\k+1)
a+naif

where equality * holds from Claims D.1, D.2, and D.3, equality ** holds from Claim D.5, and the inequality holds because
A < A < 1. This proves Lemma A.4 for r = 1.

For r > 1, from Lemma A.2, it is easy to see that

r—2 r—2 k—1 n—2 n—1
é(}irll)n _ (90)\7"—1 +pZ)\l + \/ﬁz )\Zgz) 5\k)\k(n—1) + Z(j\)\n—l)j (ﬁ)\n—l +pZ)\z + \/ﬁz AZ&%) 5\)\n—r
=0 i=0 j=0 i=0 i=0
n—r—1 ) n—r )
FPNTT A Y N Y EN.
=0 =0

Therefore,

r—2 k—1 n—2 n—r—1
T <p2x> D D D <[>/\”1 +pY )f) AT PN 4 YN,

i=0 3=0 i=0



Consequently, the difference between the means, for » > 1, can be lower bounded:

r—2 k—1 n
Phnan = g = AT (AAFARCTD S AT LA TN (oA 4 p Z X))
i=0 j=0 i

_/\p)\kAk(n 1)2)\1 AZ )\n 1 An 1+p2)\ )\n rp p)

r—2

— )\n—r)\k(n—l)p()\k+1 _ ;\k+1) Z}\z+
=0
k—1 ) ) o . o n—2 )
+ /\nfTZ)\(nfl)j()\nfl(pA]Jrl 7pA>\]+1) + (/\ngl - )\]+1)p2)\2) + )\nfr(pi ﬁ)
§=0 i=0
. 11—t nex? 8
_* \n—r k(n—1) k+1 _ YEk+1 n—r h 1— kn
AT AR=1) 5\ N o+ g A=A
1= (AT 3 1
A" "7 (1= \"(= -1 - n—r A
Ay LA GAT ) AT =)
N 1—At nex? 3 Q
_*x \n—ryk(n—1) k+1 _ Yk+1 n—r h _
AP AR(=D) 50 A a+mciﬂ(()\ )
A”fl(éﬂa(l _ S\k)\k(nfl))) . o R
+ 4 21 S\AH . + )\k( 1)(/\k+1 _ )\k+1)) + A (p_ p)
_ k%% \n—r ’I’LCl'hﬂ k(n—1)yk+1 k+1 r—1 n—r TLC$hB B\
=t R0 — ARFLY (L = ALY pE ELOREY
)\n—l(QQ ( _)\k}\k(n—l))) - R - .
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ey mCxifB e —
Y a+n}; B}\k( 1)(>\k+1 Ak+1)(17>\ 171)
h
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AT h A=\ 42 _ AT (p— p
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a+nzip
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a—&—nx%ﬁ( 1 — -1 ) (p =)
_ )\l ncxiﬂ /\k(nq)(j\kﬂ . )\k+1)
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where equality * holds from Claims D.6 and D.7, equality ** holds from Claim D.10, equality *** holds from Claim D.1,
and inequality **** holds from Claim D.11 and because A > . O

Lemma A.5. For all k € Z~q such that 0 < k < 5- log/\(i1+ (7 /\2)) L and 233 > 3,n > maX{T;iﬁ ~ 25 328
2) + m}, the values of (0(k+1)n) can be upper bounded as following:
h

(CAT(lk’-‘rl)n)2 < 2(;\)\7171)23(5\)@71)2]6
(25)

(677107 < 62 (12

Q|



Proof of Lemma A.5. The proof will be separated into two cases: » = 1 and r > 1. Starting from the case of » = 1, since
the noise and the prior have Normal distributions, (57, Jrn) could be easily computed from Lemma A.2. Eq. 26 yields a first
general upper bound on (6}, +n) applicable for all k € Z~.

1 2(k+1) n-1 kK i
(&1n n)Z = — )\)\ n—1) +77 )\21 A?)\Z(n—l)
fan)? = 3 (070) >y ()
. 2j
n—1 k )\)\(n—l)
« i=0 =0 (;\)\(n—l))
B (wn_l))mﬂ) =+ nz A2 Ek: (i 1))“‘“““”
= (26)
< (5\)\(n—1))2(k+1) l +n§)\2iz>\2n(j_(k+1))
« e iz
= (5\/\(n—1))2(k+1) 7_1_77 ki A2

o 2(k+1) /1 1 —2(k+1)n
= (,\)\(nfl)) (a A~ 2>‘)\2)

where the inequality holds because A < A.
By Claim D.12, this upper bound can be further refined for 0 < k < 35-logy ( m) -1

. 20k+1) /1 1 — \~2(k+1)n R 2(k+1)
n—1 -2 n—1

—_

This proves the lemma for r» = 1.
For r > 1, (671,)% can be bounded as follows:

izt = () (e e 3 () e o S ) (e
(e (e S 5 ) ) o S ) ()

1=0 7=0 =0 1=0

R ok R ok r—2 ) k—1 R 2 n—1 ) n—r )
(=) () a2y >0 () T30 | g >
i=0 =0 i=0 i=0
n—1

(Xxn-l)%m(mn-l) ZA%MZ( ) Y e +n§w

1
o =0 =0
. n—1 — .n—1
<o g (XW_T)Q (; (5\)\n—1>2k . (XXH)Q’“ 3 +nz (XXH)QJ 3
i=0 j=0 =0

(28)

where inequality * is true because A\ < 1 and r > 1, inequality ** is true because r < n, and inequality *** is true because
of Claim D.15.

For 0 <k < 5~ log,\(m) — 1, this bound can be further refined:

n—1 k—1 ~n—1

2(AN" )2 é(&v*)% +n(&xl*1)2kzw+nz (XAH)QJ YA <)’ ()\)\" N2 (29)

i=0 §=0 i=0



where the inequality is true because of Claims D.12 and D.14, which provide the bound for r > 1. O

Lemma A.6. Mark k = 5 logy (7= =) — 1. For the conditions of Lemma A.5, k > 0 and the values of &

an
145 (1-22)

Fk]nJrn ¢
be upper bounded as following:

(Gl ipngn)” < (1+2ew%ﬂ> (;An_l)%(wn_l))zm

it <o) (o)

Proof of Lemma A.6. We prove this lemma by augmenting the proof of Lemma A.5. We begin with » > 1. Lemma A.5 first

proved, in eq. 28, a bound over (6;?_&1)“)2 applicable for £ > 0. As this bound is applicable for all £ > 0, it also applies for

[k:] Then, in eq. 29, Lemm_a A.S5 refined the bound for 0 < k < k using Claims D.14, D.12 and, D.15. Therefore, if these
claims also hold for k£ = [k|, then the result of Lemma A.5 also applies to k¥ = [k]. Claims D.14 and D.12 apply to all

k<o log,\(m). Since [k] <k +1= 5 log,\(m), the claims also apply to [k]. Claim D.15 was proved
for all k, thus also applies to [k].

For r = 1, the bound found at eq. 26 is applicable for all k, hence

: 2(Mk1+1) (1 1— A2+ 1)n A 2(Ti+1) 1 .
~1 . 2 n—1 - —l—A n—1 1 m%ﬂ
@ (i) < (M ) (a + A = < (/\A ) - (1 + 27 >

where the last inequality is true because of Claim D.17.

All that is left is to prove that k = 5 log, ( ) —1 > 0, which is done in Claim D.21. O

1
1455 (1-22)

Lemma A.7. For k defined in Lemma A.6, the conditions of Lemma A.5, and n >

a .

n

2
(Nmnm*“?mmn) >eT§"a< 3 )2(0)2
U1

. 2 = 32423
(Urk1n+n)

1

v; = max{6,1 + 21" }.

Proof of Lemma A.7.

2 2 . . . 2
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where first inequality holds from Lemmas A.4 and A.6, and the definition of vy, the second inequality is true because of Claim
D.17 and Claim D.21, fourth inequality holds under the assumption of nz?/3 > «, and the last inequality holds from Claim
D.18. O

Claim A.8. For I, defined in Lemma A.6, and the conditions of Lemma A.7:

2
228 o

2
b (é(mH)" = “([k1+1)n|D2) <e " 2 (W) (%)2_

Proof of Claim A.S.

2
. . 1 (H([kHl)n - [ﬂ(n“ﬂﬂ)n)
P (G(WH)" > u(mﬂ)nlD) < H;e"p _ i
2 (g(rk-\+1)7z>

Ly ~d5a (3 \Prey? “3a [ 3 \2en?
<t 2 () () e ()
—nrleXp< BT <32x%ﬂ> n ) eXp( T (32@5) n

where the first inequality holds due to Lemma IV.5 and second inequality holds due to Lemma A.7. O

Lemma A.9. For the Bayesian linear regression problem over D(n, Y1, Th, T, ), the conditions of Lemma A.7, and k defined
in Lemma A.6, approximate sampling by running SGLD for ([k] 4+ 1)n steps will not be (¢, §) differentially private for

_ 2 2 2
mQLB @ 3 E 1 —
0 <05,e<e “i 50, (32m,215) (n) +1n(0.5-19)

1
v; = max{6, 1 + 2% }.

Proof of Lemma A.9. According to Definition III.1, if there exists a group, S, such that

p (9(“-6]“)” € S|D1) > ep (6([k1+1)n € S|D2> +4 (30)

then releasing 0, 1), is not (e,9) differentially private. We will show that eq. 30 is true for S = {s|s > L] Jrl)n} and
the conditions of the lemma. First, notice that eq. 30 can be rearranged as

e (risayn € SID2) +6 = (013 41), € SID1) <0

By Claim A.8, and since 9((1%]+1)n ~ N(euml)n%M<rk1+1>m"<2m+1)n)’

ep (é(mﬂ)n < SIDQ) +to—p (é(mﬂ)n < SIDl) <ee o (i) (2 +4 - 0.5. 31)

Therefore, if

2

x

>

—e€

/3 o 3 2 c 2
ee 2”1<32wiﬂ) &) L 5_05<0
then eq. 30 is true and the lemma is proved. As shown in eq. 32, this inequality holds under the conditions of Lemma A.9.
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E. Figure I derivation

The lower bound depicted in figure 1 is derived by analysing the distributions of SGLD running on datasets D; and Do
(defined in 8). Given these distributions, and using notations 6;, u;, éj, ftj, 07 (defined in subsection IV-B), the lower bound
over € for a given 0 can be deduced as follows:

By definition III.1, for SGLD running on datasets D1, Dy to be (e, d)-DP, it must hold

p(0; > p5) < exp (e) p(0; > py) + 0.
This condition can be easily translated to a lower bound over e:
In (p (6; > ;) — 8) —In(p(d; > ;) < e
By Lemma IV.5, )
R 1 & (M‘ —
p(f; > pj) < fZexp (JM,jQ)) .
= 2 (Uj)

As In is monotonically increasing, this induces a necessary condition for SGLD to be (e, §)-DP:

In(p(6; > ;) — < Zep( (:;JQ) ))Se.

In figure 1 we plot the value

maX{O,ln( (0 > j) — ) — ( Zexp( (;;?2))}.



APPENDIX B
PROPOSE TEST SAMPLE SUPPLEMENTARY

Numin, Which is used in Algorithm 1, is defined as follows:

2In(%
= &+1
€
1
2 2 —1 1 4\ T-27
nm:max{1+—381+ g<1+s ),(%”Bﬁh) "
z? e T € €T
1 1
320 zp (a+xiB) _\" (320 a2} (a+aip) T
927 Th AT T RE) e Y el T i el LA ’
€ L ¢ L (33)
1 1
v 2} (« —&-xi,@’)Q ’ . (2771)% 160 2} (a —i—xfﬁ)Q T }
¢« wtd ANCIE
10 3
T2 —max{l—&—xhy +v g}
x; B z

P2
Nmin = 1aX {nbla Tp2, M1 M }
where €, 0, x;, xp, o, 8,71, p1, p2, N1 are parameters of Algorithm 1.
APPENDIX C
PROPOSE TEST SAMPLE PRIVACY

Appendix C provides auxiliary claims and proof for Claim IV.9, along with auxiliary claims which support the
proof of Claim IV.8. Appendix C uses definitions and notations defined in subsection IV-C, specifically: Ds, D4 (de-
fined in eq. 9), €6, x;,xp,a, 8,71, p1,p2 - parameters of algorithm 1, D input dataset to algorithm 1 of size nq,
Ving, m,m,nyw, W, p(0|W), 11, 12,15, 14 (defined in algorithm 1), and n,,,;, (defined in eq. 33).

Proof of Claim IV.9. We analyze Algorithm 1, running on datasets D3 and D, defined in eq. 9, with parameters values:
p3 = 1.15; p2 = 0.45; p; = 1.25,~y; = 0.49;
B=3x,=12,=05a=1

4 1
N1 > max { log —_910p , 29+10p2} )
€

26’

(34)

Note that we only define a lower bound over n;, which will be updated later on.

Mark the return value of the algorithm as r, the event of the algorithm running on dataset D3 and W = D3 as Ap,, the
event of the algorithm running on dataset Dy and W = Dy as Ap,, and S = {s|s > u;}, where p; is the mean of the sample
distribution at the SGLD 7’th step given dataset D3 (similarly to the definition of S in subsection IV-B). We will show that
Ve € Ryg,6 < % there exists n; such that

p(r € S|D3) > e“p(r € S|Dy) + 0. (35)

We first show that
p(r € SANADL,|D3) =0

36
p(r € SANAp,|Dy) = 0. (36)

Notice that r € S only if the algorithm reached line 25. Consider an event where the algorithm reached line 25 and AC Dy Because
A%, (i, yi) —m| > n5?. However, since V(z;,y;) € D3 : &£ = nf® then V(z;,y;) € D3 : |£ —m| > nf
and therefore || = 0. Under the assumption that a sample from p(6|{}) returns “null, the algorithm, in this case, , also returns
null and therefore P(r € S A A}, |D3) = 0. Same arguments hold for Dy.

Because we showed eq. 36 is true, then to prove eq. 35, it is enough to show that eq. 37 is true.

p(r € S|Ds3, Ap,)p(Ap,|D3) =" p(r € S|D3, Ap,) — 55 >** e°p(r € S|Dy, Ap,) + 6
> e“p(r € S|Dy, Ap,)p(Ap,|Dy) + 6 = ep(r € SN Ap,|Dy) + 6

(37

From Claim C.1, Inpound, such that Vny > Npouna, inequality * holds. From Lemma IV.7, for n; big enough, 31" € Z+
such that eq. 38 hold (Where 6§ < 0.5 according to the claim’s conditions). Therefore, 3k, npound2 € R~¢ such that Vnq >



(1—p3)

1
Nboundy : € > k:nf and eq. 38 hold. As p3 > 1, by choosing 71 > max{nyoundz, (§)>?s~ 7 } we get that € > e.

Consequently, by choosing n1 > max{npound; s Mbounds (%)2@371) }, inequalities * and ** hold, and the claim is proved.

¢ =Qni"Y) a8)
p(r € S|Ds, Ap,) > ¢ p(r € S|Dy, Ap,) + 66
]

Claim C.1. Given a run of Algorithm 1 on dataset D3, mark by A the event of the algorithm reaching line 25 with W = Dsg;
the following holds:
IMbound, € Zso S.t. Yn1 > Npound, : p(4) > 1 — 5d.

Proof. For abbreviation, mark the event of nyy > fpmin A € [m —nb2, m+nS2] Any T2 > i Ay <ng AV =D as
B. Since P(A|Ds3,B) = 1, then P(A|D3) > P(A A B|D3) = P(A|B, D3)P(B|D3) = P(B|D3). Therefore, we can prove
the claim by showing the existence of ny, such that Vny > ny, : P(B|D3) > 1 — 55. We do so in eq. 39:

p(B|D3) = p(th € [m — nb?,m + nb?] Anw > npin|Ds, V = D,n§+p270'1 >ty < nyp)
p(ny ™70 > RV = Doy <y, D3)P(V = D,1iy < ny|D3)
> p(m € [m —nb?, m+n?] Anw > npin|Ds, V = D,n%‘“’ro'1 >t ny <ng)— 38
= p(nw > Nnin| D3, V = D, ny 72700 > 7% iy <myyimo€ [mo—nf?, m + nb?)) (39)

p(m € [m —n,m+ny?]|Ds, V = D,ny 7% > ity <ny) — 36

14p2—0.1 P2
2

> p(nw > Nin| D3,V = D,n >t my < ng,mh € [m—nb? m 4 nb?]) — 48

>1—-54

where by Corollary C.3 and Claim C.4, for n; big enough, first inequality holds. By Claim C.5, for n; big enough, second
inequality holds. Lastly, by Claim C.6, for n; big enough, third inequality holds. O

Claim C.2. For ny > max{2'%1 1]og L-}:
p(fLTl 2 71?3 A\ ’FLl S ’I’L1|D3) 2 1—26.
Proof of Claim C.2.
o 1. 1 ) 1. 1
p(7* > nf® Ay <ny|D3) =p((ny +1; — = log %)”1 >nf® Any 41 — —log % < n1|D3)
€ €
1 1 1 1
_ — Zlog —)" >0 Al < =log —|D
p((mi +1y — Llog ) > nf* ALy < ~log [ Dy)
1 1 1 1
=p((n1 + U — —log 55)”" > nf* Alli| < —log —<|Ds)
1 1 1 1
I — ~log —)" > Aly < —= log — | D:
+p((n + 1= —log 55)™ 2 n® Ay < ——log 55| Ds)
1 1 1 1
> Ii — =log =) >nf® Al < ~log —|D
2 p((n+l = —log o5)” 2 my® Afh| < —log 5[ Ds)

1 1 1 1 1 1
= — —log —)Pt > n < Zlog — < Zlog —
p((n1 + 10 . log 25) >nf?|[l] < c log 25,D3)p(|l1| < log 25\D3)

17,1
plli] < Tlog o) =1~ 2p(is < —log o) = 1 —exp(—ﬁlofz‘s) —1-2
we can further develop eq. 40:
1 1 1 1 1 1 1 1
p((ny+ 4 — . log 2*5)’31 > nP?||lh] < . log 2—6,D3)p(|11| < < log %‘Dd) = p((n1 — 2; log 2*5)“ > n*|D3) — 26
Finally, because n; > 21971, then ny %! < ()71, Therefore, (ny — 21 log 25)7* > (dng)Pt > nf* %" = nf*. Which leads to

1 1
p((ng — 22 log 2—5)p1 >ni?|D3) —26 =1—20



Noticing that the conditions of corollary C.3 includes the conditions of Claim C.2, and that given that the algorithm runs
on dataset D3 and 74" > n{* then V = D3, we get that Corollary C.3 is a direct result of Claim C.2.

Corollary C.3. Vn; > max{210p1,4% log %} when running Algorithm 1 on dataset Ds, the following inequality holds:
P(V:Dg/\ril §n1) Z 1—26.
Claim C4. Vn; > max{%7(9+10p2),4% log %}, when running Algorithm 1 on dataset Ds the following inequality holds:
p(néﬂm_o'l > ’Fl?l |D3, V = Ds, n < Tll) >1-6.
Proof of Claim CA4.
p(ng'9+p2 > ’Flfl |D37 V = Dg, ’77,1 < ?’Ll) > p(ng'9+p2 > n‘fl ‘Dg, V = Dg)
1. 1 ) 1
> p((ny — QElog %)0'9“2 > ni{*|D3)p(ne > |V| — 2 log 25)
1 1 0.9+ pP1
> p((m — 2= log 55)" 777 > n{!|Dg) =6 =16
€
where the third inequality holds since p(Lap(1) < —1log 5) < &, and last equality holds since (n; — 21 log 55)%-9t72 >
(énl)o 9+p2 5 p 1+P2 —0.2 _ ni)l 0

Claim C.5. 3ny,, € Z~o such that Yny > ny,,, when running Algorithm 1 on dataset Ds, the following inequality holds:

p(m € [m —n?, m+n5?]|Ds,ny? " > i) > 1 -4
Proof of Claim C.5.
p(m € [m —n5? m+n5?||Da,ny® 72 > al") = p(ly € [-n5*,nb?]| Da,ny ™7 > il
1 1
_ _ P2
Z 1 2(2 eXp( iy 1upt 2(ng— 1)xhx +’ch )
e''1 na(no— l)wl
1 ( ny P?e(ng — 1)t )
=1—exp(—
P it (2(ng — D)a2a? + x3)
Because 197772 > ", then %" = o(ny*), and therefore for n; big enough, the exponent is smaller than §. O

Claim C.6. 3ny,, € Z~o such that Yny > ny,, when running Algorithm 1 on dataset Ds, the following inequality holds:
p(nw > Nnin|[V] = D3 Ang 272 > " Avie [m —nf2,m+nS?], D3) > 1 4.

Proof of Claim C.6. For abbreviation, mark event B as when the following apply |V| = Ds A n3%7”> > @' A € [m

P2 P2
nb?, m —+ nb?].

1
l manaD
25+ 4>n | 3)

1 1

1
p(nw > Nmin| B, D3) = p(ni — p log

1 1 1
>p(n17glog26 6log5>nmm|B Ds)p (l4>leog5)
1 1
+p(n1_glog%+l4>nm1n/\l4<_710g |BvD3)
2 1 1 1)
gt Sl B D (1= 2
> p(ny — —log o — —log = > nmin| B, D3)(1 ~ )
2 1 1 6
— -1 —log - in|B, D3) — =
> p(na clog s — ~ 0g5>nmm| ,D3) 5
2 1 1 1 1 1 1 1
=p(ny — —log — — —log = > nminl|la < —log —, B, D3)p(lz < —log <|B, D3)
€ 20 € ) € ) € 0
2 1 1 1 1 1 1)
+p(n1—710g——710g7>nmin/\lnglogf|B D3) — =
€ 26 € ) 2
2 1 1 1 1 )
> — =1 1 min |l 71 B,D l —log =|B,D3) — =
p(ny = ~log 55 — —log = > ninlly < og(S 3)plz < —log 5|B, Ds) — 5
2 1 1 1 1 1
> p(ng — 21 10g = > npinlls < =log =, B, D3) — 6
p(m ¢ 85 €Og5>n |2<60g5 3)



From B, |m — 1h| < n4?, and therefore 1 < m + nb?, and for the case of Iy < 2log$ it holds that

1 1 1
log = < ny + —log —.
€ )

1 1 1
n2<n17710g—+7
€ )

20 €

P2 203 B2 ’
Nmin = O(max{(m+nf?)3 n'}) = (’)(max{nl?’3 ,ny" }) < o(ny); therefore Inyp, such that Vny > ny, : p(ny — 2 log 55 —
%log% > Nppin|le < élog%,B,D;;)zl. O

P2
Therefore 1 < m + (n1 + Llog 2)72. As nypin = O(max{rn,n;"}) then for the case of Iy < Llog 1 and B, it holds that
P2 :
<

Definition C.7. A randomized function f (X,y) : x™ xR" = R, is (¢, 0)-differentially private with respect to X if VS C R,
and VX, X € x": | X — X|| <1, eq. 41 holds.

p(f(X,y) € 5) < exp(e)p(f(X,y) € 5) +6 (41
Definition C.8 (I;-sensitivity, [11]). The l,-sensitivity of a function f : NIXI — R¥ js:

Af= max 1/ (x) = F()ll

z,yENIXL [z —yll1=1

Claim C.9. For Algorithm 1, calculating 11,14 is (2¢,0) differentially private.

Proof of Claim C.9. ny ly-sensitivity is 1; therefore, calculating 72 is (¢, 0) DP by the Laplace mechanism’s privacy guarantees.
For a given 7i; value, the [;-sensitivity of |V'| is 1. Therefore, given 71, calculating ns is (e, 0) DP by the Laplace mechanism’s
privacy guarantees. Consequently, by the sequential composition theorem, the composition is (2¢,0) differentially private. [J

Claim C.10. For Algorithm 1, p(ny < |V||D,n1) =1 —4.
Proof of Claim C.10.

o 1 1 . 1
p(ne < VIIDin) = p(lV] = —log 55 +la < [V D, i) = plle < ~log o

Claim C.11. Given 11,ny and ny < |V, calculating m in Algorithm 1 is (e,0) differentially private with respect to D.

Proof of Claim C.11. Given two neighbouring datasets, D5 and ﬁ5, mark by Vs anq V5 the realizations of V' (calculated
at line 10) when Algorithm 1 runs on each of the datasets, respectively. If V5 = V5 then the claim follows trivially. In
case they differ, assume w.l.o.g that |V5| > |V;|, and that if |V5| = |V5| then they differ in their last sample. Define ¢ =

- - fr— 2
Z(ac,;,y,;)e\/;,/{x‘v{)‘,y‘VS‘} TilYi> = Z(rmyl)GVs/{r\vS\ YIvs |t L -

PN -2 52 O 2 A s
q+Tvg Y vs| 4T Ty Y| vs) A2y T T Vs Y| Vs | Ty T Tva YIVs1Z — A% vy — Tvs| Y| Vs | Ty | — Z1Va|Y|Vs| 2

2 =2 2 =2
z+ Ty, z+ 3y, (z—l—xlvs‘)(z—i—mlvsl)
quy + i age vt ey, 220p fah 4o 222 z} )
- (z 4 23)z =t (24 a2d)z Yeva  (z+ad)2
2 4 2 4
< w0 2xy, Ty, ) < A0 2x3, T,
= Walap o [VsI(IVs| - Daf T T tngaf - na(ng — 1)z
2y~ Vra? £
! na(ng — 1)z}
Therefore, by the Laplace mechanism’s privacy guarantees, calculating mm is (¢, 0) differentially private. [

Claim C.12. Lines 8-18 of Algorithm 1 are (3¢,0) differentially private.



Proof of Claim C.12. Define D as a neighbouring dataset to D.

p(ﬁl € S|D) = / p(ﬁ’L € S|D,’fl1 =T, Ny = TQ)p(ﬁl =T1,Nng = T2|D)d7"1d7"2
r1,72€R>0XR>0

/ p(ﬁl S S|D,’fl1 =T1,NnNg = T‘Q)])(ﬁl =T1,NnNgy = T2|D)dT1dT2
Tl,T2€R>0>< 1 ‘Vl]

+

/ p(ﬁl (S S|D,’FL1 =Try,NnNg = rz)p(ﬁl =71,Ny = TQ‘D)dTldTQ
r1,r2€RS 0 X |V| ]

/ p(m € S|D,ny = r1,ng = ro)p(ity = 11,09 = 1| D)dridra + 6
1, T2€R>(}>< 1 ‘VH

e*p(m € S|l§,ﬁ1 =r1,n9 =19)p(My =71,N2 = r2|D)dr1dr2 +9

r1,r2€RS o X [1,]V]]
< / e2p(m e S|l§,ﬁ1 =r1,n9 =19)p(My =71,N2 = r2|l§)dr1dr2 +4
r1,72€RS 0 XR>0
=e*p(m € S|D)+ 6
where inequality * follows Claim C.10 and inequality ** follows Claims C.11 and C.9. O
Claim C.13. Given ng,m and |W/| < Nynin, lines 19-25 of Algorithm 1 are (¢, 9) differentially private with respect to D.
Proof of Claim C.13. Mark [ ~ Lap(%), and D as a neighbouring dataset to D. Eq. 42 proves the claim.

p(S|D,|W| < Nmin, My n2) = p(S N {null} D, [W| < tumin, ™, n2) + p(S N {null}|D, |W| < nmin, M, na)
< ep(S N {null}| D, W] < nunin, 1, 12) + 6 < ep(S| D, |W| < dihna) + 6

where the first inequality is true from eq. 43 and the Laplace mechanism’s privacy guarantees for nyy.

(42)

1))21_5 (43)

. 1 1 N
p(null\D, |W‘ < nmimm7n2) Zp(ﬂw < Nppin + E IOg(%”Dv |W| < nmin;manZ) > p(l <= IOg(2§

O
Claim C.14. Line 25 of Algorithm 1 is (e, ) differentially private with respect to D for |W| > npin and given ng, m

Proof of Claim C.14. For a given ng and m the group W can change by up to one sample for a neighbouring dataset. Mark
P2

n=|W|and c=m. As n > n;l, then n> > n)t > nb?, and therefore W € D(n,y1,zp, 1, ¢), as defined in eq. 5.
Because W € D(n,vy1,xh, x1,¢), n > np1, and n > nye, the problem of sampling from p(8|W) for |W| > n,:, holds the
constraints of Claim D.27. Therefore one sample from p(6|W) is (e, §) differentially private. O

Claim C.15. Lines 19-24 of Algorithm 1 are (e,0) differentially private with respect to D for |W| > N and given 1, ns.

Proof of Claim C.15. The only data released in lines 19-24 is ny,. Since the I1-sensitivity of |W| given 1, ny is 1, then the
Laplace mechanism ensures (¢, 0) differential privacy. O

Corollary C.16. Lines 19-25 of Algorithm 1 are (2¢,0) differentially private with respect to D for |W| > n., and given
7’er7 na.

Corollary C.16 follows directly from Claims C.15 and C.14.
Corollary C.17. Lines 19-25 of Algorithm 1 are (2¢,9) differentially private with respect to D given 1, na.
Corollary C.17 follows directly from Claims C.16 and C.13.



APPENDIX D
AUXILIARY CLAIMS

Appendix D contains claims used to simplify the otherwise complex proofs throughout the paper.

A. Stochastic Gradient Langevin Dynamics Privacy

This subsection provides auxiliary claims for SGLD privacy analysis performed in subsection A-D. It uses the notations
defined in section IV, subsection IV-B, and subection A-D, specifically: o, 3,0, p(y|x, 0) (defined in eq. 4), D(n,v1, Tp, 71, )
(defined in eq. 5), D1, D (defined in eq. 8), 1, 0;, ],MJ,MJ,UJ,UJ (defined in subsection IV-B), and A, A , p, p (defined in eq.
22).

2
Claim D.1. p-L = "B
plf)\ o¢+na:}215

Proof of Claim D.1.

1 n 5 1 9 1 nex? 3
p— = Sncry = ncx}f = .
1-x 2 h 1_(1 Q(Ol-f'n(‘gh)zﬁ)) "atnaif T a+naip
O
n—1 n n
Claim D.2. pi52— + pAn~! = afjj; (1—=Am).
Proof of Claim D.2.
1— )\n—l 1— )\n—l + )\n—l —_\" 1—\" ncx2ﬂ
)\n—l — = = h 1-\"
Py tr ”( ) > p(lA) a+m,§ﬂ( )
where the last equality holds from Claim D.1. O
)\" ! n— »B n(3y\— 1
Claim D.3. p( )—f—p)x = O;L:z;iﬁ (T=2"(Ex"t+ 1))
Proof of Claim D.3.
1—n! 1— ! 1 1— 32 =t — 2xn
A)\n—l _ 7)\71—1 _ 4 4
p( 1— X >+p p( 1— X >+p4 ”( )
3y — 1
L, 1—A" (3A 1+ 1) _ ncxig 1 » §)\,1+1
1—A a+nx; 3 4 4
where the last equality holds from Claim D.1. O
. 1 3_5_3
Clalm D.4. Z)\ + i )\ = Zga
Proof of Claim D.4.
1 3 .+ 1 3 n 1
- f—/\:f(l—f 2 ) - — - = —na?
1771 (- gladna®s)) g g\ @ g
1 3
= g (a—l— meﬁ — 1 (cx +nx25)) =15
O

Claim D.5. Vk € Z+ :

(1— Akm) (1 . XATH) . (1 _ (;wﬂ)))’“ <1 el (leA+ i))

— A"‘lzga (1 - m’“"—l)) - AR(=D) (X’f - )\’“) (1 - )\”‘15\) .



Proof of Claim D.5.

4

— vl (i/\ +22X) 4 Ak (Ak (1 _anl (iA + )) — Ak (1 - 5\)\"1)>
n—1 1 k(n—1 k n—1 1 k n—13
- - - 1— SA+S) ) =N (1 -
A (4/\4— A) A A N CPE A ( A )\)
_* )\n—lgga_F Ak(n—l) (Xk (1 _ )\n—l A 3

—* A"~ 124 )\k(n 1) (j\k (1 _ )\n—l

_ n71773 kyn—1yk(n—1) 37’ k(n—1) (\k (1_ n71A>_ k(l_ n71A>)
=A 5 1% — NEAn=ty 12% o+ A A ATTEA A AR
_ >\n71§ﬂ ( )\k}\k(n 1)) + )\k(n 1) (5\]0 )\k) (1 _ )\nflj\) )
42
where equality signs marked by * hold from Claim D.4. O

Claim D.6. Vk € Zog : A Y23 A= D\ (A"—lp T i Ai) = A (1 — Nhn) neif
Proof of Claim D.6.

kn—1

, 1—)\’m . nexpf
)\Z)\(n XSV <)\L 1p+pZ)\z>_p)\Z)\z 5= Aﬁ#o_)\kn)

where equality * follows from Claim D.I. O

c1-(A"TA . nex? n _
) = 3G el (1o (a4 D)),

Claim D.7. Vk € Zso : A Y20 A=Di3 (A”*lﬁ FpY 2
Proof of Claim D.7.

5\k71 )\(nfl)jj\j )\nfl )\z o ()\n 1)\> >\n71 . 1 — )\n1
2 v Z e (e 025
N\ Kk
_ Xl _ (An_l/\) nerp, (1 o <3)\1 i 1))

1— 1\ a+nzif 4 4

where equality * follows from Claims D.1 and D.3. O
Claim D.8. vk € Rug i ANF = MAPA = A ANEX™ (32714 1) = (1= Anmt) (Wert = ) o Aipnt (31),
Proof of Claim D.S.

fes cc 3 1 . . 1 3
k __ ykyny k kyn [ ©y—1 — ) — \kH1 o n—1) _ Yk+1 -1 = e
AT = AFATA = AN 4 AN (4)\ +4) A (1 A\ ) A <1 A (4>\+ 4)>

_* )\k:+1 (1 75\)\7171) 75\k+1 <1 7An71 ()\+ 4;’ )>

= (1= At (W = ) g g (ig )

where equality * holds from Claim D.4. O



Claim D.9. Vk € Z+ :

) 3 ) (o (0 2)
= (A=4) (1= )+ anis (4 Do (1~ j\k/\k("_l))> 4 (1 ) (3 e,

Proof of Claim D.9.

AL =) (1= A1) ( An- 1>\)k> (1 /\"( - ))
=A-A-A"A < C’lx 1+1>) AR (AA’f AFXTA — ANF 4 ANE AT <3A1+D>
S ( = %A Ly i)) — (D) <(1 — ALY (WL R gy (iga>>
S P P (A - <i + 1)\)> — AR(=D) ((1 = ALY (WL QL) o f e <i;’ >)
= A A-An1A ( (A + %g )) — AR ((1 — ALY (WL AR Ry <i’2’ >>
= (A= 4) (1= Ay A <4ga (1- ka”l))) £ RO (1= A (B pk )

where equality * follows from Claim D.8 and equality ** follows from Claim D.4.

Claim D.10. Vk € Z~ :

A (1= AF) >\1_<)\n_1)\>k (1>\n (ik1+1>>

1—An—1) 4

_ ()\ _ 5\) n At (ng(lj\;:‘kl)‘k(n 1))) L \k(=1) (5\k+1 _ )\k-i-l) '

Proof of Claim D.10.

- (A”—lﬁ\)k 5 . 1
A (1= ) —Am (1—A" <4>\ 1+4>)
fo 1A ) e (1) (0 )
(1)

B (}\ B 5\) . An—1 (%ga (1;\; )\kl)\k(nl))) ko (5\k+1 ) )\k+1>
T o=

where first equality is true from Claim D.9.

An—l(3n _Skyk(n—1)
Claim D.11. Vk € Z- : <08 <)\ PO QIQ,(;A:_f >)) +(p—p)>0.

a+nT B



Proof of Claim D.11.

At (30 (1 - AeakeeD) )

ncwhﬂ s R
A—A+ - +(p—
o+ naZp T omi (p—»n)
n—1(3n _ Yk yk(n-1)
:M )\—5\—1—)\ <4204<1 o )> —l—ﬂncxzﬁ 1—1
o+ nzif 1— A1 2" 4
2
nexy 8 n 2 n 1,
=l ] —(1-21 =
ot nazpl " g (@t nath) ( 2(“*4“ B))
n—1(3n _ Ykyk(n-1)
+ g (4204(1 e )>)+Snncx26
1— An—t 427"
_ ncmhﬁ _§ﬂ( 26) + AT (%ga (I_Ak)‘k(n_l)» +§7 2 5
Ta+nap | a2\ 1 1 12"

n— 3 Nk k(n—
nexs 3 At (Zgo‘ (17>‘ A U)) n 2 3 3n  3n na?B
= - nex ———
a+nxip 1 — \\n-1 W2\42  42a+n2?8
-1(3 3k \k(n—
_ _nexp A (Zga(l_)\ . 1))) + nez;, ﬁ 3n (| _ _na®p
N o+ nzif 1 — A\n-1 hq 2 a+nx2s
>0
where the last inequality holds because A, A< 1and a>0. O
Claim D.12. L > A2 22280 is sy for all k such that 0 < k < 5= log, (m) -1
Proof of Claim D.12.
1 1— \~2kn
> 2
a T
11
Mo (1-A?) <12 =
arn
211 —2kn
NM==(A?=1)>\ =
arn
211 2 —2kn
I+X==(A72-1)> A =
an
k> g 1+i(1—A2) —
= on oA an
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Claim D.13. é ()\A(”_l)) > 772” . )\QZ 25;3 ()\ZAQ(H_U) is true for all k € Z>0 k < 10g>\ (m)

Proof of Claim D.13. First, note that the inequality can also be written as

n—1 k—1 .
1 ) a 2(j—k)
D BPED (AW*U) .
i=0 =0

Second, the right—hand term of the inequality could be upper bound as in eq. 44. Therefore, for the claim’s inequality to hold,

it is enough that 2 > pA—21- ’\/\22 , which is proved by Claim D.12 to be true for 0 < k < 5-logy, (ﬁ
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Claim D.14. 1 (AA"—l) > ()\)\"—1) Sy A2 is true for all k € Lo+ k < 5 log), (ﬁ)
Proof of Claim D.14. Eq. 45 holds because \, A< 1. By multiplying both sides with Z?:_Ol A%, we get eq. 46. Then, noticing

that the right term equals to the right term of Claim D.13 inequality, and hence smaller than the left term of Claim D.13
inequality, Claim D.14 is proved.

(XA“*)Z) <1< Z( A 1) ‘ (45)
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Claim D.15. The inequality
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holds for all k € Z~y and xh,é’ >3,n > 2am2ﬁ xglﬁ.
h

Proof of Claim D.15. We start with eq. 47, where the first inequality holds because A < 1 and r > 1, and the second inequality
holds because A < . Using eq. 47, we can lower-bound the left-hand side of the claim’s inequality. We continue with eq. 48,
where the inequality holds because \ < A and r > 1. This allows us to upper- bound the rlght s1de of the claim’s inequality.
Given these lower and upper bounds, it’s enough to show that )\2”( PR R A n) > nt T /\2 , which according to eq. 49

[y
is equivalent to showing that (2nz}B3 — 1)2 X2(k+Dn 4 2(2)2" — 1) > 0. Since n > 2%,26 x;ﬁ, Claim D.18 applies, and
h 2

-2

2 Yo
therefore \* > e *%”. Consequently, it’s enough to show that (2nz? 8 — 1)L X2+Dn 1 2(2¢ *2% — 1) > 0, which is true
for 273 > 3 by Claim D.16.
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Claim D.16. For 23 > 3, the inequality (Qe_ﬁ —1) > 0 holds.

Proof of Claim D.16. It’s easy to see that the inequality holds only if 23 > =2 =2

Claim D.17. For k as defined in Lemma A.6, and the conditions of Claim D.18:

2
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Proof of Claim D.17.
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where the fourth equality holds from eq. 50 and the second inequality holds from D.18.
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T . Since —% < 3, the claim is proved.
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Claim D.18. For the conditions of claim D.20:

1 _ 2
O
o+ nx2p

Proof of Claim D.18. The proof is easily deduced from Claims D.19 and D.20 O

Claim D.19.

lim (1 — M — o228
dm (= o) e
. .. . ln(lfﬁ) . . ln(lfﬁ) 0
Proof of Claim D.19. From eq. 51, it is enough to find lim,, o, ——*". Since lim, o, —*=*~ = 3, and both

the numerator and denominator are differentiable around oo, the use of 2IZ’H(?)pital’s rule is possible as shown in eq. 52, with
the result proving the claim.

1
ln(l—*r)

2n 2n atnz2p
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Claim D.20.
1 1 d 1 1

s ———— . Lo~
n>2ax2ﬁ z2[3 dn( o+ nx?j

)?" < 0.

Proof of Claim D.20. First, we find a simplified term for the derivative:

2n
O T e )
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1 an 1 1 2
(12> 2111(1 5 )+2n - cal 5 (53)
o+ nz?f o+ nz?f 1= omzs  (a+nz?B)

1 2n 1 an2ﬂ
_ (1 M) (21n (1 a—l—anB) + (a+na2B —1) (a+mc26)>.

A lower bound for the [n term can be found using Taylor’s theorem as shown in eq. 54, where 0 < £ < m
1 1 11 1 ? 1 1 1 2
In{1- 5 =— - = 5 <————=-| ——5 (54)
a + nz?f a+nz?f  2(1-¢)° \a+na?j a+nr?g 2 \a+nz?p
From eq. 53 and 54, it is enough to find the conditions for which (a+m2ﬁﬁ’”12)fa+m26) < aJﬂizzB + %(a+n11,2ﬁ)2. A

simplified version of this inequality is found at eq. 55, and it can be easily seen that for o > %(Wgﬁ + 1), and therefore also
for n > 515 — o35, this inequality holds.
nz?f - 1 . 1 1
(a+nz2B —1)(a+na2B)  a+na?f 2 (a+nz?f)?
0 < 202 4 2nz?Ba — 2a — 2na’ B+ o+ na’pf — 1
0 < nr?f2a—1)+a2a—1) -1

(55)

2

(eW —-2)+ ﬁ and the conditions of Claim D.18, k defined in Lemma A.6 is positive.
h

Claim D.21. For n >

«a
xi,ﬁ



Proof of Claim D.21. The claim’s inequality is simplified at eq. 56:
k>0

1 1
—1 — | -1>0
on Ogk<1+o}n(1—v)>

1
I > 2n <—
Og*<1+;(1 A)) "

1“( i)

) <2nhn\ = (56)

> 2n <—

2 2
By Claim D.18, A=2" — 1 < e*n? — 1; therefore it is enough to find conditions for e*nf —1 < ain(l — \2), which is done at
eq. 57. As this condition matches the claim conditions, the claim is proved.
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B. Posterior Sampling Privacy

This subsection provides auxiliary claims for the posterior sampling privacy analysis performed in subsection IV-A.
It uses the notations defined in section IV, subsection IV-A, and subection A-B, specifically: «,f,6,p(y|z,0) (de-
fined in eq. 4), D(n,y1,xp,x;,¢) (defined in eq. 5), p(9|D),p(9\ﬁ),0,u,a,ﬂ,&,(02)§,V (defined in subsection IV-A),
D, D, %y, Yn, &n,Gn, 7, q (defined in eq. 18).

Claim D.22. For n > 1+ 102—’2‘5 the inequality (o + (2 + x2)B) > v(22 — 22) holds.

i
Proof Claim D.22. Notice that (o + (z + 22)8) > 1528 > 15(n — 1)z} and vei > v(22 — x2). Therefore a sufficient
condition will be that %O(n 1)z?3 > va?, which is equivalent to n > 1+ wh 12”. O



Claim D.23. (02)% is positive.

v

Proof Claim D.23.

oy * 9 .2 v 1—v
0°) =vo'+(1—-v)o” = + =
O, = S = B T e G 59
B vie+ (z+22)B8)+ (1 —v) (a+ (2 +22) B) _a+ (z+a2) B+v (a2 — 22)
- (a+(z+23)B) (a+ (2 +27) B) (et (z+23)P) (a+ (2 +32)B)
therefore, a sufficient condition is that o + (2 + 22)3 + v(22 — 22) > 0. Since the condition of Lemma A.1 dictates that
n>1+ 10%%, then Claim D.22 holds, and therefore the condition is satisfied. ]
l

Claim D.24. The value In  can be bounded as following:

2

mZ < __T*h
6~ 2(n—1)a?
Proof of Claim D.24. For z,, < x,, the term In Z is negative and the claim trivially holds. For Z,, > x,,, consider ¢; = (nﬁ)ﬁ :
1
=t Eawn B wf et (46 (59)

(n—1)af = z+2} ~ at+(z+a)B  a+(z+23)8
From eq. 59, by Taylor theorem:

¢ 72
e a+(z+22)6

“A=1l+4c14+—(c1)?>14¢ > ————/C
© ATy (e1) “ a+ (z+22)8

where 0 < ¢ < c;. Consequently, because the natural logarithm is monotonically increasing, the following equation also holds:

1 1. a+(z4+2,)8 o
Se > o AT ETIIP g, T
2cl>2na+(z+xn)5 "%

2
Therefore In 2 < % (nﬁ‘)z%. =

Claim D.25. For the conditions of Lemma A.l, the value of % (v—1)In % can be upper bounded as following:
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5 )D(UZ);—z(” )2((n—1)x%—um2)
Proof of Claim D.25. Consider ¢ =
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where inequalities * holds under the assumption that n > 1 + Vﬁ—z, and last equality holds from eq. 58. Therefore, by using
1

Taylor theorem:
: et 52
661 :1+Cl+7(01)2 > 1+C1 2 @

2
where 0 < ¢ < ¢;. From this inequality, and because the natural logarithm is monotonically increasing, it is true that
In ﬁ < ¢;y. Therefore
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Claim D.26. For the conditions of Lemma A.l, the value %(“ ) is bounded by
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Proof of Claim D.26. Flrst, we bound | — fi:
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where inequality * is true because the conditions of Lemma A.1 dictates that n > 1+ z’l 12”, and according to Claim D.22

1

this guarantee that 15(a + (z 4+ 22)8) > v(22 — 22). Inequality ** follows from n >> 1= (n — 1)z; ~ na;. O

Claim D.27. For the conditions and definitions of Lemma IV4, one sample from the posterior is (¢,0) differentially private
for the following conditions on n and v:

21In(%
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Proof of Claim D.27. By Lemma A.1, one sample from the posterior is (e; + 12( =, 0) differentially private. For each of the

six terms of €1 + lﬁ(j), the lower bounds on n and v, found at equations 60, 61, 62, 63, 64, and 65, guarantee that the sum
of terms is upper bounded by €. These bounds match the claim’s guarantee over n and v, thus proving the claim.




In(3).

v—1"°
In(3) e
v—1 2
(60)
2In(1
G) 1,
€
2
fL'h .
For [CENEE
z7 < £
2(n—1)zf — 16
228 ©b
n>1 —’21*
z7 €
B Ul D12
For s —nar-—rapy’
(v —1)va3 < €
2((n— 1)z —vx?) ~ 16
1 2
T T
2 (n—1)azf —vz; ~ 16 (62)
1 16vz}
5=1 th <(n-1)22 —va?
1 16v22 2 > -1
n>14+-(v-1) V§h+yaj'2’:1—|—uacf2‘(l+8(y ))
2 €T; z; o €
l
20u6w% €
9nl=2mgz2 = 8
16 Vﬁxjt 1—9
g < o
4 1—2~
n > (16:62 ) 1
TOECEZ
V{L’4 [e3 ./132 cTn
For 20 héz;r wB) (T;fji):
20vz} (o + 23 ) (et+n) < £
9z} n?=mn T8
3 16v z}(a+228)
n2 WIE?.FL%TJ.(CJFRM) (64)
1
n> J'M'(C"‘”%) .
€ 1071
For term SVmﬁgaw;Gr;iﬁ)Q ) (C+Z;1)2
Svah(a+2iB)?  (c+n")? c €
9283 n3 -8
5 _ 4v 102} (a + 22 3)?
w2 Y HEEAE ey
!
1 (65)
v 10z (a+ 23 6)? :
n> (E . W e+ M2
!
4 10 4 2 0\2 % 2
o> (V . W) (c+n)3
!



Claim D.28. Forc = n",y; <y < 3 5, and the conditions and definitions of Lemma IV.4, one sample from the posterior is
(e,9) differentially private for followzng terms on n and v:
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Proof of Claim D.28. Claim D.27 provides lower bounds on n such that one sample from the posterior will be (e, §) differential
privacy. When ¢ = n72,~3 > 71, these bounds can be refined.
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. Consequently it’s enough that
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where the inequality holds because Lemma IV.4 dictates that n > 1+ 102
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APPENDIX E
CLIPPED GRADIENTS
Previous work [15] suggested training machine learning models using an SGLD-inspired learning step with clipped gradients
to get differentially private models. Given the definitions in section III-B and a gradient clipping threshold C' € R>?, the SGLD-
inspired learning step with clipped gradient is

b
. n Vo, Inp(y;. |0, x;,
Ojr1 =05+ L Vo, Inp(0;) + 3 Z Vo, Inp(y;, [0, i)/ max(1, Vo, (ycil - J)Hz) + V1585

2 :
=1 (66)

i; ~uniform{l,..,n}
& ~N(0,1).

We repeated the attack described in subsection V with models that were trained with the learning step described in eq. 66.
The models were trained with clipping threshold C' = 0.2, a learning rate of 0.001°, and a batch size of 4. We created a
novel sample, (z*,y*), and used 200 models to train the classifier and another 200 models on which we used the classifier to
estimate the DP lower bound. Lastly, we used the ”Opacus” framework [44] to run the experiment.

Figure 3 depicts the model’s accuracy as well as lower (elebm Py and upper (e,) bounds over €, given § = 10~°. The lower
bound has a confidence value of 90%, i.e., P(e > €,"") > 0.9025, while the upper bound is computed using the “"Opacus”
framework [44] in Rényi-DP terms (See definition II1.3) and converted to (¢, d)-DP terms using Lemma II1.4.

From figure 3, we see that the attack did not succeed in showing a privacy breach. However, we also see that the maximum
accuracy is 90.6% (which is 8% lower than the accuracy for models trained with SGLD, as shown in figure 2).
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Fig. 3. Lower (671) P) and upper (e,5) bounds over the differential privacy of the LeNet5, SGLD based, training process with clipped gradients over MNIST
for a given ¢, for learning rate 0.001, a batch size of 4, and clipping value of 0.2. Upper bound was calculated in Rényi-DP terms (See definition IIL.3) using
[44] and converted to (e, ) -DP terms using I1L.4.

3Effective learning rate after multiplication by SGLD’s normalization factor, i.e. 755 See learning step in eq. 66 for details.



