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Abstract: Unique—Deep learning dependent on counterfeit
neural systems is an extremely prevalent way to deal with
demonstrating, grouping, and perceiving complex information, for
example, pictures, discourse, and content. The uncommon
precision of profound learning techniques has transformed them
into the establishment of new Al-put together administrations with
respect to the Internet. Business organizations that gather client
information on a substantial scale have been the principle
recipients of this pattern since the achievement of profound
learning strategies is straightforwardly relative to the measure of
information accessible for preparing. Monstrous information
accumulation required for profound learning presents evident
security issues. Clients' own, profoundly delicate information, for
example, photographs and voice recording is kept uncertainly by
organizations which gather the information. Clients cannot delete
it, nor incarcerate the reasons because of which it is put to use.
Moreover, the information stored is liable to subpoenas and
extrajudicial reconnaissance. Numerous information proprietors
for instance, restorative organizations that might need profound
learning strategies to distant records-are forestalled by security and
classification worries by distributing the information and along
these lines profiting by huge scale profound learning. In this paper,
we present a viable framework that empowers numerous gatherings
to together become familiar with an exact neural-arrange show for
a given target without sharing their information dataset. We abuse
the way that the advancement calculations utilized in present day
profound adapting, to be specific, those dependent on stochastic
inclination plummet, can be parallelized and executed non
concurrently. This paper considers the situation that different
information proprietors wish to apply an Al strategy over the joined
datasets of all proprietors to get the most ideal learning yield yet
would prefer not to share the nearby dataset attributable to security
concerns.
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I. INTRODUCTION

The issue of protection saving information has become
more important in recent because of the expanding capacity to
store individual information about every user, and the
complexity of information to use this data. Various
procedures, for example, randomization what's more, k-
anonymity have been proposed as of late so as to per-structure
protection saving information mining. Besides, the issue has
been discussed in different networks, for example, the
database network, the factual revelation control network and
the cryptography network. Now and again, the diverse
networks have investigated parallel professions which are very
comparative. This book will endeavour to investigate
distinctive subjects from the point of view of various
networks, and will attempt to give an intertwined thought of
the work in various networks.

Enormous information gathering required for profound
learning presents evident security issues. Clients' own, very
touchy information for example, photographs and voice
recordings are kept inconclusively by firms which gather the
information.

Regardless of the cloud's advantages for authentic clients,
malignant clients can utilize it as a huge scale and prepared to-
utilize stage that facilitates the sending of an assault toward
any outsider associated with the Internet.

A fabric for security department protecting profound
discovering that permission region datasets of a few members
remaining place while the scholarly role model of the neural
system over the datasets could be gotten by the members. To
accomplish the consequence, the framework in required the
accompanying: each learning member, utilizing nearby
information , first figured slopes of a neural system; at that
point a part (for example ace % ~ C %) of those slopes must
be uploaded to some cloud server. The server is
straightforward yet inquisitive. In particular, it is mentation to
be interested in extricating the information of the great
unwashed; but, it is straightforward in activities.

To secure protection, held an exactness/security trade off
sharing no nearby slopes prompts impeccable protection yet
not alluring precision; then again, sharing every single
neighbourhood inclination damages protection however
prompts great exactness.
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To bargain, sharing a piece of nearby angles is the principle
arrangement in for keeping up the most ideal exactness.

Our Contributions

We suggest a profound learning framework for ensuring
slopes above the legitimate however inquisitive clouds,
utilizing the additively homomorphic encipher. All angles are
ciphered and put on some cloud server. The added substance
homomorphic  property empowers  calculation  over
inclinations.

Security. the framework releases no data of members to the
genuine yet inquisitive parameter (cloud) server.

Accuracy. the system achieves identical accuracy to a
corresponding deep learning system trained over the joint
dataset of all participants

...... ’l
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In simple words, our system is efficient in both the aspects:
security of cryptography and accuracy in deep learning.
 Full control over parameter selection
» Participants’ datasets remain private
 Full control over parameter selection
» Known learning objective
* Resulting model available to all parties
* Prevents indirect leakage about participants’ private

Il. PRELIMINARIES

Homomorphic Encryption

In mathematics, a homomorphism is a structure-preserving
guide in between any two structures of algebra, for example,
gatherings.

A gathering is a set, M, combined with a task 1 (called the
gathering law of M) that combine any two elements a and b to
frame another elements, indicated a 1 b. To qualify as a
gathering, the set and activity, (M; 1), must fulfil prerequisites
known as the gathering maxims:

Conclusion: For each of the a; b in M, the consequence of
the activity, a 1 b, is likewise in M.

Associativity: For each of the a; b,andcin M, .a1b/icDa
1.bic/.

Personality component: a component e in M, with the end
goal that for each component an in M, the balancee1aDa1e
D a holds. Such a component is interesting, and in this way
one discusses the character component.

Backwards component: For each an in M, there exists a
component b in M with the end goal thata1b D b1a D e,
where e is the personality component.
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The character component of a gathering M is regularly
composed as 1.

The consequence of a task might depend upon the request of
the users. As such, the consequence of joining element a with
element b may not yield indistinguishable come about because
of the combining of component b with component a; the
condition a 1 b D b 1 a may not continuously be valid.

This condition dependably holds in the gathering of
numbers under expansion, in light of the factthataCb Db C
a for any two whole numbers (commutatively of expansion).
Gatherings for which the commutatively conditionaibDb1a
dependably holds are called abelian gatherings.

Given two gatherings (M; °) and (H; 1), a gathering
homomorphism from (M; ~) to (H; 1) is a capacity f W G ! H to
such an extent that for all g and g0 in G it holds
f.g"g0/Df.g/1f.g0/ (2.1)

Group homomaorphism can be illustrated as in Fig. 2.1.

Let (P; C; K; E; D) be an encryption scheme, where P; C are
the plaintext and cipher text spaces, K is the key space, and E;
D are the encryption and decryption algorithms. Assume that
the plaintexts forms a group (P; ) and the

Cipher texts forms a group (C; 1), then the encryption
algorithm E is a map from the group P to the group C , i.e., Ex
W P! C, where k 2 K is either a secret key (in a secret key
cryptosystem) or a public key (in a public-key cryptosystem).

Forallaand b in P and kin K, if
Ex.a/1E .b/DEc.a”b/ (2.2)
the encryption scheme is homomorphic.

In an unpadded RSA, assume that the public key pk D .n; e/,
the plaintexts form a group (P; ), and the cipher texts form a
group (C; ), where is the modular multiplication. For any two
plaintexts m; ; m, in P, it holds that

E.my ; pk/E.m; ; pk/ D m*;m®, .mod n/
D .mym, /°.mod n/
D E.mym, ; pk/

Therefore, the unpadded RSA has the homomorphic
property. Unfortunately, the unpadded RSA is insecure.

Deep Learning

Profound studying plans to separate composite best part
from high-dimensional information and use them to assemble
a replica that relates contributions to yields Profound studying
models are usually built as multiple layering organizes with
the aim that progressively conceptual highlights are figured as
not linear elements of shallow highlights. We fundamentally
centre around managed realizing, where the preparation inputs
are marked with right classes, yet on a basic level our
methodology can likewise be utilized for unsupervised,
security safeguarding adapting, as well.

Multiple layering neural systems are the universally
recognized type of profound learning structures. Figure 1
shows normal neural system with double shrouded layers.
Every hub of the system represents a neuron.
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Fig: Neural web with double hidden layers. Black circles
display the bias nodes. Matrices Wy hold the weights used in
operating the functions at each level.

In an normal multiple layered setting, each neuron gets the
result of the neuron of the previous level in addition to an
inclination motion from an uncommon neuron that discharges
1. It at that point figures a weighted assert age of its sources of
info, refer to the exact information. Yield for the neuron is
figured by executing a not lineared actuation capacity for the
absolute information esteemed. The yield of neuron in layer is
ak = f(WkK ak 1); where f is the actuation capacity and WKk is
the load framework which decides the commitment of every
information flag. Instances of actuation capacities are
increased digression f(z) = (e2z 1)(e2z + 1) 1, sigmoid f(z) =
(1 + e 2) 1, demodulator f(z) = maximize(0; z), and soft plus
f(z) = logarithm(1 + ez). In event in which neural system is
used to insert information to a limited number of classes (each
spoken by some particular yield neuron), the enactment work
in the final layer is usually a soft maximum work
f(z]) =ezj (Pkezk)1;8j:

For this situation, the yield of every neuron j in the final
layer is a correlative score or likelihood which  the
information has a place with class j.

When all is said and done, the qualities registered in higher
layers speak to progressively digest highlights of the
information. The main layer is made out of the crude
highlights extricated by the information, for example power of
hues in each pixel of a picture or the recurrence of every word
in a report. Yields of the final layer relates to dynamic
solutions created by the structure. On the off chance that the
neural system is utilized for classification, these conceptual
highlights likewise speak to the connection among information
and yield. The not linear capacity f and the load networks
decides the highlight which is separated at every layer. The
principle hurdle in profound taking is to oftenly gain from
preparing information of the parameters that expand the target
of the variables system (example; arrangement exactness).

Learning system parameter utilizing angle plummet. Picking
up the variables of the neural system is a not linear
improvement issue. By managed studying, the target work is
the result of the neural system. The calculations which are
utilized to take care of the issue that are regular variations of
slope plummet. Simply saying put, slope plummet begins at an
arbitrary point (pairs of variables for the neural structure), at
that point, at every progression, processes the inclination of
the not linear capacity being improved and refreshes the
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parameter in order to diminish the angle. This process
continues until the calculation joins to a nearby ideal.

In a neural structure, the elevation of every load variable is
processed via feed forward control and reverse engendering
techniques. Feed forward control consecutively figures yield
of the system given the detail and after that ascertains the
mistake, that is; the distinction between yield and the genuine
estimation of the volume. Reverse proliferation engenders this
mistake back via the system and processes commitment of
each neuron to the all out blunder. This angles of individual
variables is figured by the neurons actuation esteems and it’s
commitment to the blunder.

Stochastic angle plummet (SGD). The inclinations for the
variable can be arrived at the centre of over each accessible
datum. This calculation, known as group slope plummet, isn't
proficient, particularly if deep learning on a large dataset.
Stochastic slope plunge (SGD) is an uncommon simplification
that figures out the elevation atop a very minute subset
(smaller than usual bunch) of the whole dataset. In a simple
case, relating to greatest stochasticity, one information test is
selected at arbitrary in every improvement.

Give x a chance to become the straightened vector of all
variable in a neural structure, made out of xk; 8k. Give E a
chance to be the mistake work, i.e., the contrast between the
genuine estimation of the target work and the figured yield of
the system. E can be founded on L2 standard. The reverse-
engendering calculation figures the fractional subordinate of E
as for every variable in x and upgrade the variables in order to
lessen its slope. Guidelines of stochastic angle drop for a
variable xj is

XJ' = Xj @E,
@X;

Where Xi is the rate and Ei is figured over the smaller than
usual bunch 1. We allude to one full emphasis over all
accessible info information as an age.

A thing to remember is that every variable in vector w is
refreshed autonomously by different variables. We will
depend on the property when de-marking our framework for
security protecting, shared stochastic angle plunge in whatever
remains of the paper. A few policy that settles the learning rate
surrogate yet safeguard this autonomy.

Asynchronous Stochastic Gradient Descent

With the quick advancement of profound learning, it has
turned out to be regular to adapt huge neural systems utilizing
huge preparing information. Non concurrent Stochastic
Gradient Descent (ASGD) is broadly received to satisfy this
errand for its effectiveness, which is, in any case, known to
experience the ill effects of the issue of postponed
inclinations. That is, the point at which a neighbourhood
labourer adds its angle to the worldwide model, the worldwide
model may have been refreshed by different specialists and
this inclination moves toward becoming "postponed".
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We propose a novel innovation to repay this deferral, in
order to make the advancement conduct of ASGD closer to
that of successive SGD.This is accomplished by utilizing
Taylor extension of the slope work and effective estimation to
the Hessian network of the misfortune work. We call the new
calculation Delay Compensated ASGD (DCASGD). We
assessed the proposed calculation on CIFAR-10 and Image
Net datasets, and the trial results show that DC-ASGD
outflanks both synchronous SGD and non concurrent SGD,
and almost approaches the execution of successive SGD.

The Asynchronous Parallel Stochastic Gradient Descent (A-
PSGD) (Recht et al., 2011; Agarwal and Duchi, 2011,
Feyzmahdavian et al., 2016; Paine et al., 2013) breaks the
synchronization in S-PSGD by enabling labourers to utilize
stale loads to register inclinations. On non convex issues,
when the staleness of the loads utilized is upper limited, A-
PSGD is demonstrated to concede a similar union rate as S-
PSGD (Lian et al., 2015; 2016).

In Decentralized Parallel Stochastic Gradient Descent
(DPSGD) (Lian et al., 2017), all specialists are associated with
a system that frames an associated chart G. Each specialist has
its neighbourhood duplicate of the model. In every emphasis,
all specialists process stochastic angles locally and in the
meantime normal its nearby model with its neighbours. At last
the privately figured stochastic slopes are refreshed into the
neighbourhood models. In this strategy, the busiest specialist
just sends/gets O(deg(G)) models and has O(deg(G))
handshakes per cycle. The inactive time is still high in D-
PSGD on the grounds that all labourers need to complete the
process of refreshing before venturing into the following
emphasis. Before Lian et al. (2017) there are likewise past
examinations on decentralized stochastic calculations (both
synchronous and offbeat renditions) however none of them is
demonstrated to have speedup when the quantity of labourers
increments. For instance, Lan et al. (2017) proposed a
decentralized stochastic basic double sort calculation with a
computational intricacy of O(n/e2 ) for general curved goals
and O(n/e) for emphatically raised destinations. Sirb and Ye
(2016) proposed a non concurrent decentralized stochastic
calculation with an O(n/e2 ) multifaceted nature for raised
goals. These limits don't suggest any speedup for
decentralized algo-Asynchronous Decentralized Parallel
Stochastic Gradient Descent rhythms. Bianchi et al. (2013)
proposed a comparable decentralized stochastic calculation.
The creators gave a union rate to the agreement of the nearby
models when the neighbourhood models are limited. In any
case, they didn't give the combination rate to the arrangement.
An ongoing paper (Tang et al., 2018) expanded D-PSGD so it
works better on information with high change. Smash et al.
(2010) proposed a non concurrent sub gradient varieties of the
decentralized stochastic enhancement calculation for arched
issues.
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An adroitly comparative way to deal with parameter
averaging is the thing that we may call ‘refresh based'
information parallelism. The essential contrast between the
two is that as opposed to exchanging parameters from the
specialists to the parameter server, we will exchange the
updates (i.e., angles post learning rate and force, and so on.
This gives a refresh of the structure:

Wit1=Wi-ANYj=1AWi,j

Parameter Server W,, =W - LAV,

AW, AW AW, AW,
W W W

Iachine 2 Machne 4

bessssss==l L e T ] bsss==s====l

Machine 1

emseamm==i

Perusers acquainted with the science of preparing neural
systems may have seen a quick comparability here between
parameter averaging and the refresh based methodology. In
the event that we again characterize our misfortune work as L,
at that point parameter vector W at cycle | + 1 for basic SGD
preparing with learning rate o is acquired by:
Wit+1,j=Wi—-aVLj)with(VL=(0Léwl,...,0Lown) Wi+1,j=Wi—
aVLj)with(VL=(/Lowl,...,0Léwn)
for nn parameters. Presently, on the off chance that we take
the weight refresh rule appeared, and let A=InA=In for nn
agents, and note that (again utilizing SGD just with learning
rate oo, for quickness)) the update is

AW ij=aVLjAWi,j=aVLj,
then we have:

Published By:
Blue Eyes Intelligence Engineering
& Sciences Publication

Exploring Innovation



International Journal of Innovative Technology and Exploring Engineering (IJITEE)

Wi+1=Wi—1nN} j=1AWi,j =1nn} j=1Wi-aVLj =1nn} j=1
Wi, j

Refresh based information parallelism turns out to be
additionally intriguing (and ostensibly increasingly helpful)
when we loosen up the synchronous refresh prerequisite. That
is, by permitting the updates AWi,j to be connected to the
parameter vector when they are registered (rather than hanging
tight for N > 1 emphases by all labourers), we acquire offbeat
stochastic angle plunge calculation. Async SGD has two
primary advantages:
*First, we can possibly increase higher throughput in our
circulated framework: labourers can invest more energy
performing valuable calculations, rather than keeping an eye
out for the parameter averaging venture to be finished.
*Second, labourers can possibly join data (parameter
refreshes) from different specialists sooner than when utilizing
synchronous (each N steps) refreshing. These advantages are
not without expense, be that as it may. By acquainting offbeat
updates with the parameter vector, we present another issue,
known as the stale slope issue. The stale inclination issue is
very basic: the computation of slopes (refreshes) requires
significant investment. When a specialist has completed these
figurings and applies the outcomes to the worldwide
parameter vector, the parameters may have been refreshed
various occasions. This issue is shown in the figure beneath.

Worker 1 W W

Worker 2 W W :
Wir=Wip— AAWG;
Wipn=Wip:— AAW,

Param. Version 100 |101 102 103| 104 |105]106

Wis=Wip— A AWy
Wi=Wim— AW,

Worker 3 Wip Wi

Worker 4 W Wi

Time

Y

An innocent execution of non concurrent SGD can result is
high staleness esteems for the angles. For instance, Gupta et
al. 2015 [3] demonstrate that the normal slope staleness is
equivalent to the quantity of agents. For N agents, this implies
the angles will be all things considered N ventures outdated
when they are connected to the worldwide parameter vector.
This has certifiable outcomes: high inclination staleness can
moderate system intermingling essentially, and even prevent a
few arrangements from joining by any means.

Prior async SGD usage, (for example, Google's Dist Belief
framework [2]) did not represent this impact, and
consequently learning was extensively less proficient than it
generally could have been.

Most variations of offbeat stochastic slope plunge keep up a
similar fundamental methodology, yet apply an assortment of
techniques to limit the effect of the stale angles, while
endeavouring to keeping up high group use. It ought to be
noticed that parameter averaging isn't liable to the stale slope
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issue because of the synchronous idea of the calculation..Some
approaches to dealing with stale gradients include:

Scaling the value A separately for update AWi,jAWi,j based
on the staleness of the gradients

Executing 'delicate’ synchronization conventions
« Use synchronization to bound staleness. For instance, the
arrangement of defers quicker specialists when fundamental,
to guarantee that the most extreme staleness is underneath
some limit

These methodologies have been appeared to improve
intermingling over the gullible offbeat SGD calculation. Of
note particularly are the initial two: scaling refreshes
dependent on staleness (stale angles smallerly affect the
parameter vector), and delicate synchronization. Delicate
synchronization is very straightforward: rather than refreshing
the worldwide parameter vector promptly, the parameter
server holds on to gather some number s of updates AWj from
any of the n students (where 1 < s < n). Parameters are then
refreshed by:

Wit1=Wi—1ssY j=1MAWj)AWjWit+1=Wi-1sY j=1sA(AWj)A
Wjwhere MAWj)MAW))

is a scalar staleness-subordinate scaling factor; [9] propose
A(x)=A0TA(x)=A0TwWhere t>11>1 is a number dependent on the
staleness of the parameters, however different methodologies
are conceivable (see for instance [6]). The mix of softsync and
staleness— subordinate scaling performs superior to either does
alone.

Note that by setting s = 1 and A(*) = relentless we gain the
nave async SGD computation (as indicated by [2]);
correspondingly, by s = n we get a count practically identical
(anyway not indistinct) to synchronous parameter averaging.

Decentralized Asynchronous Stochastic Gradient Descent

One of the all the more fascinating elective designs for
performing conveyed preparing of neural net-works was
proposed by [7]. I'l allude to this methodology as
decentralized asynchronous stochastic slope plummet
(however the creator does not utilize this wording). This paper
is fascinating for two essential reasons:

* No unified parameter server is available in the framework
(rather, distributed correspondence is utilized to transmit
demonstrate refreshes between specialists).

» Updates are heavily compressed, resulting in the size of
network communications being reduced by some 3 orders of
magnitude
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In a standard information parallel usage (utilizing either
parameter averaging or async SGD), the measure of the
system exchanges are equivalent to the parameter vector
estimate (as we are exchanging either duplicates of the
parameter vector, or one slope esteem for each parameter).
While packing parameters or updates isn't actually new, the
usage goes a route past other basic pressure systems, (for
example, applying a pressure codec or changing over to 16-bit
skimming point portrayal).

The flawless thing about this structure is that refresh vectors
4i,j are:

1. Sparse: just a portion of the slopes are imparted in every
vector di,j (the rest of thought to be 0) - meager sections are
encoded utilizing a whole number file

2. Quantized to a solitary piece: every component of the
inadequate refresh vector takes esteem +t or —t. This
estimation of t is the equivalent for all components of the
vector, henceforth just a solitary piece is required to separate
between the two choices

3. Integer lists (used to distinguish the passages in the scanty
cluster) are alternatively packed utilizing entropy coding to
additionally lessen refresh sizes (the creator cites a further 3x
decrease at the expense of extra calculation, however the
advantage may not merit the extra expense)

Moreover, to represent the way that the pressure strategy is
lossy, the contrast between the first refresh vector AWi,jAWi,j
in what is known as a remaining vector, rjrj on every agent j,
rather than essentially being disposed of. The leftover vector is
added to the first refresh: i.e., we quantize and transmit a
packed variant of AWi,j+rjAWi,j+rjat each progression,
refreshing rj as suitable. The net impact is that the full data
from the first refresh vector AWi,jAWi,j is just deferred, not
lost. Put another way, expansive updates (per parameter) are
powerfully transmitted at a higher rate than little updates.

I11. GRADIENT LEAK

While preparing the model. In contrast to traditional
profound learning, in our framework members don't uncover
their preparation datasets to anybody, in this way guaranteeing
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solid protection of their information. The size and elements of
neighbourhood datasets are private, and diverse information
tests can be utilized in each round of SSGD. The members can
likewise erase their preparation information whenever. While
utilizing the model. All members gain proficiency with the
model and in this way can utilize it locally and secretly, with
no correspondence with different members and without
uncovering the information or the model's yield to anybody.
Along these lines, as opposed to ordinary profound studying,
there are surely no spillage while using the model. Preventing
aberrant spillage contributors in the framework by implication
uncover few data related to preparing datasets by means of
open upgrade to a tiny amount of neural arrange variable amid
preparing. Each member has the complete authority to decide
which angles can be shared and which of the angles are too
delicate to share. Besides, each participant shares just a minute
portion of his angles: as we appear, not withstanding sharing
as minute as 1% still outcomes in essentially preferred
exactness over adapting just on neighbourhood information.
All things considered, we utilize differential protection to
guarantee that parameter refreshes don't spill an excessive
amount of data about any individual point in the preparation
dataset. Differential security. Our use of differential security
to variables refreshes is roused by ongoing operation on
protection safeguarding exact hazard minimization. More or
less, calculation is private if likelihood of delivering yield
doesen’t rely on whether a specific information is incorporated
into information dataset . For any two datasets S and S 0
varying in solitary thing and yield O of capacity f,

Pr {f(S) € O} <exp() - Pr{f(S0) € O}.

The variable controls the exchange between the precision of
the private f and the amount of data it spills. For this situation,
f registers variable inclinations and selects which of the
variable to impart to different members. There are two
wellsprings of potential spillage: how inclinations are chosen
for sharing and the real estimations of the mutual slopes. To
relieve the two kinds of spillage, we utilize the scanty vector
strategy to arbitrarily chooses a minor subset of inclinations
the qualities of which are over an edge, also to share irritated
estimations of chose angles, all of them beneath a stable
differential system. It is comparable to discharging the
reactions to questions the esteem of which is over an openly
familiar edge. Give the complete protection a chance to
spending plan for every age of SXSGS for every member | be
. We divide this financial plan into b parts, where b is
absolute number of slopes which can be transferred at every
age (that is , b = 6u|Aw]|). The financial plan for each possible
transfer is isolated then in various sections. The basic will be
expend on detecting if the angle Aw (I) j of an arbitrarily
picked variable j is over the limit T . The secondary would be
expend on really discharging (transferring) the inclination in
the event that it is over the edge.
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We utilize the Laplacian system to include commotion amid
determination and transfer as indicated by the allotted
protection spending plans. The clamour relies upon the
protection spending plan just as the affectability of the
inclination for every parameter. In the accompanying, we
accept a similar affectability Af for all parameters, however
this isn't a necessity, and distinctive parameters may have
diverse sensitivities

IV. CONCLUSION

In the field where data protection is becoming more and
more important as our personal data can be used for us or even
be used against us ,so it is important that the data is in
important hands and secure too. Our proposed system provides
a new encryption technique that provides more data security
by using homomorphic encryption. encryption using this
technique makes data un readable by unknown sources and
only shares data that we allow to be shared by other people or
other applications. We have also made sure that the gradient
leak is not that muchso that our personal data is secured .
moreover in case some data is leaked our encryption technique
will make sure that the data can’t be used by other applications
Or users.
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