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Abstract
Private Information Retrieval (PIR) allows a client to pri-
vately access a database without revealing which element
is accessed. Initial PIR protocols based on Ring Learning
with Errors (RLWE) demonstrated the practicality of PIR, but
achieve limited throughput. Alternatively, high-throughput
protocols leverage an offline phase that requires substantial
client-side storage (e.g., hints in SimplePIR) or involve pro-
hibitive communication costs during the offline phase (e.g., Pi-
ano). These limitations conflict with the practical constraints
of resource-limited clients and are further exacerbated by
dynamic databases, where updates necessitate costly regener-
ation and retransmission of hints.

To address these challenges, we propose ZipPIR, a high-
throughput PIR protocol that compresses LWE ciphertexts
into significantly smaller Paillier ciphertexts. ZipPIR lever-
ages the offline phase to obtain this size reduction without in-
curring the associated computational cost in the online phase.
Moreover, under computational assumptions, ZipPIR features
an almost silent offline phase, requiring no communication
beyond an initial public key, enabling the server to indepen-
dently generate and update hints during idle times without
client interaction. ZipPIR achieves over 2 GB/s of throughput
— comparable to state-of-the-art protocols such as SimplePIR
— without the need for a large client-stored hint. For PIR over
a 1 GB database, ZipPIR has up to 10x higher throughput than
existing protocols with no client-side storage, while requiring
less than 200 KB of server-side storage per client, signifi-
cantly enhancing scalability for practical deployments. While
prior PIR protocols using Paillier are very inefficient, ZipPIR
is the first PIR protocol using Paillier that achieves throughput
that is competitive with state-of-the-art PIR protocols.

1 Introduction

Private Information Retrieval (PIR) enables a client to pri-
vately retrieve an element from a database without reveal-
ing to the server which element was accessed. PIR is an es-
sential functionality for privacy-enhancing applications such

Table 1: Performance of PIR over a 1 GB database for differ-
ent protocols. ∗ Results for a 1 GB database are extrapolated
from the paper. † The only client-side storage is a long-term
secret key.

Property PIR-with-keys†

[12, 13, 54]
Stateful PIR∗

[1]
LWE-based PIR

(SimplePIR [34, 44])
Sublinear PIR
(Piano [66]) ZipPIR†

Client-side Storage - 1 MB 128 MB 66 MB -
Offline Communication 600 KB - 13 MB 1 GB 128 MB 1 GB 400 B

Throughput < 1 GB/s < 500 MB/s 10 GB/s 126 GB/s 3 GB/s

as compromised credential checks [48], private contact dis-
covery [64], metadata-private applications [6], private block-
list lookups [46], private STC auditing [44], private messag-
ing [14], and private distributed file systems [53].

Existing PIR protocols operate in the multi-server or single-
server model. Multi-server PIR, while being an efficient so-
lution, relies on a strong assumption that the servers hold
identical copies of the database and do not collude. In con-
trast, single-server PIR [30], where a single server holds the
database, is compelling for the applications mentioned above
since ensuring multiple servers do not collude can be chal-
lenging in practice. Moreover, maintaining a consistent view
of a dynamic database among servers requires additional co-
ordination. Hence, in this paper, we focus our attention on
single-server PIR schemes.

Clients in the applications mentioned above typically have
limited storage and computational resources, e.g., browsers
and smartphones. Hence, we can classify existing protocols
based on the burden they place on the client.

PIR using client-specific keys. This approach to PIR
originated from XPIR [4] and was followed by recent
works [6, 12, 13, 54, 56]. While these protocols require no
client-side storage, they still suffer from low throughput, up
to hundreds of megabytes per second [54]. The primary rea-
son for this low throughput is that these protocols require a
large number of public-key operations, usually linear in the
database size.

PIR with client storage. Private stateful information re-
trieval [59] reduces server computation but requires clients to



maintain a large, database-dependent private state, which is
difficult for a resource-constrained client. Additionally, the
hint must be updated when the database is updated. More
recent high-throughput protocols based on Learning With Er-
rors (LWE), such as SimplePIR [44], FrodoPIR [34], and Dou-
blePIR [44], achieve high throughput that approaches memory
bandwidth, requiring only simple matrix-vector multiplica-
tion in the online phase. However, they require clients to store
large hints (128 MB for SimplePIR) that must be updated
whenever the database changes, making them impractical for
real-world scenarios. Another paradigm takes throughput opti-
mization to the extreme by proposing protocols with sublinear
online time [31, 41, 63, 66]. Such protocols perform offline
preprocessing such that the online work is only sublinear
in the database size, which is a substantial improvement for
very large databases. However, these protocols impose im-
practical client-side requirements. For instance, Piano [66]
requires streaming the entire database to the client during
preprocessing, while other approaches [31, 41, 63] demand
substantial client-side storage and computation, contradicting
the resource constraints of limited client devices.

Table 1 summarizes the limitations of existing work. Given
these limitations in existing approaches, we pose the follow-
ing question:

Can we construct a high-throughput PIR protocol without
placing storage burden on the client?

In this paper, we answer this question affirmatively by in-
troducing ZipPIR, a new PIR protocol that achieves both high
throughput and practical client-side requirements. Compared
to existing PIR protocols that fulfill the mentioned require-
ments such as HintlessPIR and YPIR, we show that ZipPIR
is up to 2.2x faster. Moreover, ZipPIR is the first PIR proto-
col using Paillier that achieves throughput that is competitive
with state-of-the-art PIR protocols.

1.1 Technical Overview
At the core of our approach is a novel technique for compress-
ing homomorphic ciphertexts based on LWE and Ring-LWE.
While our approach is independently applicable to protocols
using homomorphic encryption, we apply it to address the
challenges of PIR.

Compressing LWE Ciphertexts. (R)LWE ciphertexts are
commonly sent over the network in modern single-server PIR
protocols [13,44,54,55] and other applications that use homo-
morphic encryption [7, 25, 26, 52]. However, they suffer from
high ciphertext expansion factors, which is the ratio of cipher-
text size to its corresponding plaintext size. This expansion
factor directly impacts communication costs in client-server
architectures such as PIR [50, 62], through both query up-
loads (client-generated ciphertexts) and response downloads
(ciphertexts processed by the server). While there are effec-
tive methods to reduce upload costs [10,12,23,29,36,37], the

same techniques can not be applied to reduce download costs.
Previous efforts to address ciphertext size include switching
to smaller parameters in LWE-based schemes [57], perform-
ing modulus switching in RLWE-based schemes [2, 27], and
LWE-to-RLWE packing [24]. However, an LWE ciphertext
size remains proportional to O(n logq), where n and q repre-
sent the ciphertext dimension and modulus, respectively.

Our proposed compression technique reduces the size of
and (R)LWE ciphertext by exploiting the linear step in the
decryption of (R)LWE ciphertexts, which reduces a cipher-
text along its dimension, n. Since this step is linear, it can
be performed homomorphically on the server side using an
additive homomorphic encryption scheme (e.g., Paillier [58]),
allowing the server to return a single additive ciphertext to the
client. This compression technique achieves size reduction
of approximately 89% (from 6.8KB to 768 B) for a single
LWE ciphertext and up to 99% for a batch of LWE cipher-
texts. The only additional requirement is a small, reusable
compression key — the encrypted (R)LWE secret under the
additive scheme.

Constructing ZipPIR. Utilizing this compression tech-
nique, ZipPIR addresses the main bottleneck of the high-
throughput approach of SimplePIR [44]: the large client-side
hint. However, a direct application of compression would
result in prohibitive computational costs due to expensive
Paillier operations. PIR using additive schemes such as Pail-
lier have been known to be very slow due to these expensive
operations [1].

ZipPIR employs an offline/online paradigm to push all
expensive Paillier operations to the offline phase that can
occur during the server’s idle time. We use an alternative
representation for Paillier ciphertexts which enables an of-
fline/online split, whilst maintaining security. Importantly,
under computational assumptions, the client does not need
to communicate with the server during the offline phase, ex-
cept for a one-time Paillier public key and cryptographic seed.
This leaves the online phase with only two matrix-vector
multiplications, which are sufficient to achieve throughput
comparable to SimplePIR. Since the second matrix multipli-
cation is over a large modulus, we represent the operands in
RNS form to enable the use of efficient machine-level opera-
tions. Importantly, upon any database updates, the server can
redo the precomputation without any communication with the
client. While this requires the server to store a per-client state,
the nature of this state in ZipPIR differs fundamentally from
related work and is novel in the literature. Other protocols
store multiple megabytes of static, per-client information that
does not require updates over time. In contrast, ZipPIR main-
tains a much smaller per-client state—only a few hundred
kilobytes—which is refreshed per query, though this update
can also be performed silently, i.e., without interaction with
the client, and during the server’s idle time. While using an
offline phase is very common for PIR protocols using lattice-
based encryption schemes, our work is the first to propose a



practical offline/online protocol using Paillier.
Summary of Results. Our results demonstrate that Zip-

PIR achieves a throughput of 3 GB/s for a 1GB database
and 3.5 GB/s for a 2GB database, while maintaining only a
120 and 170 KB per-client per-query state, respectively. Zip-
PIR’s throughput is up to 10x higher than that of protocols
using client-specific keys. Aside from competitive runtime,
our work is the first to demonstrate that PIR using additive
schemes such as Paillier can be efficient and competitive with
pure lattice-based schemes.

2 Background

In this section and throughout the paper, we index the ith ele-
ment of the vector a as a[i]. We also define [n] = {0,1, · · · ,n−
1} and ⌊·⌉ denotes rounding to the nearest integer. x← D de-
notes the variable x sampled from a distribution D and x←$ S
denotes sampling x uniformly from a set S.

2.1 Homomorphic Encryption
Homomorphic Encryption (HE) is a form of public-key cryp-
tography which permits computation on messages while in
encrypted form, without the need to access the secret key.
Similar to other public-key cryptosystems, homomorphic ci-
phertexts are larger than the underlying plaintext. The ratio
between the ciphertext and plaintext is denoted as the expan-
sion factor.

2.1.1 LWE & RLWE ciphertexts

For this work, we describe a simple version of an encryp-
tion system based on the Learning With Errors (LWE) [62]
assumption which we will denote by ELWE. The most promi-
nent encryption schemes that have ciphertexts of this format
are Regev [62], FHEW [38], and TFHE(CGGI) [28].

ELWE uses the following parameters: dimension n, cipher-
text modulus q, plaintext modulus p, noise scale ∆ = ⌊q/p⌉,
a discrete error distribution over Zq called χ. We sample the
secret key, sk, from Zn

q. The encryption and decryption pro-
cedure for ELWE is shown in Algorithm 1.

Algorithm 1 Encryption and Decryption of ELWE

1: procedure LWEENCRYPT(sk,µ)

2: Sample a $←− Zn
q and e← χ

3: b = ∑i∈[n] a[i] ·sk[i]+∆ ·µ+ e mod q

4: return ct= (a,b)

5: procedure LWEDECRYPT(sk,ct= (a,b))
6: µ∗ =

(
b−∑i∈[n] a[i] ·sk[i]

)
mod q

7: µ′ = ⌊µ∗/∆⌉
8: return µ′

Fresh ciphertexts can be compressed to reduce network
costs. Since a is sampled at random, we can send the seed

used to generate a instead of the vector itself. Concretely,
instead of sending c = (a,b), the client can produce c̄ = (θ,b)
where θ←{0,1}λ is the seed of a cryptographically secure
PRG used to generate a, i.e., a← PRG(θ). With this technique,
fresh ciphertexts are only λ+ log2 q bits instead of n log2 q.

Similar to LWE, we can also construct an encryption
scheme based on the Ring Learning with Errors (RLWE) [50]
assumption. Cryptosystems such as BGV [20], BFV [18, 40],
and CKKS [27] have ciphertexts of a similar format. More
details regarding RLWE cryptosystems are provided in Ap-
pendix B.

2.1.2 Paillier Cryptosystem

The Paillier cryptosystem [58] is an additive cryptosystem
based on the computational intractability of the quadratic
residuosity problem. The plaintext space of Paillier is Zm for
m = pq, for two secret primes p and q and a Paillier ciphertext
is an element c ∈ Zm2 . The cryptosystem supports homomor-
phic additions between two ciphertexts, and plaintext multi-
plications. Throughout this paper, we denote Paillier addition
and plaintext multiplication as⊕ and⊗, respectively. We also
define PAILLIERMATMULm(C,P) which denotes a matrix
multiplication between a matrix of ciphertexts X ∈ Za×b

m2 and
matrix of plaintext values P ∈ Zb×c

m .

2.2 Private Information Retrieval

Private Information Retrieval (PIR) is a protocol where a
client retrieves an element from a database such that the
query is not revealed. A specific variant of PIR dubbed Of-
fline/Online PIR aims to push the costly operations to the
offline phase, such that the online phase is very efficient.
We rely on the definition proposed by Corrigan-Gibbs and
Kogan [31], where an offline/online PIR scheme is a tuple
Π = (SETUP,HINT,QUERY,ANSWER,RECONSTRUCT) of
five algorithms:

• (ck,qh)← SETUP(1λ,N) : a randomized algorithm that
outputs a client key (ck) and hint request (qh), given the
security parameter and database size.

• h← HINT(db,qh) : a deterministic algorithm that out-
puts a client-specific hint, given the database and the hint
request.

• qu← QUERY(ck, i) : a randomized algorithm that gen-
erates a query, given the client key and a desired index.

• ans← RESPONSE(db,qu) : a deterministic algorithm
that produces an answer, given the query and the
database.

• d← EXTRACT(h,ans) : a deterministic algorithm that
outputs a final response, given the hint and the answer.



Definition 1 (Correctness). A PIR protocol with preprocess-
ing consisting of the five aforementioned routines is δ-correct,
if for a domain D , any database db ∈DN and any i ∈ [N],

P

db[i] = f

∣∣∣∣∣∣∣∣∣∣
(ck,qh) ← SETUP(1λ,N)

h ← HINT(db,qh)
qu ← QUERY(ck, i)
ans ← RESPONSE(db,qu)

f ← EXTRACT(h,ans)

> 1−δ

(1)

Intuitively, the two pieces of information that the server ob-
serves, qh and qu, should not reveal any information about the
client’s query. This is formalized in the following definition
for single-server security of offline/online PIR [32, Definition
46]:

Definition 2 (Security). A PIR protocol is ε-secure if for any
PPT adversary A and any i, j ∈ [N],∣∣∣∣P[A(1N ,(qh,qu)) = 1

∣∣∣∣ (ck,qh)← SETUP(1λ,N)
qu← QUERY(ck, i)

]
−P

[
A(1N ,(qh,qu)) = 1

∣∣∣∣ (ck,qh)← SETUP(1λ,N)
qu← QUERY(ck, j)

]∣∣∣∣≤ ε

3 Additive HE for Smaller FHE Responses

We propose a technique to compress LWE/RLWE ciphertexts
using auxiliary information provided by the client.

Exploiting Linear Phase Evaluation. In LWE and RLWE
decryption, we compute an intermediate value which is com-
monly referred to as the phase, i.e., µ∗ in Algorithm 1. Phase
evaluation is linear and the phase is much smaller than the
ciphertext itself. The main insight behind our solution is to
homomorphically compute the phase on the server using en-
crypted values of the secret key, encrypted under an additive
encryption scheme. Since the phase is much smaller than
the original ciphertext, this results in a smaller response size.
In general, our technique can be applied to any encryption
scheme that has a linear phase evaluation. Examples of encryp-
tion schemes with this property are Regev [62], FHEW [38],
TFHE [28], BFV [18, 40], and BGV [20].

In the following section, we describe the procedure for
compressing LWE ciphertexts and follow with additional op-
timizations to this procedure. In Appendix B, we describe
compression for RLWE-based ciphertexts as well.

The Additive Encryption Scheme. For the compression
protocol, we require an additive encryption scheme which we
denote EA such that the plaintext space is Zm, for some m.
Also, denote the ciphertext space of EA as C . EA supports ad-
dition and plaintext multiplications. We denote addition and
plaintext multiplication with ⊕ and ⊗, respectively. More-
over, denote the secret key generated by EA as skA and the
corresponding encryption and decryption algorithms as AEnc
and ADec.

Paillier [58], Damgard-Jurik [33], Exponential ElGa-
mal [39], and Benaloh [17] are examples of cryptosystems
that can be used for this purpose.

3.1 Compressing LWE Ciphertexts
The ciphertext compression algorithm for LWE and the corre-
sponding modified decryption algorithm are given in Algo-
rithm 2.

Algorithm 2 LWE compression, performed by the server and
the corresponding modified decryption process, performed by
the client over a compressed ciphertext. The compression key
ck ∈ C n is such that ck[i] = AEnc(skA,sk[i]).

1: procedure LWECOMPRESSq(ck,ct= (a,b)) ▷ ct ∈ Zn×Z
2: x = b
3: for i ∈ [n] do
4: x← x⊕ ((q−a[i])⊗ck[i])
5: return x ▷ µ∗ = ADec(skA,x)

6: procedure MODIFIEDLWEDECRYPTq,p(skA,x)
7: µ∗∗ = ADec(skA,x) mod q

8: µ′′ = ⌊µ∗∗/∆⌉ ▷ ∆ = ⌊q/p⌉

9: return µ′′ ∈ Zp

Theorem 1 (Correctness). For an LWE ciphertext ct ∈ Zn+1
q ,

if m > q + nq2, then LWECOMPRESSq produces a com-
pressed ciphertext which decrypts to the correct message if
decrypted using MODIFIEDLWEDECRYPT. More formally, if

x← LWECOMPRESSq(ck,ct)

µ′′←MODIFIEDLWEDECRYPTq,p(skA,x)

then µ′′ = LWEDECRYPT(sk,ct)

Proof. In the MODIFIEDLWEDECRYPTq,p procedure (Line 7
of Algorithm 2), we calculate b+∑i∈[n](q− a[i]) · sk[i], en-
crypted under additive encryption, which is achievable due to
the linear properties of the additive encryption. We know that
sk[i],a[i] and b are elements in Zq so 0≤ sk[i],a[i],b < q and

b+ ∑
i∈[n]

(q−a[i]) · sk[i]≤ q+ ∑
i∈[n]

q ·q = q+nq2 < m. (2)

so there is no overflow in the plaintext space of the additive
ciphertext. In MODIFIEDLWEDECRYPTq,p (Algorithm 2),
we have

µ∗∗ mod q = ADec(skA,x) mod q

=

(
(b+ ∑

i∈[n]
(q−a[i]) · sk[i]) mod m

)
mod q

=

(
b+ ∑

i∈[n]
(q−a[i]) · sk[i]

)
mod q

= b− ∑
i∈[n]

a[i] · sk[i] mod q



This is identical to µ∗ in line 1 of Algorithm 1, hence, since
the subsequent steps of LWEDECRYPT and MODIFIEDL-
WEDECRYPT are identical, they produce the same response,
and the theorem is proven.

In cryptosystems such as TFHE [28], the secret key is
sampled from a binary distribution. In such a case, we can
tighten the inequality required in Theorem 1 for correctness
because 0≤ sk[i]≤ 1. The following corollary summarizes
this fact.

Corollary 1. If the LWE secret key is binary and m > q+nq,
LWECOMPRESS produces a compressed ciphertext which
decrypts to the correct message if decrypted using MODI-
FIEDLWEDECRYPT.

Security. In Gentry’s original construction of a bounded
depth encryption scheme, he proposed the idea of using a
chain of semantically secure cryptosystems, such that each
cryptosystem encrypts the secret key of the next [42]. Gentry
proved that if the secret key of each cryptosystem is sampled
independently, the composed scheme is also semantically
secure.

Let E ′ denote the cryptosystem which is the chaining of
ELWE and EA. The encryption and decryption procedure of
E ′ is shown in Algorithm 1 and Algorithm 2, respectively.
The secret key of E ′ is the combination of the secret keys
of ELWE and EA. The same holds for the public key as well.
Moreover, we also release encryptions of the bits of the secret
key of ELWE under the secret key of EA.

Proposition 1 (Security). If ELWE and EA are semantically
secure, then E ′ is also semantically secure.

3.2 Using Smaller Compression Keys

In practice, the plaintext space of the additive encryption
system could be much larger than is required for the correct-
ness of the compression technique to hold, i.e., m≫ q+nq2.
For example, the plaintext space of Paillier for 128-bit se-
curity is 3072 bits, which is much larger than q+ nq2 for
any common choice of LWE parameters. We can use this
gap to pack multiple digits of the LWE secret key within
one additive ciphertext. Instead of encrypting each bit of
the LWE key separately, we encrypt the first t digits of
the secret key together into one packed additive ciphertext
as pck0−t = AEnc(skA,∑i∈[t] sk[i] · δi) for a large enough δ.
Specifically, δ should be such that δ > q+nq2 (or δ > q+nq
in the case of binary keys). On the server side, the server
unpacks the secret key by computing ck[i] = δt−1−i⊗pck0−t
for i ∈ [t]. Compression proceeds as before, with the only
difference being that the encrypted phase, calculated by the
server in the additive ciphertext, is scaled by a factor of δt−1.
Appendix A details the procedures for generating the packed

key, unpacking it, and the corresponding modified LWE de-
cryption function. We use the same function for compressing
the ciphertext.

3.3 Batched Compression
To achieve better compression, multiple LWE ciphertexts (en-
crypted using the same secret key) can be compressed within
the same additive ciphertext, which we denote as batched
compression. Each LWE ciphertext takes up log2(q+ nq2)
bits of the total bitwidth of the plaintext space. So, if m is the
modulus of the plaintext space, then

⌊
log2 m/ log2(q+nq2)

⌋
LWE ciphertexts can be compressed into one ciphertext from
the additive cryptosystem.

Algorithm 3 illustrates how to compress ℓ LWE ciphertexts
within one additive ciphertext. The corresponding decryption
procedure is also shown. Using LWECOMPRESS as a sub-
procedure allows for better parallelization when compressing
many LWE ciphertexts.

Algorithm 3 Batch Compression of LWE ciphertexts by the
server and the modified decryption procedure, performed
by the client. The compression key ck is such that sk[i] =
ADec(skA,ck[i]) and cts = {c j} j∈[ℓ] such that c j = (a j,b j) ∈
Zn

q×Z and γ = q+nq2.

1: procedure BATCHEDLWECOMPRESSq,γ(ck,cts = {c j} j∈[ℓ])
2: for j ∈ [ℓ] do
3: x j ← LWECOMPRESSq(ck,c j)
4: x← x⊕ γ jx j

return x

5: procedure MODIFIEDBATCHEDLWEDECRYPTq,p,γ(skA,x)
6: µ∗∗ = ADec(skA,x)
7: for j ∈ [ℓ] do
8: µ∗∗j =

⌊
µ∗∗/γ j

⌋
mod γ

9: µ′′j = ⌊
µ∗∗j mod q

∆
⌉ ▷ ∆ = ⌊q/p⌉

return {µ′′j ∈ Zp} j∈[ℓ]

Theorem 2 (Correctness). Let ct = {c j} j∈[ℓ] be a vector
of ℓ LWE ciphertexts. For γ ≥ q + nq2, if m > γℓ, then
BATCHEDLWECOMPRESSq,γ produces a compressed cipher-
text which, if decrypted using the corresponding modified
decryption, decrypts to the vector of ℓ plaintexts. More for-
mally, if

x← BATCHEDLWECOMPRESS(ck,ct,k)

{µ′j} j∈ℓ←MODIFIEDBATCHEDLWEDECRYPT(skA,x)

then µ′j = LWEDecrypt(sk,c j).

Proof. By the proof of Theorem 1 we know that if µ∗∗j =

ADecs(x j), then 0≤ µ∗∗j < γ = q+nq2. Hence, we have

µ∗∗ = ∑
j∈[ℓ]

γ
jµ∗∗j ≤ ∑

j∈[ℓ]
γ

j(γ−1) = γ
ℓ−1 < γ

ℓ < m.

Hence, the plaintext corresponding to x, i.e., µ∗∗, does not
overflow in the plaintext space of the additive ciphertext. If



Algorithm 4 Batch compression of LWE ciphertexts us-
ing precomputed powers. The compression key ck is such
that sk[i] = ADec(skA,ck[i]) and cts = {c j} j∈[ℓ] such that
c j = (a j,b j) ∈ Zn

q×Z.

1: procedure EXPANDCOMPRESSIONKEYq(ck)
2: eck[0] = ck
3: for i ∈ [t−1] do ▷ t = ⌈log2 q⌉
4: for j ∈ [n] do
5: eck[i+1][ j] = eck[i][ j]⊕eck[i][ j]

return eck

6: procedure FASTLWECOMPRESSq(eck,ct= (a,b))
7: x = b
8: for i ∈ [n] do
9: (bt−1 · · ·b1b0)2← (q−a[i]) mod q ▷ t = ⌈log2 q⌉

10: for j ∈ [t] do
11: if b j = 1 then
12: x← x⊕eck[ j][i]

return x ▷ µ∗ = ADec(skA,x)

13: procedure FASTBATCHEDLWECOMPRESSq,γ(ck,cts = {c j} j∈[ℓ])
14: eck← EXPANDCOMPRESSIONKEYq(ck)
15: γ = q+nq2

16: for j ∈ [ℓ] do
17: x j ← FASTLWECOMPRESSq(eck,c j)
18: x← x⊕ γ jx j

return x

µ∗j is equivalent to µ∗ in the LWEENCRYPT procedure, then
for some value t,

µ′′j =
⌊
µ∗∗/γ

j⌋ mod γ = (µ∗j + γ · t) mod γ = µ∗j

and the subsequent steps are similar, which proves the theo-
rem.

3.3.1 Faster Batched Compression with Expanded Key

Compression makes use of expensive operations in the addi-
tive scheme. The plaintext multiplication in Line 4 of Algo-
rithm 2 is the most expensive operation. In additive schemes
such as Paillier and ElGamal, this is equivalent to a modular
exponentiation in a large group.

In the batched setting, we can reduce the overhead by pre-
computing and reusing multiples of the bits of the secret key.
If we decompose (q− a[i]) as (bt−1 · · ·b1b0)2 = (q− a[i])
mod q we compute the plaintext multiplication as follows

(q−a[i])⊗ ck[i] (3)

= 2t−1bt−1ck[i]+ · · ·+2b1ck[i]+b0ck[i] (4)

and we can precompute an extended compression key, eck,
such that eck[i][ j] = 2 jck[i] for j ∈ [t], which can be reused
for all LWE ciphertexts we want to compress. Algorithm 4
shows the procedure extending the compression key and com-
pressing LWE ciphertexts using the extended compression
key.

Corollary 2. Let ct= {c j} j∈[ℓ] be a vector of ℓ LWE cipher-
texts. For γ≥ q+nq2, if m > γℓ, if

x← FASTBATCHEDLWECOMPRESS(eck,ct,k)

{µ′j} j∈ℓ←MODIFIEDBATCHEDLWEDECRYPT(skA,x)

then µ′j = LWEDecrypt(sk,c j).

3.3.2 Rescaling for Compression

In some instances, it is possible to rescale the elements in the
ciphertext to a smaller modulus without altering the underly-
ing message. This technique, also called modulus switching,
is commonly used in the literature to simplify the decryption
procedure or control noise growth [18]. However, rescaling
is only possible if the noise of the underlying LWE cipher-
text is less than a given bound. In Appendix ??, we prove
how rescaling is possible for LWE ciphertexts with binary
keys, if the noise is less than a certain bound, i.e., less than
∆/4. Rescaling to a smaller modulus accelerates our compres-
sion technique since the scalar multiplication in the additive
encryption scheme is done with a smaller scalar.

3.3.3 Better compression with a smaller scale

The number of LWE ciphertexts that fit within each additive
ciphertext is determined by the scale, i.e., γ = q+nq2. Using
a smaller scale would allow us to pack more LWE ciphertexts
within each additive ciphertext. There are two instances where
we can use a smaller scale. First, when the LWE secret key
is binary. In that case, we can use γ = q+ nq as the scale.
This follows from the fact that in the case of binary keys,
0 < µ∗∗j ≤ γ = q+nq.

The second instance where we can reduce the scale is by
allowing µ∗∗j and µ∗∗j+1 to overlap in the additive scheme. Intu-
itively, this is possible because the high-order bits of µ∗∗j are
removed when it is taken modulo q as part of the modified
decryption. The lower order bits of µ∗∗j+1 are also rounded
during the modified decryption so it is possible to add addi-
tional error, as long as it does not interfere with the message.
Specifically, if |e|< ∆/4 (instead of the usual condition where
|e|< ∆/2 for correct decryption), we can reduce the scale to
γ = q2 and γ = q in the case of non-binary and binary keys,
respectively. Due to space restrictions, we provide proof of
the correctness of this technique using a smaller scale under
these conditions in the full version of the paper.

4 Our PIR Construction: ZipPIR

In this section, we present ZipPIR, a high-throughput single-
server PIR protocol optimized for resource-bound clients. Zip-
PIR uses the compression technique from the previous section
but pushes all expensive operations to the offline phase. We
show how we benefit from our proposed compression tech-
nique whilst maintaining an efficient online phase.

4.1 Leveraging the offline phase
As we saw in the previous section, our compression technique
is very effective in reducing the size of LWE ciphertexts.



However, this comes at a significant cost due to the expensive
operations in the additive scheme. In the case of Paillier,
multiplications are done via expensive exponentiations.

To avoid performing expensive operations in the online
phase, we note an observation by Beck [16], which states that
a Paillier encryption of a message µ ∈ Zm can be represented
as

Enc(µ) = Enc(r)+(µ− r) (5)

where r is a uniformly random value over the plaintext space
of the encryption scheme. Moreover, instead of sampling
r and encrypting it, we can directly sample the ciphertext
Enc(r) from Z2

m using a PRNG seed. While valid Paillier
ciphertexts are elements of Z∗m2 , the likelihood of sampling
an invalid ciphertext is negligible in the security parameter
(roughly 2/

√
m).

Using this observation, we can evaluate any linear function
(such as the compression function) over Paillier ciphertexts
in two steps. First, we compute the function over the random
component Enc(r), which does not depend on the message µ.
Then we compute the function over (µ− r), which we call the
offset, and add this to the result. Using this approach, all ex-
pensive operations over the additive ciphertexts are performed
in an offline phase, before the value of µ is known.

4.2 ZipPIR Description
In this section, we describe our construction, ZipPIR. We also
show how, through simple modifications, ZipPIR requires no
storage overhead for the client and, under computational as-
sumptions, the offline processing can be done silently, except
for an initial public key and seed.

ZipPIR builds on SimplePIR [44] but eliminates the need
for the client to store a large database-dependent hint by com-
pressing the hint using the algorithms described in Section 3.
However, since the compression is a linear operation, we can
leverage the online phase, as described in the previous section.
While we do not use the precise procedures described in Sec-
tion 3, the operations in ZipPIR perform the same function in
principle, albeit in an offline/online manner.

Algorithm 5 shows a simple description of ZipPIR, and
we describe additional modifications and enhancements in
the following sections. At a high level, the protocol works as
follows. In the offline phase:

• At setup (SETUP), the client generates the necessary
Paillier public keys and samples the Paillier ciphertexts,
which are the random components of the compression
keys.

• In the offline hint generation (HINT), the server gener-
ates a compressed version of the Paillier hint given the
client’s Paillier public keys and the sampled ciphertexts.
To avoid client-side storage, the server holds this hint
until the client issues a query.

Once the client’s query is known, the online phase occurs
as follows:

• The client’s query consists of two components: the off-
set of the compression key and the LWE query (from
SimplePIR).

• The server performs two matrix multiplications — one
over the database and another over the hint. Both ma-
trix multiplications are done over modular integers. The
server sends the response and the associated hint to the
client.

• The client extracts the answer from the server’s response.

Algorithm 5 Simple description of ZipPIR. q, n, and p
are the LWE ciphertext modulus, ciphertext dimension, and
plaintext modulus, respectively. Database db ∈ Zd0×d1

p where
N = d0d1. Also, assume A←$ Zd0×n

q and the server also com-
putes H =−dbT ·A ∈ Zd1×n

q . PAILLIERMATMUL denotes a
multiplication between a plaintext matrix and an encrypted
vector.

1: procedure SETUP(1λ, (d0,d1)) ▷ Client
2: Generate Paillier keys (skP, pkP = m) with λ-bit security
3: Sample ckr ←$ Zn

m2

4: ptr ← PAILLIERDECRYPT(skP,ckr)
5: return ((skP, ptr), (m, ckr))

6: procedure HINT(H ∈ Zd1×n
q , (m, ckr)) ▷ Server

7: k← PAILLIERMATMULm(H,ckr) ▷ k ∈ Zd1
m2

8: return k

9: procedure QUERY(i0 ∈ [d0], ptr) ▷ Client
10: Sample LWE key sk←$ {0,1}n

11: cko = (sk−ptr) mod m
12: u0 = selection vector for index i0
13: Sample e← χ

d0
e

14: qu0 = A · sk+ e+∆ ·u0 mod q ▷ ∆ = ⌊q/p⌉
15: return (cko,qu0) ▷ cko ∈ Zn

m,qu0 ∈ Zd0
q

16: procedure RESPONSE(db,H,qu= (cko,qu0)) ▷ Server
17: b = dbT ·qu0 mod q
18: t = b+H ·cko mod m
19: return t

20: procedure EXTRACT(skP, (k, t)) ▷ Client
21: µ = (t +PAILLIERDECRYPT(skP,k)) mod m
22: return f = ⌊(µ mod q)p/q⌉ mod p

The following theorems hold for the correctness and secu-
rity of ZipPIR. The full proof of correctness and security are
provided in Appendix D.

Theorem 3. (ZipPIR Correctness) For LWE parameters
(n,q,χe,χs) where χs is a discrete Gaussian with standard
deviation σ, and χs is a binary distribution, and plaintext
modulus p, and failure rate δ such that

q/p > 2pσ
√

2d0 ln(2/δ) (6)

for random A ∈ Zd0×n
q , for any database db ∈ Zd0×d1

p , H =
−dbT ·A, Paillier modulus m such that m > q+nq, and any



query i0 ∈ [d0], if

((skP,ptr),(m,ckr))← SETUP(1λ,(d0,d1))

k← HINT(H,(m,ckr))

(cko,qu0)← QUERY(i0,ptr)

t← RESPONSE(db,H,(cko,qu0))

f ← EXTRACT(skP,(k, t))

then P[db[i0] = f ]> 1−δ−2d0/
√

m.

Theorem 4. (ZipPIR Security) Assume we have secure LWE
parameters (n,q,χe,χs) where χs is a discrete Gaussian with
standard deviation σ, and χs is a binary distribution. Also,
assume we have secure Paillier parameters. Then for any PPT
adversary A and any i, j ∈ [d0], we have∣∣∣∣P[A(1λ,(qh,qu)) = 1

∣∣∣∣ ((_,ptr),qh)← SETUP(1λ,(d0,d1))
qu← QUERY(i,ptr)

]
−P

[
A(1λ,(qh,qu)) = 1

∣∣∣∣ ((_,ptr),qh)← SETUP(1λ,(d0,d1))
qu← QUERY( j,ptr)

]∣∣∣∣< ε

where ε is negligible in the security parameter.

4.3 Additional Optimizations & Tradeoffs.

The description of ZipPIR from Algorithm 5 can be modified
to provide bandwidth savings and reduce computational and
storage burden for the client.

Faster matrix multiplication using RNS. The second ma-
trix multiplication in the online phase (H · cko) is performed
over large integers, which is slow. To be able to speed up the
matrix multiplication, we represent the two operands of the
multiplication in the Residue Number System (RNS) format.
The hint (H) can be converted to RNS in the offline phase so
we only require the offset vector (cko) to be converted during
the online phase. Using this technique, we can perform the
second matrix multiplication over native machine operations.

Batched compression for smaller responses. A more effi-
cient instantiation of ZipPIR uses our batched compression
technique instead of single compression. This is possible be-
cause the scaling used in batched compression is also a linear
operation, and hence can be split into offline and online oper-
ations. Batched compression not only reduces the size of the
response, but also results in smaller matrix-vector multiplica-
tion in Line 18. We can also use a small scale as mentioned
in Section 3.3.3.

Lowering offline communication costs. To achieve a
(nearly) silent offline phase, we generate ckr using a PRG
seed. The client and server only need to agree on the initial
seed for the pseudorandom generator. Moreover, this seed can
be used to generate a large number of client hints (polynomial
in the security parameter) for all future queries. The client
can also store the seed, alongside its Paillier private key, to
enable queries in the future, all of which require constant-size

storage. One consequence is that the client delays decryption
of ckr (Line 4) to the QUERY step.

Smaller responses w/ Paillier addition. To further reduce
the response size, the online response (t), can be combined
with the offline hint (k) instead of being sent separately, at
the cost of a Paillier addition. We can then send only one
Paillier ciphertext instead of one ciphertext and one plaintext,
reducing the response size by 30%.

Supporting multiple queries. The current description of
ZipPIR supports one query from the client. To extend this to
multiple queries, the client can generate multiple ckr values,
for as many queries as it wishes to issue, and send them to the
server. Using a PRG, as mentioned in the previous paragraph,
the offline bandwidth stays constant, even for multiple queries.
The server offline time and server per-client storage scales
linearly with the number of queries that the server wants to
support for that client, without additional offline communica-
tion.

Reusability of the offline phase. Similar to SimplePIR, the
computation of the global hint H is reused for all queries from
all clients. The client-specific hint computation (Line 7) is not
reusable across clients because it depends on the client’s pub-
lic key and must be computed separately for each prospective
client.

ZipPIR with client storage. Although we presented Zip-
PIR as a client-efficient PIR protocol, it can also be modified
to use client storage, similar to the work of Patel et al. [59].
To achieve this, the client simply retrieves and stores the hint
(k) in the offline phase for as many queries as it will make. A
hint is consumed for each query made by the client, similar
to the client state used in PSIR [59].

4.4 Concrete Costs of ZipPIR
To achieve the best concrete performance (demonstrated in
Section 5.3), we include the first three techniques from Sec-
tion 4.3 in our final construction. We report the concrete costs
of this augmented protocol in this section.

The concrete number of operations in each routine, along
with the party that performs those operations, is listed below.
Let γ = ⌈(log2 m− log2 n)/ log2 q⌉ and d′1 = ⌊d1/γ⌋, then

• SETUP (Client): Paillier key generation

• HINT (Server) : d′1n Paillier plaintext multiplications and
additions (Line 7)

• QUERY (Client): d0 LWE encryptions, (Line 14), n ran-
dom samples in Zm, and n Paillier decryptions (Line 4)

• RESPONSE (Server): N = d0d1 multiplications and addi-
tions in Zq (Line 17) and d′1n multiplications and addi-
tions in Zm (Line 18).

• EXTRACT (Client): d′1 Paillier decryptions

Similarly, the concrete communication costs (in bits) of the
protocol are listed below.



Table 2: Evaluation of the ciphertext compression technique for a single LWE ciphertext. Three sample parameter sets are chosen
for LWE-based ciphertexts. The first three columns are common parameter sets used in the Concrete library [65]. The last
configuration is the STD128 configuration for CGGI in OpenFHE [8].

Parameters LWE (n, log2 q) RLWE (N, log2 q)
(630, 64) (742, 64) (870, 64) (1305, 11) (1024,27) (2048,54) (4096,36) (8192,43)

Compression Time 9.7 ms 11.0 ms 12.9 ms 16.6 ms 7.2 ms 23.8 ms 33.8 ms 83.3 ms
Compressed Ciphertext 768 B 768 B 768 B 768 B 768 B 768 B 768 B 768 B

Uncompressed Ciphertext 5.05 KB 5.94 KB 6.97 KB 1.80 KB 3.46 KB 13.83 KB 18.44 KB 44.04 KB
Size Reduction 84.78 % 87.08 % 88.98% 57.23% 77.80% 94.45% 95.83% 98.26%

• Client to Server (Offline, one-time): 2 log2 m+λ

• Client to Server (Online, per-query) : n log2 m+d0 log2 q

• Server to Client (Online, per-query) : 3d′1 log2 m

The server-side storage per client is 2d′1 log2 m bits for each
query. The client-side storage is constant, only the Paillier
private key and the seed used to generate ciphertexts, which
is log2 m+λ bits in total.

5 Evaluation

We present our evaluation in two sections. First, evaluating the
compression of LWE ciphertexts using our proposed method
compared to existing approaches in the literature. Second, we
compare our PIR construction, ZipPIR, with PIR protocols in
the literature.

5.1 Evaluating Ciphertext Compression

We implemented our compression technique as a library in
C++ using GMP. We use Paillier as the additive encryption
scheme, which is extended to Damgard-Jurik when we re-
quire a larger plaintext space. We use a 3072-bit modulus
for Paillier, composed of two 1536-bit primes, which is the
recommended modulus size for 128-bit security [15]. We ex-
periment with LWE and RLWE parameters satisfying 128-bit
security but our methods can be applied to other LWE and
RLWE parameters without any change.

We also parallelized our implementation to minimize the
latency of the compression. Specifically, we parallelize over
the LWE dimension n or the number of LWE ciphertexts that
are compressed, depending on whichever is larger. Using this
dynamic approach, we use existing cores on our machines
even when compressing few ciphertexts.

We experiment under two scenarios: 1) compressing a sin-
gle LWE ciphertext or RLWE coefficient and 2) compressing
many LWE ciphertexts or multiple RLWE coefficients. The
former is useful in applications with small outputs such as
private inference, whereas the latter is used for applications
with large outputs such as image processing.

5.1.1 Single Compression Evaluation

Table 2 summarizes the results for compressing a single LWE
ciphertext. We choose LWE parameters adopted in existing
libraries implementing variants of LWE encryption [8, 65].
The results show that we consistently provide high compres-
sion rates. Notably, for log2 q = 64, our compression rates are
over 84%.

Similarly, for compression of a single RLWE coefficient,
we use common parameters for RLWE-based schemes such
as BFV [18, 40] and BGV [20], which are used in libraries
such as SEAL [2], Lattigo [3] and OpenFHE [8]. Recall that
compression is compatible with modulus switching so we
choose the parameters corresponding to the lowest level in a
BFV/BGV parameter set. We achieve over 85% compression
and up to 98%.

5.1.2 Measuring Compression Key Sizes

Using the technique described in Section 3.2, we can pack
the compression key and have the server unpack the key. The
unpacking can be done offline, as soon as the server receives
the packed key, to reduce latency during compression. The
compression procedure is identical after the key has been
unpacked, so we do not report the runtime of compression
again. Instead, we measure the size of the compression key,
with and without packing, and report the time required to
unpack the key. We also distinguish two cases, non-binary and
binary keys. In the case of binary keys, we use δ = q+nq so
more bits of the secret key can fit within the same ciphertext.
Table 3 shows the size of the packed compression keys in
the two cases. Note that even the size of the unpacked key is
much smaller than commonly used cryptographic keys such as
relinearization keys, automorphism keys, and bootstrapping
keys, which could be as large as 100 MB.

5.2 Batched Compression Evaluation

Next, we evaluate the batched compression of LWE cipher-
texts. In both cases, we use the batched compression algorithm
to compress ℓ ciphertexts into additive Paillier ciphertexts.
Note that for batched compression, we can not use packed
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Figure 1: Compressed size and compression time required for compressing LWE ciphertexts with (n,q) = (630,264) using
batched compression. The red line denotes the baseline size of uncompressed LWE ciphertexts.

compression keys.
We distinguish the case of binary keys from non-binary

keys in the experiment, denoted by blue and black lines, re-
spectively. As mentioned in Section 3.3, we set the scale to
γ = q+ nq2 and γ = q+ nq in the case of non-binary and
binary keys, respectively. We also visualize a case where we
rescale to a smaller modulus before compression.

The alternative approach to packing many LWE ciphertexts
is RLWE packing [24, 28]. Our reference point for RLWE
packing is the work of Chen et al. [24] which is state-of-the-
art in compression and has better runtime than related work.
This work maps LWE ciphertexts in Zn

q×Z to an RLWE
ciphertext in Zq[X ]/(Xn +1).

Figure 1a shows the size after compression as a function
of the number of compressed LWE ciphertexts. Figure 1b
also shows the runtime of batched compression. The blue
and black plots correspond to non-binary and binary keys,
respectively. The orange plot also shows batched compres-
sion but over ciphertexts that are rescaled to r = 220. In the
case of non-binary keys, we only need one Paillier ciphertext
for up to 14 LWE ciphertexts and for binary keys, it is about
26. Overall, compressing more LWE ciphertexts offers more
compression compared to compressing only one LWE cipher-
text. This is because more of the plaintext space of Paillier is
being utilized as more ciphertexts are compressed. We also

Table 3: Size of packed compression keys and unpacking time.
We distinguish the case of binary and non-binary keys since
binary keys can be packed more than non-binary keys. The
Paillier modulus is 3072 bits in all cases.

(n, log2 q) (630,64) (742,64) (870,64) (1305,11)

Unpacked Key 240 KB 284 KB 334 KB 501 KB

Packed Non-binary Key 22 KB 26 KB 30 KB 11 KB
Unpacking Time 14 ms 25 ms 74 ms 15 ms

Packed Binary Key 12 KB 14 KB 16 KB 7 KB
Unpacking Time 13 ms 12 ms 13 ms 15 ms

observe that rescaling improves the runtime and allows more
compression, as is expected. In comparison to the work of
Chen et al., our compression protocol offers more than one
order of magnitude better compression compared to RLWE
packing. However, our compression approach is slower than
RLWE packing, particularly due to the use of expensive mod-
ular exponentiations. In summary, in cases where there are
fewer items to pack, our compression techniques offers much
better compression while in cases with many LWE ciphertexts
to pack, the work of Chen et al. is the more suitable solution.

5.3 PIR Evaluation

In our PIR evaluation, we compare with two classes of proto-
cols. First, we compare with other protocols where the server
stores a state for the client. We show how the state in ZipPIR
differs from that of related work and how we achieve higher
throughput than similar works in this model. We also evaluate
ZipPIR as a protocol with client-side storage.

Implementation & Experimental Considerations. We
implement ZipPIR in C++ using AVX512 and the libhcs
library, which supports large integer arithmetic for Paillier op-
erations. For the LWE parameter, we use (n,q) = (1400,232)
and a discrete Gaussian distribution with a standard devia-
tion of 6.4, which gives over 128-bit security as shown by
the lattice-estimator [9]. We use the same parameters for
the Paillier encryption that we used in the previous section.
Offline computation, which involves Paillier operations, is
parallelized but online computation is single-threaded for a
fair comparison with related work. We perform the second
matrix multiplication (H · cko) over an RNS basis consisting
of 240 prime moduli of 27-bit length. This allows us to per-
form the matrix multiplication within the machine word size,
without the need to perform modular reduction until the end
of the computation, significantly enhancing performance.

For our experiments, we use the reference implementation
of each protocol when it is provided. All experiments are
performed 5 times and the average statistics are reported. We



Table 4: Comparison of communication and computation costs with PIR protocols with per-client storage. All protocols retrieve
a payload of at least 16 KB. * In all protocols except ZipPIR, the offline communication is equal to the per-client storage. In
ZipPIR, the offline communication is 400 B.

DB Metric SealPIR [13] FastPIR [6] OnionPIR [56] Spiral [54] HintlessPIR [47] YPIR [55] ZipPIR

256 MB

Per-client Storage 1215 KB 670 KB 5538 KB 12432 KB - - 60 KB

Query 90 KB 832 KB 256 KB 14 KB 424 KB 518 KB 617 KB
Response 181 KB 64 KB 128 KB 20 KB 964 KB 120 KB 91 KB

Total Comm. 271 KB 896 KB 384 KB 34 KB 1388 KB 638 KB 708 KB

Server Time 2455 ms 1851 ms 3378 ms 1633 ms 662 ms 388 ms 171 ms
Throughput 104 MB/s 138 MB/s 75 MB/s 156 MB/s 383 MB/s 659 MB/s 1497 MB/s

512 MB

Per-client Storage 1215 KB 670 KB 5538 KB 12656 KB - - 85 KB

Query 90 KB 1664 KB 256 KB 14 KB 448 KB 574 KB 655 KB
Response 181 KB 64 KB 128 KB 20 KB 964 KB 120 KB 128 KB

Total Comm. 271 KB 1728 KB 384 KB 34 KB 1452 KB 694 KB 783 KB

Server Time 4564 ms 2808 ms 5865 ms 3031 ms 674 ms 425 ms 227 ms
Throughput 112 MB/s 182 MB/s 87 MB/s 168 MB/s 759 MB/s 1204 MB/s 2255 MB/s

1 GB

Per-client Storage 1350 KB 670 KB 5538 KB 12656 KB - - 120 KB

Query 90 KB 3328 KB 256 KB 14 KB 488 KB 686 KB 708 KB
Response 181 KB 64 KB 128 KB 20 KB 1748 KB 120 KB 181 KB

Total Comm. 271 KB 3392 KB 384 KB 34 KB 2236 KB 806 KB 889 KB

Server Time 9071 ms 4698 ms 9662 ms 3080 ms 971 ms 515 ms 339 ms
Throughput 112 MB/s 217 MB/s 105 MB/s 332 MB/s 1053 MB/s 1988 MB/s 3020 MB/s

2 GB

Per-client Storage 1350 KB 670 KB 5538 KB 14224 KB - - 170 KB

Query 90 KB 6592 KB 256 KB 14 KB 616 KB 910 KB 782 KB
Response 181 KB 64 KB 128 KB 20 KB 1748 KB 120 KB 255 KB

Total Comm. 271 KB 6656 KB 384 KB 34 KB 2364 KB 1030 KB 1037 KB

Server Time 17692 ms 8388 ms 19569 ms 4435 ms 1232 ms 704 ms 580 ms
Throughput 115 MB/s 244 MB/s 104 MB/s 461 MB/s 1661 MB/s 2909 MB/s 3531 MB/s

conduct all experiments on an Intel(R) Xeon(R) Platinum
8276 CPU running Ubuntu 24.04. Our code is open-source
and available 1.

5.3.1 Evaluation of PIR without Client Storage

In this section, we compare with state-of-the-art client-
efficient single-server PIR protocols. This consists of pro-
tocols that require per-client storage on the server, i.e.,
SealPIR [13], FastPIR [6], OnionPIR [56], Spiral [54]. Pro-
tocols with silent preprocessing (that also support large pay-
loads), such as YPIR (using SimplePIR) [55], and Hint-
lessPIR [47] are also relevant and are included in this category.
In each protocol, we measure the per-client storage required
by the server, the communication costs, and the runtime. We
report the online server throughput, a metric proposed by Hen-
zinger et al. [44], which shows how many database elements
are processed per unit of time. Table 4 summarizes the results
of this comparison.

ZipPIR has a much higher throughput than all works in this
category. This can be attributed to the simple online phase,

1https://github.com/RasoulAM/ZipPIR

which only consists of two matrix multiplications. In contrast,
all other protocols involve operations over RLWE ciphertexts.
Compared to the fastest alternative, YPIR, ZipPIR is at least
20% faster in all cases, and over 2x faster for some database
sizes.

The setup of ZipPIR only requires a one-time communi-
cation cost of 400 B, which consists of the clients Paillier
public key and cryptographic seed. In all instances of ZipPIR,
527 KB of the total query size consists of the compression
key offsets (cko), and the remainder is the LWE query vector
(quo). The online communication cost of ZipPIR is similar to
that of HintlessPIR and YPIR. SealPIR, OnionPIR, and Spiral
have smaller per-query communication costs, since they are
highly optimized for this metric at the cost of throughput and
server-side storage.

5.3.2 Evaluation of PIR with Client-side Storage

As described in Section 4.3, we can extend ZipPIR to leverage
client-side storage as well. ZipPIR with client storage requires
less communication in the online phase. Given that ZipPIR is
a protocol with linear online time, we compare it with other
protocols that also fall in this category. Existing protocols

https://github.com/RasoulAM/ZipPIR


Table 5: Comparison of communication and computation
costs with PSIR variants [1] over a database with n items of
size 288 B. In the case of ZipPIR, the stated client state size
supports one query for that client.

n Metric SealPSIR PaillierPSIR XPSIR ZipPIR

216

Client Storage 129 KB 129 KB 129 KB 6 KB

Query 74 KB 12 KB 305 KB 591 KB
Response 256 KB 18 KB 262 KB 3 KB

Online Total 330 KB 30 KB 567 KB 594 KB

Online Server 70 ms 760 ms 20 ms 16 ms

218

Client Storage 258 KB 258 KB 258 KB 12 KB

Query 84 KB 24 KB 413 KB 655 KB
Response 256 KB 18 KB 262 KB 6 KB

Online Total 340 KB 42 KB 675 KB 661 KB

Online Server 210 ms 1020 ms 120 ms 40 ms

220

Client Storage 524 KB 524 KB 524 KB 24 KB

Query 104 KB 48 KB 597 KB 783 KB
Response 256 KB 18 KB 262 KB 12 KB

Online Total 360 KB 66 KB 895 KB 795 KB

Online Server 710 ms 1750 ms 520 ms 120 ms

with sublinear online time impose client-side costs that are
inconsistent with our model. We compare with the work of
Patel et al. [59], which uses a client-side state. The authors
instantiate PSIR using SealPIR, PaillierPIR, and XPIR in their
paper. They do not provide the implementation, so we com-
pare with the numbers presented in their paper [59, Table 2 &
3]. The result of this comparison is summarized as follows:

Online Costs. In almost all instances, ZipPIR is faster than
all instantiations of PSIR. This can be attributed to the fact
that PSIR performs PIR as a subroutine, which necessitates
the use of public key operations, even though the number of
such operations is sub-linear in the database size. In contrast,
ZipPIR only performs plaintext operations in the online phase.

With regards to network costs, ZipPIR requires less online
communication compared to XPSIR, which is the fastest vari-
ant of PSIR. The communication cost is comparable to that
of SealPSIR and strictly worse than PaillierPSIR. However,
these two protocols are much slower, as mentioned before,
which shows a communication-computation tradeoff.

Offline Costs. In PSIR, the database is streamed to the
client, and the state, which is sublinear in the database size,
is stored. In ZipPIR with client-side storage, only the hint is
sent to the client, which is much smaller than the database
and the PSIR hint, but only supports one query.

6 Discussion

Why not only use Paillier? We construct ZipPIR as a com-
bination of LWE-based PIR and Paillier. One might suggest
using only Paillier for the full construction. Corrigan-Gibbs

and Kogan [32, Appendix E.2] also suggested a solution that
uses additive homomorphic encryption. However, such a pro-
tocol requires a large number of Paillier plaintext multiplica-
tions, linear in the database size. While this expensive step is
performed in the offline phase, it is required to be done once
for each query, which is a high computational cost, even in
the offline phase. In contrast, the offline phase of ZipPIR only
requires a sublinear number of Paillier operations, which is
much more practical.

ZipPIR+DoublePIR. We can also construct a protocol,
similar to ZipPIR, that builds on top of DoublePIR instead
of SimplePIR. In this variant, the size of the hint would be
reduced and the matrix multiplication between the hint and
the compression key offset (Line 18) would be faster. This
would, however, limit the size of the payload to only one byte,
similar to DoublePIR and other protocols built on it, such as
YPIR [55]. We leave a comparison of protocols focused on
small payloads [22, 44, 55] for future work.

ZipPIR using a Packed Compression Key. ZipPIR can
also be modified to use the packed compression key from
Appendix A. Given that the bulk of the query cost consists
only of the compression key, this can reduce the query size at
the cost of a larger response.

Advantages for database updates. ZipPIR delegates all
offline storage and computation to the server (except constant
storage for keys and the PRNG seed). The benefit of this
model is that database updates require no interaction with the
client. This is compatible with our assumption that the client
is resource-constrained. It is also efficient from a bandwidth
standpoint since the server does not need to communicate
with all available clients upon each database update, which
is not scalable if many clients query the server. The disad-
vantage is that client-specific hints must be updated when the
database changes, but this can be mitigated with additional
server resources, without any client involvement.

7 Private SCT Auditing at Fixed Intervals

Henzinger et al. proposed the use of PIR in context of certifi-
cate transparency, specifically for auditing of signed certificate
timestamps (SCT) [44]. The authors build on Google’s recent
solution of using an SCT auditor [35].

The initial solution of Henzinger et al. provided high
throughput but came at the cost of a large hint stored by the
clients. The problem is that this hint must be updated upon
each change in the database. To combat this problem, the
authors suggested that clients download hints periodically.

We propose a different approach to handle database up-
dates, while maintaining throughput similar to that of Sim-
plePIR. Typically, the set of clients performing SCT checks
are known to the auditor (e.g. Google), so we assume that
clients can register to perform tests and submit their public
keys. Moreover, clients collect SCTs from TLS handshakes
during browsing and perform an audit in a batch. So in our



proposed solution, we assume that clients audit a fixed-sized
batch of SCTs at regular intervals. Using this assumption,
the server can perform precomputation in anticipation of the
client’s request. The precomputation can be done on the latest
version of the database, hence allowing to detect malicious
behavior sooner.

8 Related Work

8.1 Related work on compression
Compression of homomorphic ciphertexts is achieved by per-
forming scheme-switching, i.e., changing the scheme under
which the message is encrypted.

Compression from Precise Scheme-switching. Tech-
niques such as modulus switching [27] and dimension re-
duction [21] change the parameters of LWE and RLWE ci-
phertexts, resulting in smaller ciphertexts. LWE-to-RLWE
packing [24] compresses a list of LWE ciphertexts into one
RLWE ciphertext, which reduces the total size of the cipher-
texts. However, this method is less effective if less than N
ciphertexts are compressed, where N is the degree of the
RLWE ciphertext. Coefficient extraction performs the inverse
functionality of LWE-to-RLWE packing, i.e., extracting spe-
cific coefficients of the RLWE ciphertext and discarding the
rest, which can reduce the overall size.

Compression from Imprecise Scheme-switching. Impre-
cise scheme-switching changes the scheme of the ciphertext,
but encrypts to a message that is slightly different than the
original message. Imprecise scheme-switching is sufficient
if the final result is decrypted and no further computation is
performed.

Hu [45] introduced the concept of secure converters for con-
verting between cryptographic schemes. This is achieved by
homomorphically evaluating (part of) the decryption circuit of
the source scheme under the destination scheme. Within that
framework, the author proposed homomorphically converting
from LTV ciphertexts [49] to Paillier ciphertexts to reduce
bandwidth usage from the server to the client. The conversion,
however, is not precise and the Paillier ciphertexts encrypt a
noisy version of the initial plaintexts. Using this approach, a
256x compression rate is achieved whilst communicating ci-
phertexts back to the client. However, the LTV cryptographic
scheme is not adopted as a practical homomorphic encryption
scheme.

Brakerski et al. [19] showed how a high-rate compression,
arbitrarily close to one, can be achieved over ciphertexts with
the linear-decrypt-and-multiply characteristic. Cryptosystems
with linear-decrypt-and-multiply can decrypt to any multiple
of the message. Based on the authors, among prevalent encryp-
tion schemes, only GSW falls into that category. Assuming
the goal is to encrypt {m0,m1, · · · ,mℓ−1}, then the compres-
sion is done by homomorphically decrypting these messages
to {m0 + e0,∆m1 + e1, · · · ,∆ℓ−1mℓ−1 + eℓ−1}, where ei’s are

noise introduced from the homomorphic cryptosystem, sim-
ilar to LWE. By adding these messages together, the server
obtains one large plaintext, encrypted under an additive ci-
phertext which it sends to the client.

Gentry et al. [43] also proposed a method to compress many
GSW ciphertexts into high-rate PVW [61] ciphertexts. The
ratio between the plaintext and ciphertext can be arbitrarily
close to one in their construction. However, this can only be
achieved if the underlying aggregate plaintext is very large.
Specifically, for the ratio to be 1− ε, the aggregate plaintext
must be proportional to 1/ε3. The authors described how
to construct a PIR protocol from this technique, but their
compression technique is not applicable to any other type of
ciphertext.

8.2 Related Work on PIR
Computational PIR (CPIR) protocols follow one of two ap-
proaches: 1) the server (with or without the help of the client)
computes a hint that is given to the client 2) the client sends
cryptographic keys to the server which are stored. We describe
each approach briefly, the advantages and disadvantages of
each approach and list related work.

8.2.1 PIR with client-storage

One approach to PIR is to compute a database-dependent
hint which is stored by the client before issuing queries. This
hint can speed up subsequent queries. SimplePIR [44] and
FrodoPIR [34] propose a PIR protocol based on LWE with
a client-independent hint. The hint size is O(

√
Nn) for N

database rows and LWE dimension of n. All clients use the
same hint, which helps quickly respond to PIR queries and
achieves high throughput (up to 10 GB/s). However, the hint
is a high upfront network cost (100 MB for a 1 GB database),
requires large storage by the client, and must be recalculated
and redistributed to the clients every time the database is
updated. DoublePIR extends SimplePIR such that the hint is
smaller, but the overall throughput is less and it is limited to
retrieval of one byte of information per query.

Another similar line of work proposes PIR with online time
that is sublinear in the size of the database [31,66]. The client
stores some information in the form of a hint, which is used
to issue queries and must be updated after a certain number of
queries have been made. Despite the very high throughput of
these protocols, the requirements are highly impractical for a
resource-constrained client. In some protocols [66], the server
streams the entire database to the client in the offline phase,
and the storage requirements for the client are sublinear in
the size of the database.

8.2.2 PIR with per-client server-side storage

Another category of works assumes auxiliary information is
sent before the start of the protocol, usually in the form of



cryptographic keys. The cost of sending these keys is amor-
tized over many queries, but requires per-client storage on the
server. The per-query communication costs in such protocols
are small, and if sufficient queries are made, the runtime and
communication cost of setup are amortized. Works that follow
this model include SealPIR [13], MulPIR [11], OnionPIR [56],
Constant-weight PIR [51], Pantheon [5], FastPIR [6], Spiral
(and its variants) [54], and SparsePIR [60].

HintlessPIR [47] and YPIR [55] remove the need for client-
specific storage and generate one large preprocessed hint,
which depends on the database. This hint, which is stored by
the server, is used to respond to all client queries.

9 Conclusion

In this work, we proposed ZipPIR, a client-efficient single-
server PIR protocol. ZipPIR is designed to minimize client-
side storage requirements, while maintaining high through-
put. After sending an initial setup, the offline phase can be
performed silently without any interaction with the client or
client-side computation or storage. By delegating all expen-
sive offline computation and storage to the server, database
updates can be handled silently, without communication with
all clients. At the heart of our construction is a new tech-
nique for compressing LWE ciphertexts into extremely small
additive ciphertexts. Our compression technique may be of
independent interest and is applicable in many applications
which send (R)LWE ciphertexts over the network, not only
PIR. Our evaluation shows that our compression can achieve
up to 99% size reduction for LWE ciphertexts. Moreover, our
evaluation of our ZipPIR shows how we can achieve over 3
GB/s of throughput in the online phase, without imposing any
client-side burden. Our works demonstrates that PIR using
additive schemes such as Paillier, which were thought to be
inefficient, can be practical and competitive with PIR schemes
which are purely based on lattice-based schemes.

Ethical Considerations

In this work, the main goal is to improve the efficiency of
Private Information Retrieval (PIR), a privacy-enhancing tech-
nology that enables users to retrieve data without revealing
their specific items of interest. We have identified several
key stakeholders and evaluated the potential impacts of our
research on each:

Potential Stakeholders

• End-Users of digital services. The primary stakeholders
are individuals seeking to use digital services. By making
PIR easier to deploy in real-world applications (such as
password leak checks or SCT auditing), this research
empowers users to verify their security status without
surrendering sensitive metadata to service providers. The

benefit to these users is removing the trade-off between
utility and privacy.

• Service Providers. Improving efficiency lowers the com-
putational and financial barriers for organizations to
adopt privacy-preserving protocols.

• Potential Misusers (Negative Stakeholders). We ac-
knowledge that PIR may allow bad actors to attempt to
access data while using the protocol’s privacy properties
to mask illegal activities.

Balancing Benefits and Risks Our decision to conduct and
publish this research was motivated by the significant barri-
ers currently preventing the widespread adoption of PIR. We
weighed the potential for misuse against the tangible bene-
fits of empowering users to remain safe on the internet while
maintaining their privacy. Because PIR only protects the query
and not the authorization (i.e., it does not bypass access con-
trol mechanisms already in place by the data provider), we
believe the risk of masking illegal activity is mitigated by
existing security layers.

Ultimately, we believe the potential gains—evidenced
by current real-world deployments such as Password
Checkup—outweigh the potential negative outcomes. We are
unaware of any further ethical considerations or overlooked
stakeholders regarding the improved efficiency of PIR.

Open Science

We open-source our implementation of our proposed proto-
cols and the scripts used to perform our experimental evalua-
tion such that it may be evaluated for both functionality and
reproducibility. 2
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A LWECompress Using Packed Compression
Keys

The necessary procedures for using a packed compression key
is given in Algorithm 6. The GENERATEPACKEDKEY proce-
dure generates the packed key from the LWE secret key. The
unpacking procedure computes the compression key from
the packed compression key by scaling the packed key with
different values. By packing in this particular manner, the
compression procedure can be done similar to before, with-
out any changes. The final change is made in the decryption.
The response is not necessarily in the lower order bits of the
additive ciphertext ciphertext anymore, so a division is re-
quired before continuing with the rest of the LWE decryption
procedure.

B Compressig RLWE Coefficients

Similar to LWE, we can also construct an encryption scheme
based on the Ring Learning with Errors (RLWE) [50] assump-
tion, which we will denote as ERLWE.

Cryptosystems such as BGV [20], BFV [18, 40], and
CKKS [27] have ciphertexts of a similar format. RLWE ci-
phertexts are useful since they can encrypt a polynomial,

Algorithm 6 Procedures for using a packed compression key,
including generating the packed key, unpacking it, and the
corresponding modified decryption function.

1: procedure GENERATEPACKEDKEY(skA,sk)

2: t =
⌊

0.5log2 m
log2 δ

⌋
3: for i ∈ [⌈n/t⌉] do
4: r← δ−(t−1)(∑ j∈[t] sk[it + j] ·δ j) mod m
5: pcki← AEnc(skA,r)
6: return pck

7: procedure UNPACKCOMPRESSIONKEYq(pck)
8: for i ∈ [⌈n/t⌉] do
9: for j ∈ [t] do

10: ck[it + j]← δt−1− j⊗pck[i]
11: return ck

12: procedure MODIFIEDLWEDECRYPTPACKEDKEYq,p(skA,x)
13: y← δ(t−1)ADec(skA,x) mod m
14: µ∗∗ =

⌊
y/δ(t−1)

⌋
mod q

15: µ′′ = ⌊µ∗∗/∆⌉ ▷ ∆ = ⌊q/p⌉

16: return µ′′ ∈ Zp

Algorithm 7 Encryption and Decryption of ERLWE

1: procedure RLWEENCRYPT(S(X),µ(X))

2: Sample A(X)
$←− Rq and E(X)← χ

3: B(X) = A(X) ·S(X)+∆ ·µ(X)+E(X) mod Rq
4: return C = (A(X),B(X))

5: procedure RLWEDECRYPT(S(X),C)
6: (A(X),B(X))←C

7: µ∗(X) = (B(X)−A(X) ·S(X)) mod Rq

8: µ′(X) = ⌊µ∗(X)/∆⌉

9: return µ′(X) ∈ Rp

i.e. a vector of numbers, instead of just one scalar. For
RLWE encryption, we select a dimension N, ciphertext mod-
ulus q, plaintext modulus p, and ∆ = ⌊q/p⌉. Define Rq =
Zq[X ]/(XN +1) and Rp similarly. Moreover, define a discrete
error distribution χ over Rq. For key generation, sample S(X)
uniformly from Rq.

Similar to LWE, we can also compress fresh RLWE cipher-
texts by sending the seed used to generate A(X) [2, 8, 12].
Using this technique, the size of a ciphertext can be reduced
from 2N log2 q bits to λ+N log2 q.

RLWE ciphertexts also have a linear phase evaluation and
hence, can benefit from our compression technique. However,
an RLWE ciphertext is only twice as large as the phase so
the compression technique, applied naively, would not yield a
significant improvement. Our approach is beneficial if the user
is only interested in some coefficients of the RLWE plaintext
and not all of them.

The main observation is that each coefficient of µ′(X) in
the RLWEDECRYPT procedure can be calculated separately.
Specifically, for 0≤ k ≤ N−1



µ′ [k] = ⌊ µ∗ [k]
∆
⌉ (7)

=

 B[k]−∑
k
i=0 A[k− i] ·S[i]+∑

N−1
i=k+1 A[N + k− i] ·S[i]

∆

 (8)

Note that the operations in the numerator are happening
modulo q. The numerator of Equation (8) is a linear com-
bination of the coefficients of the secret key, hence it can
be computed given the encrypted coefficients of the secret
key. The complete procedure to compress the coefficient of
Xk in an RLWE plaintext and the corresponding decryption
function is shown in Algorithm 8. Compression of RLWE
coefficients is fully compatible with the compact compression
keys of Section 3.2 and batched compression of Section 3.3.

Algorithm 8 Compressing Extracted RLWE Coefficient, per-
formed by the server and the corresponding modified decryp-
tion process, for the client. The compression key is ck such
that ck[i] = AEncs(S[i]) and C ∈ Rq×Rq

1: procedure RLWECOMPRESSCOEFFICIENT(ck,C,k)
2: x = B[k]
3: for i ∈ {0,1, · · · ,k} do
4: x← x⊕ ((q−A[k− i])⊗ck[i])
5: for i ∈ {k+1, · · · ,N−1} do
6: x← x⊕ (A[N + k− i]⊗ck[i])
7: return x

8: procedure MODIFIEDRLWEDECRYPTq,p(skA,x)
9: µ∗∗k = ADec(skA,x) mod q

10: µ′′k = ⌊µ∗∗k /∆⌉ ▷ ∆ = ⌊q/p⌉

11: return µ′′k ∈ Zp

Theorem 5 (Correctness). If m > q+Nq2, Algorithm 8 pro-
duces a compressed ciphertext which decrypts to the coeffi-
cient of Xk if decrypted using MODIFIEDRLWEDECRYPTq,p.
More formally,

x← RLWECOMPRESSCOEFFICIENT(ck,c,k)

µ′′k ←MODIFIEDRLWEDECRYPTq,p(s,x)

then µ′′k is equal to the coefficient of Xk in

µ′(X) = RLWEDECRYPT(sk,c)

We provide the proof of Theorem 5 in Appendix C. Similar
to the case of LWE ciphertexts, if the coefficients of the RLWE
secret key are binary, we can tighten the condition on m in
Theorem 5 such that m > q+Nq. The following corollary
summarizes this fact.

Corollary 3. If the coefficients of the secret key are binary and
m > q+Nq, Algorithm 8 produces a compressed ciphertext
which decrypts to the coefficient of Xk if decrypted using
MODIFIEDRLWEDECRYPTq,p.

Security. A similar argument can be made about the security
of compression over RLWE. Let E ′′ denote the cryptosystem
which is the combination of ERLWE and EA. The following
proposition holds regarding security.

Proposition 2 (Security). If ERLWE and EA are semantically
secure, then E ′′ is also semantically secure.

C Proof of RLWE Compression

Proof. Line 1 of Algorithm 8 computes

B[k]+
k

∑
i=0

(q−A[k− i]) ·S[i]+
N−1

∑
i=k+1

A[N + k− i] ·S[i]

encrypted under additive encryption, which is possible due to
the linear properties. We know that all coefficients of A(X),
B(X), and S(X) are elements in Zq, hence

B[k]+

(
k

∑
i=0

(q−A[k− i]) ·S[i]

)
+

(
N−1

∑
i=k+1

A[N + k− i] ·S[i]

)

≤ q+

(
k

∑
i=0

q ·q

)
+

(
N−1

∑
i=k+1

q ·q

)
= q+Nq2 < m

so there is no overflow in the plaintext space of the additive
cryptosystem.

µ∗∗k = ADecs(x) mod q

=

((
B[k]+

k

∑
i=0

(q−A[k− i]) ·S[i]

+
N−1

∑
i=k+1

A[N + k− i] ·S[i]

)
mod m

)
mod q

=

(
B[k]+

k

∑
i=0

(q−A[k− i]) ·S[i]+
N−1

∑
i=k+1

A[N + k− i] ·S[i]

)
mod q

= B[k]−
k

∑
i=0

A[k− i] ·S[i]+
N−1

∑
i=k+1

A[N + k− i] ·S[i] mod q

which is equivalent to the kth coefficient of

µ∗(X) = B(X)−A(X) ·S(X) mod Rq

which can be seen by expanding the equation. Given that
line 16 of Algorithm 1 performs rounding coefficient-wise, it
produces the same result as line 10 of Algorithm 8.

D Security & Correctness of ZipPIR

In this section, we prove the correctness and security of Zip-
PIR.

Theorem 3. (ZipPIR Correctness) For LWE parameters
(n,q,χe,χs) where χs is a discrete Gaussian with standard
deviation σ, and χs is a binary distribution, and plaintext
modulus p, and failure rate δ such that

q/p > 2pσ
√

2d0 ln(2/δ) (6)



for random A ∈ Zd0×n
q , for any database db ∈ Zd0×d1

p , H =
−dbT ·A, Paillier modulus m such that m > q+nq, and any
query i0 ∈ [d0], if

((skP,ptr),(m,ckr))← SETUP(1λ,(d0,d1))

k← HINT(H,(m,ckr))

(cko,qu0)← QUERY(i0,ptr)

t← RESPONSE(db,H,(cko,qu0))

f ← EXTRACT(skP,(k, t))

then P[db[i0] = f ]> 1−δ−2d0/
√

m.

Proof. We know that ckr denotes a valid ciphertext, if
and only if ckr ∈ (Z∗m2)

d0 . This happens with probability,
(φ(m2)/m2)d0 > 1−2d0/

√
m, which is high for secure chio-

ces of m. Assuming that ckr ∈ (Z∗m2)
d0 , then assume r =

PAILLIERDECRYPT(skP,ckr) so

µ = t +PAILLIERDECRYPT(skP,k) mod m (9)
= b+H · cko +H ·PAILLIERDECRYPT(skP,ckr) mod m

(10)

= b+H · (cko + r) = b+H · sk mod m = b+H · sk
(11)

Where the last equation comes from the fact that ||b+H ·
sk||∞ < q+nq < m, so it does overflow mod m. Hence,

µ mod q = b+H · sk mod q (12)

= dbT ·qu0−dbT ·A · sk mod q (13)

= dbT (∆u0 + e) = ∆db[i]+dbT e (14)

Using the same analysis from the proof of SimplePIR [44,
Appendix C.2], we can show that ||dbT e||∞ < ∆/2 with prob-
ability 1−δ, assuming Equation (6) holds. Combining this
step with the previous step, we can see that with probabil-
ity (1− δ)(1− 2d0/

√
m) > 1− δ− 2d0/

√
m, we will have

f = ⌊(µ mod q)p/q⌉= db[i], which proves the theorem.

Theorem 4. (ZipPIR Security) Assume we have secure LWE
parameters (n,q,χe,χs) where χs is a discrete Gaussian with
standard deviation σ, and χs is a binary distribution. Also,
assume we have secure Paillier parameters. Then for any PPT
adversary A and any i, j ∈ [d0], we have∣∣∣∣P[A(1λ,(qh,qu)) = 1

∣∣∣∣ ((_,ptr),qh)← SETUP(1λ,(d0,d1))
qu← QUERY(i,ptr)

]
−P

[
A(1λ,(qh,qu)) = 1

∣∣∣∣ ((_,ptr),qh)← SETUP(1λ,(d0,d1))
qu← QUERY( j,ptr)

]∣∣∣∣< ε

where ε is negligible in the security parameter.

Proof. We denote (qh,qu) = (pkP,ckr,cko,qu0) for sim-
plicity. To prove the theorem, we prove that the tuple,
(pkP,ckr,cko,qu0), as generate by ZipPIR is indistinguish-
able from a random tuple. We will prove this via multiple

hybrid arguments. For this, we define 5 distributions to gen-
erate the tuple and show that each consecutive pair of distri-
butions are indistinguishable. We define each distribution by
the modification to the original definition of the tuple.

Dist. H0: The tuple is generated as described in ZipPIR
Dist. H1: Sample ptr←$ Zm and set ckr = Enc(skP,ptr)
Dist. H2: Set ckr = Enc(skP,sk) and sample cko randomly
Dist. H3: Sample ckr and cko randomly
Dist. H4: Sample qu0, ckr, and cko
We show that each consecutive pair of distributions are

indistinguishable up to a negligible factor.
The only difference between H0 and H1 is the probability

of producing invalid ciphertexts in H0, which is 2d0/
√

m and
is negligible in the security parameter for secure choice of m.

H1 and H2 can be simulated by a simulator which S which
given input from H2 computes S(ptr,ckr,cko) = (ptr,ptr−
ckr,cko +ptr). The output of S is identical to the output of
H1.

Indistinguishability between H2 and H3 reduces to the IND-
CPA security of the Paillier encryption.

Lastly, indistinguishability between H3 and H4 is identical
to that of SimplePIR [44, Lemma C.2].

Combining these steps proves that the correctly generated
tuple is indistinguishable from random, up to a negligible
parameter.
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