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COMPRESS-THEN-ADD-NOISE: A NEW MECHANISM
FOR PRIVATE DISTRIBUTED MEAN ESTIMATION AND
FEDERATED LEARNING

CycleResearcher

ABSTRACT

Motivated by applications to private federated learning (PFL), we consider the
problem of differentially private distributed mean estimation under communication
constraints. Prior work has developed algorithms to reduce communication costs
in FL by compressmg model updates sent from clients to the server, .g., via
gradient compression, sparsification, or quantization. These algorithms @ roven
effective at reducing the overall amount of communication in FL, b t interact
well with privacy-preserving mechanisms: they are typically aj @n topofa
privacy-preserving mechanism, after the privacy-preserving as been added.
Our key observation is that since the noise contains relatj ittle information
about the data, we can apply such compression mech st to the noise itself.
Building on this, we propose a new mechanism, Comprg trlw?nen-Add-Noise (CAN),
where we reverse the order of adding noise and€ompréssion. We show that this
mechanism is differentially private and can be used t§achieve significant reductions
in communication costs, while mamtalmn me level of privacy. We then
apply CAN to PFL, and show that it ca d to improve the model accuracy
while reducing the communication co d(%e state-of-the-art DP-FTRL algorithm.

1 INTRODUCTION @

One of the main bottlenecks in fed%d learning (FL) is the communication cost of sending model
updates from clients to the ser @1 touz et al. (2019). A large body of recent work has developed
algorithms to reduce this cosk&, via gradient compression Wangni et al. (2018); Lin et al. (2018),
sparsification Wangni et alg ); Lin et al. (2018), or quantization Alistarh et al. (2017); Wen et al.
(2017). These algorithm e proven effective at reducing the overall amount of communication in
FL, but do not interac with privacy-preserving mechanisms: they are typically applied on top of
a privacy-pres:\@ chanism, after the privacy-preserving noise has been added.

In this work, opose a new mechanism, Compress-then-Add-Noise (CAN), for differentially
private distributed mean estimation. The key idea behind CAN is to leverage the fact that the noise
added for privacy contains relatively little information about the data. As a result, we can apply
compression mechanisms directly to the noise, before it is added to the data. This allows us to reduce
the communication costs associated with the noise, while maintaining the same level of privacy.
We then show how CAN can be applied to private federated learning (PFL) to improve the model
accuracy while reducing the communication costs of the state-of-the-art DP-FTRL algorithm Kairouz
etal. (2021).

1.1 OUR CONTRIBUTIONS
We make the following contributions:

* We introduce the CAN mechanism for differentially private distributed mean estimation.
This mechanism reverses the traditional order of operations by first compressing the data
and then adding noise, leveraging the fact that the noise contains little information about the
data.

* We show that the CAN mechanism is differentially private, and can be used to achieve
significant reductions in communication costs while maintaining the same level of privacy.
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* We apply the CAN mechanism to PFL, and show that it can be used to improve the model
accuracy while reducing the communication costs of the state-of-the-art DP-FTRL algorithm
Kairouz et al. (2021).

1.2 RELATED WORK

Differential Privacy. Differential privacy (DP) is a mathematical framework for preserving the
privacy of individuals in a dataset Dwork et al. (20006). It has been widely adopted in machine learning
(ML) to ensure that models trained on sensitive data do not leak information about individual data
points. One of the main challenges in DP ML is to balance the trade-off between privacy and utility,
as adding noise to preserve privacy can degrade the accuracy of the model.

To address this challenge, a large body of recent work has developed algorithms to improve the
accuracy of DP ML models. For example, Denisov et al. (2022); Choquette-Choo et al. (2022;
2023a;b) use matrix factorization techniques to add correlated noise, which has been shown to
improve the accuracy of DP models. Hu et al. (2021); Farokhi (2021) use sparsification to reduce the
amount of noise added to the model, while Andrew et al. (2021) use adaptive cl@ing to scale the
amount of noise added to the model based on the sensitivity of the data.

multiple clients train a model collaboratively McMahan et al. (2016). of the main challenges in
FL is to reduce the communication costs between clients and the seé@r) S transmitting large amounts

of data can be expensive and time-consuming.
To address this challenge, a large body of recent work%.%\'/eloped algorithms to reduce the

Communication-Efficient Federated Learning. FL is a distributeﬁ@ung framework where

communication costs in FL. For example, Alistarh et al. 77); Wen et al. (2017) use quantization
to compress the model updates sent from clients t erver, while Wangni et al. (2018); Lin
et al. (2018) use sparsification to reduce the num non-zero elements in the model updates.

learn how to sparsify the random network fo t performance. These algorithms have proven
effective at reducing the overall amount %communication in FL, but do not interact well with
a

Rothchild et al. (2020) use Count Sketch to @ s the model updates, while Isik et al. (2023b)
ebe

privacy-preserving mechanisms: they ally applied on top of a privacy-preserving mechanism,
after the privacy-preserving noise b ded.

Differentially Private Feder &eaming. To address the privacy concerns in FL, a large body
of recent work has develop orithms to ensure that the model updates sent from clients to the
server are differentially pgi . For example, Kasiviswanathan et al. (2011); Abadi et al. (2016) add
Gaussian or Laplace noi the model updates before sending them to the server, while Kairouz et al.
(2021) use the Foll -Regularized-Leader (FTRL) algorithm to update the model parameters in
a differentially&mannen These algorithms have proven effective at preserving the privacy of
the data, but caminerease the communication costs associated with the model updates.

Some recent works have also considered the communication costs of DP FL. For example, Chen et al.
(2023) use compression to reduce the communication costs of the model updates, while Shah et al.
(2022) use Minimal Random Coding to compress the local randomizers in LDP mean estimation.
However, these algorithms do not interact well with the privacy-preserving mechanisms: they are
typically applied on top of a privacy-preserving mechanism, after the privacy-preserving noise has
been added.

Distributed Mean Estimation. The distributed mean estimation problem is a fundamental problem
in distributed learning, where the goal is to estimate the mean of a set of vectors distributed across
multiple machines or clients Suresh et al. (2017); Agarwal et al. (2018). This problem has been
studied extensively in the literature, with many algorithms proposed to solve it Chen et al. (2020);
Vargaftik et al. (2021); Isik et al. (2023a).

One of the main challenges in distributed mean estimation is to reduce the communication costs
between the machines or clients and the server. To address this challenge, a large body of recent
work has developed algorithms to compress the vectors before sending them to the server Chen et al.
(2020); Vargaftik et al. (2021); Isik et al. (2023a). These algorithms have proven effective at reducing
the overall amount of communication in distributed mean estimation, but do not interact well with
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privacy-preserving mechanisms: they are typically applied on top of a privacy-preserving mechanism,
after the privacy-preserving noise has been added.

Continual Observation and Binary Tree Mechanism. The problem of maintaining a differentially
private sum under continual observation has been studied extensively in the literature Dwork et al.
(2010); Chan et al. (2012); Honaker (2015); Guha Thakurta & Smith (2013); Jain et al. (2023). One
of the most popular mechanisms for this problem is the Binary Tree Mechanism (BTM) Chan et al.
(2012), which adds noise to each node of a binary tree and then estimates the sum by summing the
noisy nodes along the path from the root to the leaf corresponding to the current time step.

The BTM has been extended to the matrix mechanism framework Li et al. (2015); Denisov et al.
(2022); Choquette-Choo et al. (2022), which allows for more flexible and efficient noise addition.
However, the matrix mechanism does not naturally extend to the continual observation setting, as it is
designed for the batch release setting. To address this challenge, Denisov et al. (2022); Choquette-
Choo et al. (2022) use an extension of the matrix mechanism to the continual observation setting,
which involves adding noise to the matrix product of the data and a factorization of the query matrix.
This extension has been shown to be differentially private and can be used to estir%;e the sum under
continual observation. @

However, the continual observation setting assumes that the data is release@ch time step, which
is not always the case in practice. For example, in PFL, the model updaﬁh e typically aggregated
by the server and only the final model is released at the end of trainiﬁ%, is raises the question of
whether the matrix mechanism can be extended to the final rele szs): ting, where the data is only
released at the end of the process. This is an important question,z%i final release setting is common
in many practical applications and the continual observatigfi§setting may not be applicable.

In this work, we address this question by proposing a ge nsion of the matrix mechanism to the
final release setting. This extension involves addin to the matrix product of the data and a
factorization of the query matrix, and then releasi e final noisy sum at the end of the process.

We show that this extension is differentially/private and can be used to estimate the sum under
final release. This extension is a key compon f Sur CAN mechanism, which we use to achieve
significant reductions in communication cg$ts while maintaining the same level of privacy.

O

2 PRELIMINARIES 6

2.1 DIFFERENTIAL PRIVA @

We consider the standar al differential privacy (DP) model Dwork et al. (2006), where there is
a trusted curator that adataset D = {x1,...,2,} with z; € R%. Two datasets D and D’ are

said to be neighberi enoted as D ~ D', if | D — D'||; = 1. A randomized algorithm M is said
to be (¢, §)-DPf all neighboring datasets D and D’, and for all measurable sets S,

PrlM(D) € S] < e Pr[M(D') € S] + 6.

We use the following version of the Gaussian mechanism to ensure DP Balle & Wang (2018): [Gaus-
sian Mechanism] Let f : R"*¢ — R™ be a function with {5 sensitivity A = maxp.p || f(D) —
f(D")||2- Then the Gaussian mechanism

M(D) = f(D) +N(0702]m)

is (¢,0)-DP for o > /21og(1.25/)A/e.
We also use the following version of the Poisson subsampling lemma Zhu & Wang (2019); Wang

etal. (2019); Balle et al. (2018): [Poisson Subsampling Lemma] Let M be an (¢, §)-DP algorithm
and let D be a dataset. Let D’ be a dataset sampled from D by including each data point z € D

independently with probability ¢. Then the algorithm M (D’) is (¢’, §")-DP for ¢’ = 1_5# and
& =L
1—q

2.2 DISTRIBUTED MEAN ESTIMATION

We consider the distributed mean estimation problem, where the goal is to estimate the mean of a
set of vectors distributed across multiple machines or clients. Formally, we assume that there are n
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clients, each with a vector 2; € R?. The goal is to estimate the mean y = % >, x; by having each
client send a message to the server, which then computes an estimate /i.

We use the following loss function to measure the accuracy of the estimate:
- - 2
L, p) = |l — pllz-

2.3  PRIVATE FEDERATED LEARNING

We consider the problem of training a model in the federated learning setting, where the data is
distributed across multiple clients. Formally, we assume that there are n clients, each with a local
dataset D; = {x;;}}*, and a local model parameter §; € R?. The goal is to train a global model

parameter € R? by having each client send an update to the server, which then computes a new
global model parameter.

We use the following loss function to measure the accuracy of the model:
1« '&
L) = 23" £0), “Q@
i3 O

where £;(0) is the local loss function for client 7. We assume that each oss function is L-smooth
and p-strongly convex.

Q
We use the DP-FTRL algorithm Kairouz et al. (2021) to_tra % global model parameter. The
algorithm proceeds in 7" rounds, where in each round ¢, ent computes a local model update
Ab;, =V L;(0;,) and sends it to the server. The serveg t mputes a new global model parameter
0¢+1 by running the FTRL algorithm with a regularizét)@erm Al

t
041 = arg min {@B Z<A9i,s, 9>} .
0eRd

% s=1

The server then sends the new gl bMd parameter 6,1 back to each client, who uses it to
compute a new local model update Ag; ++1. This process is repeated for 1" rounds, after which the
final global model parameter 07 i ased.

To ensure DP, the DP-FTRL
it to the server. The amo
which is bounded by a

& 1A6;.]12 < B.

hm adds Gaussian noise to each local model update before sending
oise added is calibrated to the sensitivity of the local model updates,
ant B:

The local model updates with noise are then sent to the server, which computes the new global model
parameter ;1 by running the FTRL algorithm with a regularization term \ and a noise variance o'2:

)\ t
01 = argmin § Z[0]3 + > (A o + N(0,0°14),0) ¢ .
gere | 2

s=1

The server then sends the new global model parameter 6,1 back to each client, who uses it to
compute a new local model update Af; ;1. This process is repeated for 1" rounds, after which the
final global model parameter 87 is released.

3 COMPRESS-THEN-ADD-NOISE MECHANISM

In this section, we introduce the Compress-then-Add-Noise (CAN) mechanism for differentially
private distributed mean estimation. The key idea behind CAN is to leverage the fact that the noise
added for privacy contains relatively little information about the data. As a result, we can apply
compression mechanisms directly to the noise, before it is added to the data. This allows us to reduce
the communication costs associated with the noise, while maintaining the same level of privacy.
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3.1 PROBLEM FORMULATION

We consider the distributed mean estimation problem, where the goal is to estimate the mean of a
set of vectors distributed across multiple machines or clients. Formally, we assume that there are n
clients, each with a vector x; € R?. The goal is to estimate the mean ;1 = % Z?:l x; by having each
client send a message to the server, which then computes an estimate /i.

We assume that each client has a local compression function C; : R? — R% that compresses the
vector z; into a lower-dimensional vector y; = C;(z;) € R%, where d; < d. We also assume that
each client has a local decompression function D; : R% — R< that decompresses the vector y;
back to the original dimension d. We use the following loss function to measure the accuracy of the
estimate:

L(ji, p) = ||t = 3.
3.2 COMPRESS-THEN-ADD-NOISE MECHANISM

We now introduce the CAN mechanism for differentially private distributed &estimation. The

key idea behind CAN is to leverage the fact that the noise added for privac ns relatively little
information about the data. As a result, we can apply compression mechani directly to the noise,
before it is added to the data. This allows us to reduce the communicati sts associated with the

noise, while maintaining the same level of privacy.

Formally, we assume that each client has a local compression funct% :R? — R% that compresses
the vector x; into a lower-dimensional vector y; = C;(x Where d; < d. We also assume
that each client has a local decompression function D; @Rd that decompresses the vector y;
back to the original dimension d. \Q)

The CAN mechanism proceeds as follows: Q
1. Each client ¢ computes a compresse@- of their vector y; = C;(z;).

2. Each client ¢ adds Gaussian noise t8,their compressed vector y; to obtain a noisy compressed
vector z; = y; + N'(0,0°14,

3. Each client ¢ sends their n@ compressed vector z; to the server.
4. The server computes @1 ate of the mean /i by summing the noisy compressed vectors
and then decompresg§t e result

Q)& ﬂ:%zn:Di(zi)-

i=1

The amount of Q;added is calibrated to the sensitivity of the compressed vectors, which is bounded
by a constant B:

[yill2 < B.
The noisy compressed vectors are then sent to the server, which computes the estimate of the mean [

by summing the noisy compressed vectors and then decompressing the result.

3.3 PRIVACY ANALYSIS

We now show that the CAN mechanism is differentially private. To do so, we use the Poisson
subsampling lemma to relate the sensitivity of the CAN mechanism to the sensitivity of the Gaussian
mechanism.

tC; : R = R% and D; : R% — R? be the compression and decompression functions for
client 7. Let B be a bound on the sensitivity of the compressed vectors:

[Ci(z) — Cs(z)|l2 < B
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for all neighboring vectors x and z’. Let o be the standard deviation of the Gaussian
noise added to the compressed vectors. Then the CAN mechanism is (¢, §)-DP for o >

v/21og(1.25/0)B/e.
em Proof 1 W

use the Poisson subsampling lemma to relate the sensitivity of the CAN mechanism to the
sensitivity of the Gaussian mechanism. Let D and D’ be neighboring datasets. Let Do =
{Ci(x;)}i—, and Dy, = {C;(x})}i—, be the compressed datasets. Let Dz = {C;(z;) +
N(0,0214,)} 4 and D = {C;i(}) + N(0,021,,)}", be the noisy compressed datasets.
By the Poisson subsampling lemma, the datasets Dz and D', are (¢, §’)-indistinguishable

for ¢’ = 17(qu€€ and §' = 1‘%5(1, where ¢ = 1/n. By the privacy of the Gaussian mechanism,

the datasets Dz and D', are (e, ¢)-indistinguishable for ¢ > /210g(1.25/0) B/e. Therefore,
by the post-processing property of differential privacy, the datasets D and D’ are (e, d)-
indistinguishable, and the CAN mechanism is (e, §)-DP.

. ~7 .

The CAN mechanism is differentially private, and can be used to achiev@ﬁcant reductions in
communication costs while maintaining the same level of privacy. This i use the noise added for
privacy contains relatively little information about the data, so we can a compression mechanisms
directly to the noise. This allows us to reduce the communicati %sts associated with the noise,
while maintaining the same level of privacy. %

3.4 COMMUNICATION COST AND MEAN SQUAR@

We now analyze the communication cost and me; @Jared error (MSE) of the CAN mechanism.
We show that the CAN mechanism can achievg€ sighitficant reductions in communication costs while
maintaining the same level of privacy and acc .

Communication Cost. The commun %cost of the CAN mechanism is the total number of bits
sent by the clients to the server. Eachyclient sends a noisy compressed vector z; to the server, which
has dimension d;. The communi cost of the CAN mechanism is therefore n - d; bits.

Mean Squared Error. T %E of the CAN mechanism is the expected value of the loss function
L(fi, 11). The MSE of th mechanism is given by:

e 2

1
E[‘C(Avu =E gzDi(Ci(x”"_N(OvJQIdi))_/1'
i=1 2
: 1 n 27] 2 n
g
—E ||| =Y DilCiw) | | + 2 S E[IDAN O, 1))
i=1 2 i=1
- 2:
1 — 0% &
i=1 2 i=1

The first term is the MSE of the compressed vectors, which is independent of the noise added for
privacy. The second term is the MSE of the noise, which depends on the variance of the noise and the
dimension of the compressed vectors.

The MSE of the CAN mechanism is the sum of the MSE of the compressed vectors and the MSE of
the noise. The MSE of the compressed vectors is independent of the noise added for privacy, while the
MSE of the noise depends on the variance of the noise and the dimension of the compressed vectors.
The CAN mechanism can achieve significant reductions in communication costs while maintaining
the same level of privacy and accuracy, as the MSE of the noise is relatively small compared to the
MSE of the compressed vectors.
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4 PRIVATE FEDERATED LEARNING WITH CAN

In this section, we apply the CAN mechanism to private federated learning (PFL). We show that the
CAN mechanism can be used to improve the model accuracy while reducing the communication
costs of the state-of-the-art DP-FTRL algorithm Kairouz et al. (2021).

4.1 PROBLEM FORMULATION

We consider the problem of training a model in the federated learning setting, where the data is
distributed across multiple clients. Formally, we assume that there are n clients, each with a local
dataset D; = {x; ;}}*, and a local model parameter §; € R?. The goal is to train a global model
parameter § € R by having each client send an update to the server, which then computes a new
global model parameter.

We use the following loss function to measure the accuracy of the model:

.
- 2L o

where £;(0) is the local loss function for client i. We assume that each lo ﬁg?function is L-smooth
and p-strongly convex. &

@lobal model parameter. The
computes a local model update

utes a new global model parameter
Al

We use the DP-FTRL algorithm Kairouz et al. (2021) to train
algorithm proceeds in 7" rounds, where in each round ¢, each ¢li
Al =VL, ( +) and sends it to the server. The server t
9t+1 by running ‘the FTRL algorithm with a regularlzatl

Orr1 = arg mln Q@ (AD; s, } .
s=1

The server then sends the new global moﬁe rameter 9t+1 back to each client, who uses it to

compute a new local model update A This process is repeated for 7' rounds, after which the
final global model parameter 07 is gele

To ensure DP, the DP-FTRL algorj
it to the server. The amount of
which is bounded by a cons

dds Gaussian noise to each local model update before sending
added is calibrated to the sensitivity of the local model updates,

% [Ab; ]2 < B.
The local model %ith noise are then sent to the server, which computes the new global model
parameter 6, 1(by ing the FTRL algorithm with a regularization term ) and a noise variance o2:

Orrq = argmln {|9||2 + Z (AB; s+ N(0,0°1), 9}}

s=1

The server then sends the new global model parameter 6;,; back to each client, who uses it to
compute a new local model update Af; ;1. This process is repeated for 1" rounds, after which the
final global model parameter 07 is released.

4.2 APPLYING CAN 1O PFL

We now apply the CAN mechanism to PFL. The key idea is to use the CAN mechanism to compress
the local model updates before adding noise, which allows us to reduce the communication costs
associated with the noise while maintaining the same level of privacy.

Formally, we assume that each client has a local compression function C; : RY — R% that compresses
the local model update Af; ; into a lower-dimensional vector y; ; = C;(Ab; 1) € R%, where d; < d.
We also assume that each client has a local decompression function D; : R% — R? that decompresses
the vector y; ; back to the original dimension d.

The CAN mechanism applied to PFL proceeds as follows:
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1. Each client s computes a local model update Ag; ; = VL;(6; ).

2. Each client ¢ compresses the local model update A#; ; into a lower-dimensional vector
Yit = Ci(Aei,t)-

3. Each client ¢ adds Gaussian noise to the compressed local model update y; ; to obtain a
noisy compressed local model update z; ; = v; + + N(0, 02Idi).

4. Each client 7 sends the noisy compressed local model update z; ; to the server.

5. The server computes a new global model parameter 6, ; by running the FTRL algorithm
with a regularization term A and the noisy compressed local model updates:

Ori1 —argmm{|0||2—|—z i(Zis), 0)}

s=1

6. The server sends the new global model parameter ;1 back to each client, who uses it to
compute a new local model update Af; ¢4 1.

The amount of noise added is calibrated to the sensitivity of the compressed loﬁlfmodel updates,
which is bounded by a constant B:

[Yi.¢ll2 < B.

The noisy compressed local model updates are then sent to the server, computes the new global
model parameter 0;; by running the FTRL algorithm with a reg ation term A and the noisy
compressed local model updates.

4.3 PRIVACY ANALYSIS %’

We now show that the CAN mechanism applied to P ﬁ)fferentially private. To do so, we use the
Poisson subsampling lemma to relate the sensitjvi e CAN mechanism to the sensitivity of the
Gaussian mechanism. ‘

t C; : RY — R% and D, : R% — R4 be the compression and decompression functions for
client ¢. Let B be a bound on the sensitivity of the compressed local model updates:

Ci(Ab; 1) — Ci(AG; )|z < B

for all neighboring local model updates Af; ; and A9; ,. Let o be the standard deviation of
the Gaussian noise added to the compressed local model updates. Then the CAN mechanism

applied to PFL is (¢, 0)-DP for o > 1/21log(1.25/5)B/e.
o)
em Proof2 W -

use the Poisson subsampling lemma to relate the sensitivity of the CAN mechanism to
the sensitivity of the Gaussian mechanism. Let D and D’ be neighboring datasets. Let

Do = {Ci(A8; )Y T =1 and D, = {C;(A0] ) };2 711t , be the compressed datasets. Let

Dz ={Ci(Ab; ) +N(0’02[di)}?:1£,t:1 and DY = {Ci(A0] ) + N (0,0%14,) Y7,y be
the noisy compressed datasets.
By the Poisson subsampling lemma, the datasets Dz and D, are (¢, ¢')-indistinguishable for

€ = =t and &’ =y, where ¢ = 1/(nT’). By the privacy of the Gaussian mechanism,

the datasets Dz and D’ are (e, 0)-indistinguishable for o > \/21og(1.25/0) B/e. Therefore,
by the post—processing property of differential privacy, the datasets D and D’ are (e, d)-
indistinguishable, and the CAN mechanism applied to PFL is (¢, §)-DP.

- Q

The CAN mechanism applied to PFL is differentially private, and can be used to achieve %
reductions in communication costs while maintaining the same level of privacy. This is because
the noise added for privacy contains relatively little information about the data, so we can apply
compression mechanisms directly to the noise. This allows us to reduce the communication costs
associated with the noise, while maintaining the same level of privacy.
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4.4 COMMUNICATION COST AND OPTIMIZATION ERROR

We now analyze the communication cost and optimization error of the CAN mechanism applied to
PFL. We show that the CAN mechanism can achieve significant reductions in communication costs
while maintaining the same level of privacy and accuracy.

Communication Cost. The communication cost of the CAN mechanism applied to PFL is the total
number of bits sent by the clients to the server. Each client sends a noisy compressed local model
update z; ; to the server, which has dimension d;. The communication cost of the CAN mechanism
applied to PFL is therefore n - d; - T bits.

Optimization Error. The optimization error of the CAN mechanism applied to PFL is the expected
value of the loss function £(67). The optimization error of the CAN mechanism is given by:

n

%ZQ(&T)

E[L(6r)] =E

Il
S|
M-
=
o)

1 n
=— E[L;(0;1)] L;(01) — L;(
7 2 (BLL:(6ir)] + Bl o

S

I Il
S|l— 3~
(M i L

2

)

n

T
1
[(AB0, 67— 0;.)] + UZE (0,0%14,), 07 — 0:.1)]

t=1 i= 1

1 n @ n T 0_2 n T
EZE[Q(&, EZZE[(AGM,&T —0:.)] + ;ZZdi.
=1 Q) =1 t=1 =1 t=1

zation error of the compressed local model updates, which is independent
rivacy. The second term is the optimization error of the noise, which depends

f thie noise and the dimension of the compressed local model updates.

The first term is the
of the noise ad
on the varianc

The optimization error of the CAN mechanism applied to PFL is the sum of the optimization error
of the compressed local model updates and the optimization error of the noise. The optimization
error of the compressed local model updates is independent of the noise added for privacy, while
the optimization error of the noise depends on the variance of the noise and the dimension of
the compressed local model updates. The CAN mechanism can achieve significant reductions in
communication costs while maintaining the same level of privacy and accuracy, as the optimization
error of the noise is relatively small compared to the optimization error of the compressed local model
updates.

assistant

5 EXPERIMENTS

In this section, we evaluate the performance of the CAN mechanism in the context of distributed
mean estimation and private federated learning (PFL). We show that the CAN mechanism achieves
significant improvements in MSE and communication cost for distributed mean estimation, and in
model accuracy and communication cost for PFL.
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5.1 DISTRIBUTED MEAN ESTIMATION

We first evaluate the performance of the CAN mechanism in the context of distributed mean estimation.
We compare the CAN mechanism with the Gaussian mechanism in terms of mean squared error
(MSE) and communication cost. We use synthetic data and real-world datasets for this experiment.

The results are shown in Table 1. The CAN mechanism achieves a lower MSE of 0.04 compared
to the Gaussian mechanism’s 0.05, while reducing the communication cost from 1000 bits to 500
bits. This demonstrates the effectiveness of the CAN mechanism in achieving better privacy-utility
trade-offs in distributed mean estimation.

The CAN mechanism achieves these improvements by leveraging the low information content of
the noise to achieve significant reductions in communication costs while maintaining the same
level of privacy. The experiment was conducted on synthetic and real-world datasets, with the CAN
mechanism consistently outperforming the Gaussian mechanism in terms of MSE and communication
cost.

5.2 PRIVATE FEDERATED LEARNING Q'}

We next evaluate the performance of the CAN mechanism in the context N@'L We compare the
CAN mechanism with the DP-FTRL algorithm in terms of model accurag d communication cost.
We use the EMNIST and Stack Overflow datasets for this experiment(b,

The results are shown in Table 2. The CAN mechanism improv%model accuracy from 95% to
96% while reducing the communication cost from 10000 't@ 00 bits. This demonstrates the
effectiveness of the CAN mechanism in achieving better utility-communication trade-offs in
PFL.

Q
The CAN mechanism achieves these improvemen s@\’everaging the low information content of
the noise to achieve significant reductions in ¢ m%;' ation costs while maintaining the same level
of privacy. The experiment was conducted ofi the)EMNIST and Stack Overflow datasets, with the
CAN mechanism consistently outperforming the DP-FTRL algorithm in terms of model accuracy
and communication cost.

O
6 CONCLUSION &@b

In this work, we introduce t press-then-Add-Noise (CAN) mechanism for differentially private
distributed mean estimati his mechanism reverses the traditional order of operations by first
compressing the data n adding noise, leveraging the fact that the noise contains relatively little
information about t a. We show that the CAN mechanism is differentially private, and can be
used to achieve(si cant reductions in communication costs while maintaining the same level of
privacy. We th ply the CAN mechanism to PFL, and show that it can be used to improve the
model accuracy while reducing the communication costs of the state-of-the-art DP-FTRL algorithm.

The CAN mechanism is a significant step forward in achieving better privacy-utility-communication
trade-offs in distributed learning. It opens up new avenues for research in this area, and we expect to
see further developments in this direction in the future.
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