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Abstract—Fully Homomorphic Encryption (FHE) allows one
to outsource computation over encrypted data to untrusted
servers without worrying about data breaching. Since FHE is
known to be extremely computationally-intensive, application-
specific accelerators emerged as a powerful solution to narrow
the performance gap. Nonetheless, due to the increasing complex-
ities in FHE schemes per se and multi-scheme FHE algorithm
designs in end-to-end privacy-preserving tasks, existing FHE
accelerators often face the challenges of low hardware utilization
rates and insufficient memory bandwidth. In this work, we
present APACHE, a layered near-memory computing hierarchy
tailored for multi-scheme FHE acceleration. By closely inspecting
the data flow across different FHE schemes, we propose a
layered near-memory computing architecture with fine-grained
functional unit design to significantly enhance the utilization
rates of both computational resources and memory bandwidth.
In addition, we propose a multi-scheme operator compiler to
efficiently schedule high-level FHE computations across lower-
level functional units. In the experiment, we evaluate APACHE
on various FHE applications, such as Lola MNIST, HELR, fully-
packed bootstrapping, and fully homomorphic processors. The
results illustrate that APACHE outperforms the state-of-the-art
ASIC FHE accelerators by 2.4× to 19.8× over a variety of
operator and application benchmarks.

I. INTRODUCTION

With the increasing popularity of cloud-based storage
and computation outsourcing, fully homomorphic encryption
(FHE) [47] rises as one of the most promising solutions
to secure data confidentiality while maintaining its usability.
Equipped with recent advances in fundamental cryptographic
designs, modern FHE allows an extremely broad spectrum of
complicated algorithms to be directly applied to ciphertexts,
without the service provider ever knowing the decryption key.

To further enhance its usability, increasing attention focuses
on designing protocols that adopt multi-scheme FHE construc-
tions. In such case, multiple FHE schemes, e.g., TFHE [16]
and CKKS [14], are used to (jointly or separately) establish
privacy-preserving computation protocols, such as federated
learning [18], [27], [43], [78], fully homomorphic processors
[10], [11], [48], private medicine [5], [24], [40], and private
data inquery [15], [29], [44]. Here, schemes such as CKKS
and BFV [21] are often used to evaluate polynomial functions
(e.g., additions, multiplications), whereas TFHE-like schemes
[16], [20] are employed to evaluate non-polynomial functions
over ciphertexts.
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Fig. 1. Evaluation of I/O load in the pipelined accelerator, where the TFHE
parameters are set according to [7], [16]. The bandwidth demand of CKKS
operators is cited from [77].

While protocols based on multi-scheme FHE can be much
more expressive and usable, we face new computational and
communicational obstacles against the associated architec-
tural designs. Here, we first categorize basic FHE algorithms
into data-heavy operators and computation-heavy operators,
as illustrated in Figure 1. Here, we see that multi-scheme-
FHE-based protocols need to include a much wider range of
fundamental FHE operators to support complex computations
across different privacy-preserving tasks. However, as also
sketched in Figure 1, due to varying ciphertexts parameters and
evaluation key sizes (e.g., bootstrapping keys, key-switching
keys, rotation keys), FHE operators of different schemes
exhibit distinct data-heavy and computation-heavy charac-
teristics, necessitating new explorations in the architectural
design space of FHE accelerators. In addition, we point out
that separating accelerator designs for BFV/CKKS-like and
TFHE-like schemes can suffer from low hardware utilization
rates. As Figure 2 illustrates, in privacy-preserving database
applications [7], the runtime of TFHE-like scheme dominate
the overall protocol latency. On the other hand, protocols
like privacy-preserving neural network inference can be im-
plemented solely based on BFV/CKKS-like schemes, without
the need of instantiating any TFHE operator. Consequently, the
effective acceleration of multi-scheme FHE protocols demands
further studies on a unified architecture for the acceleration
of both computation-heavy and data-heavy operators across
different FHE schemes.

Based on the above analyses, we derive three essential
design principles to enable the multi-scheme applicability of
FHE accelerators: 1) layered memory access hierarchy for the
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TABLE I
QUALITATIVE COMPARISONS BETWEEN HOMOMORPHIC ACCELERATORS.

[61] [55] [62] [37] [38] [77] [44] [32] [6] [9] [76] [71] [4] [33] [70] Ours

TFHE-likea △ ✔ ✘ ✘ ✘ △ ✘ ✔ ✔ ✘ △ ✘ ✘ ✘ ✘ ✔
I/O bus load High Low High High High High Low High Low High Low High High High High Low
Configurability ✘ ✔ ✘ ✘ ✘ ✘ ✘ ✘ ✘ ✔ ✘ ✘ ✔ ✔ ✔ ✔
Parallelism ▲ ▲ ▲ ▲ ▲ ✘ ▲ ▲ ✘ ✘ ✘ ✘ ▲ ▲ ▲ ✔

▲ denotes that this accelerator has paralleled multiple cores but does not support the parallelism at the level of accelerators; a [6], [32], [55] only support
the gate bootstrapping function of TFHE, while the proposed APACHE is capable of implementing both of gate bootstrapping and circuit bootstrapping
functions. △ marks such works that claim to support at least one logic FHE scheme but without any evidence and description for the implementation.
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Fig. 2. Breakdown of “TPC-H Query 6” in the homomorphic database [7]
and encrypted Lola-MNIST [8] based on CKKS. We set the record number
in a database as 8192 and 1024. The metrics are “execution time in seconds
per query” and “execution time in microseconds” for “TPC-H Query 6” and
Lola MNIST, respectively.

minimization of I/O load, 2) reconfigureble functional unit
(FU) design for the support of flexible operator granuality, and
3) effective operator scheduling for the maximization of data
parallelism. Using such critiques, we evaluated the qualitative
characteristics of existing FHE accelerators in Table I. and
draw two main insights. First, prior accelerators [2], [33],
[37], [38], [43], [44], [61], [62], [76], [77] mostly depend
on a two-level memory hierarchy, namely, the off-chip and
of-chip memory levels with low and high communication
bandwidths, respectively. For instance, existing BFV/CKKS
accelerators, such as [37], [38], [61], [62], utilize High-
Bandwidth Memory (HBM) to buffer key and ciphertexts data,
where HBM can provide a maximum of roughly 2 TB/s of I/O
throughput. However, as Figure 1 highlights, a throughput of
8 TB/s or above is required to fully exhaust the computation
resources of a fully pipelined circuit bootstrapping unit for
TFHE. It is obvious that, while simply mounting additional
memory bandwidth can solve the I/O bottleneck, due to the
constraint on the area and the computational resources, the
expensive bandwidth added are mostly wasted when executing
other FHE operators. Second, the interconnect topology of
existing architectures are generally fixed for a given FHE
scheme without operator-level task scheduling, resulting in
less optimal resource utilization rates. For example, in [36],
[38], [61], [62], a BConv unit is explicitly instantiated to
accelerate the base conversion algorithm in the BFV/CKKS
bootstrapping procedure. Yet, since TFHE-like FHE schemes
generally do not use the residual number system (RNS), the
BConv unit is completely unused when accelerating TFHE,
leaving as much as 30% of chip area unoccupied during task
execution. Hence, a natural question to ask is that, how can
we co-design the memory and computation architectures to
support multi-scheme FHE operators, where both the memory
bandwidth and the computing resources can be fully exploited?

Our Contribution: In this work, we propose APACHE,
a processing-near-memory architecture designed for general-

purpose FHE acceleration. First, we leverage a three-level
memory hierarchy to fully exploit the internal bandwidth
of the DIMM units [35], [72], [75]. By lifting the large-
volume communication from external I/O loads, we are able to
avoid mounting an excessive amount of expensive HBM units.
Moreover, we propose a new circuit topology to interconnect
functional units, such that a high hardware utilization rate can
be retained across the diverse set of FHE operators. The key
contributions of our work can be summarized as follows.

• Multi-Level PNM Architecture: Our key observation
is that, as illustrated in Figure 1, data-heavy operators
generally have low computational circuit depth. Based on
such insight, we allocate different functional units into a
total of three memory levels: the external I/O level, the
near-memory level, and the in-memory level. By placing
computation-light but memory-heavy units closer (or even
into) the memory die, we are able to reduce the data
external I/O bandwidth by up to 3.15 ×105 times.

• Configurable Internconnect Topology: We propose
a configurable interconnect topology with fine-grained
functional unit designs to simultaneously ensure multi-
scheme operator support and high hardware utilization
rates. we show that the utilization rates of the (I)NTT
FUs can be kept at least 90% across multi-scheme FHE
tasks, while that of existing accelerators only range from
50% to 85%.

• Operator- and Task-level Scheduling: To fully exploit
the proposed hardware topology, we design a scheduler
that extracts control and data flow of multi-scheme FHE
operators to determine the proper resource allocations
and the associated datapath configurations. Moreover, we
also exploit task-level operator parallelism to further take
advantage of the massive parallel processing capability of
multi-channel dual in-line memory modules (DIMMs).

• Implementation and Evaluation: We thoroughly evalu-
ate the performance of APACHE on a set of multi-scheme
FHE operator and application benchmarks. The results
show that APACHE achieves 2.4× to 19.8× speedup,
compared to the state-of-the-art FHE accelerators.

The remaining part of this paper is organized as follows. In
Section II, we first provide basics on multi-scheme FHE ci-
phertext types and operator. Then, we overview our APACHE
architecture in Section III. Next, we show how to design
and configure the underlying pipelined circuits and memory
layouts in Section IV. Based on the lower-level functional
units, we detail the scheduling strategy in Section V. Subse-
quently, we provide the detailed experiment setup and results
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in Section VI, and present the related works in Section VII.
Finally, we conclude our work in Section VIII.

II. PRELIMINARIES

Similar to existing works [7], we divide existing FHE
schemes into two primary categories: BFV/CKKS-like and
TFHE-like. In what follows, we provide a brief summary
on the fundamental ciphertext types and key homomorphic
operators for multi-scheme FHE.

A. Notations

For basic notations, we use B, R, and Z to denote the
set of {0, 1}, real numbers, and integers, respectively. Let
q/Q/Q′ be different sizes of ciphertext modulus, p is for
the plaintext modulus, and Zq/ZQ/ZQ′ refer to the set of
integers modulo q/Q/Q′. We use R and RQ to represent
Z[X]/(XN + 1) and Z[X]/(XN + 1) mod Q, respectively,
for some ciphertext modulus Q and polynomial degree N .
Throughout this paper, we use bold lowercase letters (e.g., a)
for vectors, tilde lowercase letters (e.g., ã) for polynomials,
and bold uppercase letters (e.g., A) for matrices.

B. Multi-Scheme FHE Ciphertext

Most existing lattice-based FHE construct ciphertexts based
on either (or both) the learning with error (LWE) and ring
learning with error (RLWE) hardness problems [46]. Based
on their algebraic properties, we summarize three fundamental
types of ciphertext formats that cover most FHE applications,
namely, the LWE ciphertext, the RLWE ciphertext, and the
RGSW ciphertext.

- LWE Ciphertext: Here, we use a secret key s ∈ Bn to
encrypt a single integer message m ∈ Zp, and get a LWE
ciphertext as follows,

LWEn,q
s (m) = (b,a) = (< −a, s > +∆ ·m+ e,a), (1)

where a is chosen uniformly at random, e is a noise sampled
from discretized Gaussian, and ∆ is a scale factor to protect
the least significant bits of the message m from the noises.

- RLWE Ciphertext: A RLWE ciphertext can be defined
by the following equation,

RLWEN,Q
s̃ (m̃) = (̃b, ã) = (< −ã, s̃ > +∆ · m̃+ ẽ, ã). (2)

Here, a vector of messages m̃ ∈ Rp is encrypted under
the secret key s̃ ∈ B[X]/(XN + 1). Similar to the LWE
ciphertext, ã ∈ RQ is also uniformly and randomly sampled
from discretized Gaussian. ∆ is a scaling factor.

- RGSW Ciphertext: A RGSW ciphertext is a ma-
trix consisting of 2d RLWE ciphertexts and is noted as
RGSWN ′,Q′

s̃ (m).

C. Computational Optimizations for FHE

To boost the computation of FHE schemes, the current FHE
implementations have adopted two main technique: number
theoretic transform (NTT) and residue number system (RNS).

NTT and Polynomial Multiplication: In FHE, the most
expensive routine is the polynomial multiplication. In most

cases, we adopt NTT to reduce the complexity of polyno-
mial multiplication to O(NlogN), by computing ã · b̃ =
INTT(NTT(ã) ◦ NTT(̃b)), where ◦ is coefficient-wise mul-
tiplication.

RNS and Base Conversion: In CKKS/BFV-like schemes,
RNS is used to decompose polynomials with the large moduli
Q which can be hundreds to thousands of bits to a set of
sub-polynomials that are of smaller moduli {qi}. CKKS/BFV-
like FHE schemes often need to raise or reduce the moduli,
known as the Modup and Moddown operators. To carry out
Modup and Moddown, a large number of RNS base conversion
(BConv) operations have to be invoked. Equation (3) shows
the process of generating a new subpolynomial [ã]pj

from ã
of moduli Q.

BConv([ã]Q, pj) : [ã]pj
= (

L−1∑
i=0

[[ã]qi · q̂−1
i ]qi · q̂i) mod pj ,

(3)

where L is the number of modulus qi of Q. Based on BConv,
Modup and Moddown can be defined by Equation (4) and
Equation (5), respectively.

Modup([ã]Q, P ·Q) : [ã]pj = BConv([ã]Q, pj), (4)
Moddown([ã]P ·Q, Q) :

[ã]qj = ([ã]qj − BConv([ã]P , qj)) · P−1 mod qj , (5)

where j ∈ [0,M) and M is the number of sub-modulus of P .

D. Multi-Scheme FHE Operators

In this subsection, we provide a detailed explanation of
the BFV/CKKS-like and TFHE-like homomorphic operators.
Meanwhile, we decompose such homomorphic operators into
lower-level operators, including (inverse) number theoretic
transform ((I)NTT), modular addition (MAdd), modular mul-
tiplication (MMult), and coefficient automorphism. Consid-
ering the computation overhead and data size, we further
classify such homomorphic operators into data-heavy and
computation-heavy operators, as Table II illustrates.

1) Homomorphic BFV/CKKS-like Operators: The homo-
morphic arithmetic evaluation is conducted on the RLWE(m̃)
ciphertext over RQ. The basic homomorphic arithmetic op-
erators are homomorphic addition (HAdd) and homomorphic
multiplication (HMult).

- Homomorphic Addition (HAdd): HAdd of two cipher-
texts only requires MAdd between the ciphertext polynomials:
RLWE(m̃0 + m̃1) = (b̃0 + b̃1, ã0 + ã1) (mod Q).

- Key switching (KeySwith): We use KeySwith to transform
a cipher polynomial ã encrypted by s̃ to that of s̃′. KeySwith
includes Modup and Moddown, requiring a large number of
MMult, MAdd, NTT, and INTT operations.

- Homomorphic Multiplication (HMult): HMult supports
the plaintext-ciphertext multiplication (PMult) and ciphertext-
ciphertext multiplication (CMult). For PMult calculations, we
have RLWE(m̃0)·m̃1 = (b̃0·m̃1, ã0·m̃1) (mod Q). For CMult,
we compute RLWE(m̃0 · m̃1) = KeySwith(ã0 · ã1, evk)+ (b̃0 ·
b̃1, ã0 · b̃1 + ã1 · b̃0) (mod Q).
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TABLE II
DECOMPOSITION AND CLASSIFICATION OF HOMOMORPHIC OPERATORS.

Homomorphic Operators Basic Functional Units Pipeline Cached Operand Input Operator
NTT MA MM Auto. Depth1 Key Size Bitwidth2 Sym.3 Type

TFHE-like
[41], [48]

CMUX ✔ ✔ ✔ ✔ ≤ 350 None 32, 64 ✔ Computation
PrivKS ✔ ✔ ≤ 3 1.8 GB 64 ✘ Data
PubKS ✔ ✔ ≤ 3 79 MB 32 ✘ Data
Gate Boot.4 ✔ ✔ ✔ ✔ ≤ 350 37 MB 32 ✔ Computation
Circuit Boot.4 ✔ ✔ ✔ ✔ ≤ 350 196 MB 32, 64 ✔ Computation

BFV- and
CKKS-like

[37]

HAdd ✔ ≤ 3 None ≤ 32 ✔ Data
HMult ✔ ✔ ✔ ≤ 300 120 MB ≤ 32 ✔ Computation
CKKS Boot. ✔ ✔ ✔ ✔ ≤ 350 ≈ 1 GB ≤ 32 ✔ Both

1Commonly, a full-pipelined NTT unit is comprised of 150 to 250 stages of circuits. The pipeline lengths of MA and MM are generally less than three
and five, respectively. As designed in [61], an 128-lane automorphism module needs at least 63 stages of circuits. The overall circuit depth is estimated
based on the above parameters. 2Operands of 128 bits or above are typically split into integers of 32 bits or less for efficient calculation. 3Input Symmetry
means that all the input operands have the same bitwidth. 4Excluding the built-in key switching procedures.

- Homomorphic Rotate (HRot): HRot performs a circular
left shift by r slots on a ciphertext RLWE = (̃b, ã), by ex-
ecuting HRot(RLWE, r, evk(r)) = KeySwith(ψr(ã), evk(r)

rot)
+(ψr (̃b), 0̃), where evk(r) is a KeySwith key for HRot and
ψr(·) represents the automorphism, i,e, the ith coefficient of
a polynomial moves to the slot of i · (5r) mod N . Low-level
operators of HRot includes ψr(·) besides these of KeySwith.

- BFV/CKKS Bootstrapping: The above HMult operations
only support the limited number of homomorphic multiplica-
tions. For the deeper multiplicative depth, the bootstrapping
is proposed to recover the level budgets of homomorphic mul-
tiplications. bootstrapping is the most complex and expensive
operation in both BFV and CKKS. Due to the space limit,
we refer readers to [37], [61] for further details on the exact
arithmetic characteristics of BFV and CKKS bootstrapping.

2) Homomorphic TFHE-like Operators: In TFHE, the most
fundamental homomorphic operators are the controlled multi-
plexer (CMUX) and key switching. Moreover, based on both
operators, gate bootstrapping (GB) and circuit bootstrapping
(CB) have been built to enable various homomorphic func-
tionalities in constructing diverse applications.

- Controlled Multiplexer (CMUX): This operator is the
homomorphic counterpart of a multiplexer. It outputs a new
RLWE ciphertext which shares the same plaintext as either
input RLWE ciphertexts for ct0 or ct1, depending on the given
RGSW ciphertext of C encrypting a selection bit. The CMUX
function can be represented as CMUX(ct0, ct1,C) = C ⊡
(ct0 − ct1) + ct1, where ⊡ presents an external product.

- Key Switching (KS): To switch keys and ciphertext
formats, TFHE has defined two key-switching flavours, namely
the public functional key switching (PubKS) and private
functional key switching (PrivKS). And the main computation
producers can be characterized by the two following equations,

PubKS(f,KS, c) = (0, f(b1, · · · , bp))−
n∑

i=1

t∑
j=1

âi,j ·KSi,j ,

(6)

PrivKS(KS(f), c) = −
p∑

z=1

n+1∑
i=1

t∑
j=1

ĉ
(z)
i,j ·KS

(f)
z,i,j , (7)

where c is the set of p LWE ciphertexts, and f is some
Lipschitz continuous function. âi,j is the jth bit of ai, in

which ai = f(a
(1)
i , · · · , a(p)i ), while ĉ(z)i,j is the jth bit of the

ith coefficient in the zth LWE ciphertext. KS and KS(f) are
the key-switching keys, each of which consists of either LWE
ciphertexts or RLWE ciphertexts.

- Bootstrapping of TFHE: The operations inherently in-
troduce a certain degree of noise into the resulting ciphertext,
thereby increasing the risk of decryption failure. To guarantee
the correct decryption, bootstrapping is designed to remove
the noise at the end of each operation. We can combine
bootstrapping and PubKS to construct various homomor-
phic logic gates (HomGate), such as HomAND, HomOR,
and HomXOR. Similarly, by jointly using bootstrapping and
PrivKS, a circuit bootstrapping (CB) functionality can be
achieved, which provides a higher precision and enhanced
flexibility for constructing complex and advanced applications,
as exemplified by such [7], [48].

III. MOTIVATION AND ARCHITECTURAL OVERVIEW

A. Challenges and Motivations

Before delving into the architectural details, we first provide
a thorough analyses on the computation and memory charac-
teristics for existing multi-scheme FHE operators, and discuss
the primary challenges as well as key insights for APACHE.

As summarized in Table II, we focus on the most fre-
quently used operators for both BFV/CKKS-like and TFHE-
like schemes, and classify the operators into two types, namely,
computation-heavy and data-heavy. Here, we point out two
main challenges for accelerating multi-scheme FHE. First, the
amount of cache data vary by as much as 48× between the
operators. As a result, existing accelerators with the typical on-
chip and off-chip memory architecture has to either cache all
the data on chip (which can be impractical for large evaluation
keys with up to 1.8 GB of data) or incur excessive off-chip
I/O bandwidth that are left unused for computation-heavy
operators. Second, while most high-level operators can be
broken down to the a set of basic functional units, (i.e., NTT,
modular addition and multiplication, and automorphism), the
exact operator composition and control path do vary from one
to the other. However, since existing FHE accelerators gener-
ally target on only one FHE scheme, their circuit topologies are
fixed at design time (e.g., for [6], [32], [36], [37], [61], FUs are
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Fig. 3. (a) Overview of APACHE structure; (b) Modified ×8 DRAM chip with a hierarchy of memory array-to-bank-to-bank group; and (c) Modified memory
array for computing KS. Here, the dashed and solid lines represent the control flow and data flow, respectively.

in the pre-determined order of NTT, modular multiplication,
modular addition, and automorphism). Consequently, some
of the FUs are under-utilized, or completely unused, when
executing certain operators (e.g., PrivKS and PubKS does not
use the NTT units).

Motivated by the above challenges, our main goal in this
work is thus to decouple and decompose data-heavy and
computation-heavy FHE operators based using a multi-level
memory hierarchy with configurable FU interconnects, so
that we can achieve high hardware utilization rates while
significantly reducing I/O bandwidth.

B. Architectural Overview

As illustrated in Figure 3(a), APACHE is comprised of two
main modules: the scheduling module and the DIMM module.
When a particular FHE program is received by a host CPU,
the control and data flow graphs of the FHE operators are
first extracted by the scheduler module. The scheduler then
breaks down the data dependency between the operators and
construct the task queue, where operator-level parallelism is
extracted to exploit the computational capabilities of the multi-
channel DRAM module. Next, the operators are fed into the
DRAM module, where the majority of the data buffering and
task execution happen. Lastly, the execution results for each of
the operators in the task are naturally stored inside the DRAM
module for the execution of the subsequent operators. Hence,
the overall goal of APACHE is to significantly reduce the off-
chip I/O loads for multi-scheme FHE acceleration by properly
allocating functional units into the DRAM module.

To carry out highly complex cryptographic operations inside
the DRAM module, computing and storage elements are
carefully organized to form three fundamental memory levels:
the external I/O level, the near-memory computing level, and
the in-memory computing level. In what follows, we briefly
summarize the memory and computing topology in each of
the layers.

➀ I/O Level: First of all, on the I/O level, we expose the
set of operators that constitute the application programming
interface (API) of the overall accelerator, including all the FHE
operators described in Section II-D. When executing an FHE
operator, we assume that all ciphertexts data and evaluation
keys are pre-loaded into the DIMMs, which we believe is a
reasonable assumption since the same thing holds true for the
regular computation model.

➁ Near-Memory Computing Level: The NMC level is
where most of the low-level FUs locate. We have three main
components here: i) the standard memory chips, ii) the NMC
module, and iii) the modified in-memory computing module.
First, for the native memory ranks, we employ the standard ×8
DRAM chips, where the internal architecture of these DRAMs
remain unchanged. The only difference here is that the data
bus of each rank is connected separately to one of the data
buffers inside the NMC module.

By parallelizing the data bus of multiple DRAM ranks,
APACHE provides large internal bandwidth to the NMC
module, such that an excessive amount of I/O communication
can be avoided. Inside the NMC module, we incorporate
configurable FUs implementing the respective underlying op-
erators, and the FUs are structured with a flexible interconnect
topology to accommodate various data flows of FHE operators
efficiently.

➂ In-Memory Computing Level: As sketched in Fig-
ure 3(b) and 3(c), we place application-specific circuits on the
in-memory computing level to mainly reduce the bandwidth
bottleneck introduced by the TFHE key switching algorithms,
namely, the PrivKS and PubKS operators. As illustrated in
Table II, the sizes of keys needed to be loaded on-chip is
extremely large for PrivKS and PubKS, while the computation
circuit is extremely shallow (only a couple of adders). Hence,
we insert the accumulation adders at the bank level of the ×8
DRAM chip, where the evaluation keys are pre-loaded.

IV. DESIGN EXPLORATION OF FUNCTIONAL UNITS

To design a near-computing module for multi-scheme FHE,
we see two significant design challenges. First, as illustrated in
Figure 4(a) and (b), TFHE-like and BFV/CKKS-like schemes
exhibit distinct data and control flows. Consequently, regard-
less of which scheme we use as the reference for the NMC
design, there will always be inefficiencies when the other
scheme is used. Second, within the BFV/CKKS-like schemes,
many tasks only adopt the HAdd and PMult operators without
invoking NTT. As a result, if a the NTT, MMult, and MAdd
circuits pipelined together, the NTT modules become idle
when only HAdd and PMult are called. To tackle the above
challenges, we propose a flexible NMC module design with
configurabilities on both the interconnect level and the internal
FU level.
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A. The NMC Module and its Interconnection

Here, we first describe the instantiated FUs in the NMC
module, and then discuss how the FUs need to be intercon-
nected to form the overall NMC architecture. As outlined in
Figure 5, the NMC module is composed of three subcom-
ponents, namely, the interconnect controller, the NMC core,
and the data buffer. During the execution of an FHE operator,
the associated data are first loaded into the data buffer. Then,
the data path in the NMC core is properly configured by the
controller to execute the exact computations. Within the NMC
core, we have six FUs: the register file, the decomposition unit
Decomp, the (I)NTT unit (I)NTT, the modular multiplication
unit MMult, the modular addition MAdd, and the automor-
phism unit Automorph. The (I)NTT module can implement
the NTT and INTT operators by feeding different twiddle
factors, respectively.

While the designs of the FUs themselves are close to those
of the existing works [37], [55], [61], [62], the interconnects
need to be completely re-designed due to the complex arith-
metic characteristics of the multi-scheme FHE operators. First,
we observe that the (I)NTT-MMult-MAdd routine is one of
the most frequently used control flows for both BFV/CKKS
and TFHE, as depicted in Figure 4 (a) and (b). Furthermore,
it is observed that automorphism and decomposition operators
are comparatively less utilized in both schemes, thus requiring
lower bandwidth. Based on this observation, we propose a
configurable interconnect topology for our NMC modules, as
depicted in Figure 5. This topology incorporates two separate
pipelines: the (I)NTT-MMult-MAdd routine and the MMult-
MAdd routine. The former routine, coupled with a central
register file of 8MB, is capable of executing operators such
as CMUX of HomGate for TFHE-like schemes and CMult
of BFV/CKKS-like schemes. Conversely, the latter routine
can efficiently compute HAdd and PMult without interrupting
the (I)NTT pipeline. Notably, the central register file ensures
adequate internal bandwidth for the (I)NTT-MMult-MAdd
routine, while the register file of 1MB supplies operands
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Fig. 6. The proposed configurable modular multiplier, (a) working as a 64-bit
modular multiplier, and (b) working as two parallel 32-bit modular multiplier.
Here, we employ the Karatsuba multiplier and divisible subtractor to provide
the configurable ability.

to the MMult-MAdd routine. Concretely, we can formulate
the utilization rate of the (I)NTT FU for a single fixed
pipeline routine and our configurable interconnect topology
by Equation (8) and Equation (9), respectively.

UtlNTT =
TALL −TnonNTT

TALL
, (8)

Utl′NTT =
R1.TALL − R1.TnonNTT

R1.TALL

⋃
R2.TALL

, (9)

where TALL stands for the overall latency of a routine, and
R1.TALL

⋃
R2.TALL is the union of timing segments of the

two pipeline routines R1 and R2. The union runtime is no
bigger than TALL. Meanwhile, it holds R1.TnonNTT ≥ 0.5×
TnonNTT (resp. R1.TnonNTT = TnonNTT) for HAdd/PMult
(resp. CMUX). Thus, we can observe a significant improve-
ment in the utilization rate of the (I)NTT FU for both
CKKS/BFV-like and TFHE-like schemes for the proposed
interconnect topology.

B. FU Configuration in the NMC Module

As illustrated in Table II, a general-purpose FHE accelerator
must accommodate operands of 32 and 64 bits. However,
existing FHE accelerators predominantly confine modular mul-
tiplication, addition, and (I)NTT circuits to fixed bitwidths.
For example, BTS [38], ARK [37], and Strix [55] uses a
fixed bit width of 64 for the (I)NTT/FFT designs. Such lim-
itations inevitably result in notable resource under-utilization
when handling 32-bit operands. To accommodate the pivot
bit-widths, we have designed and integrated the FUs with
configurable bitwidth within our APACHE.

(1) Configurable MMult and MAdd circuits (Figure 6):
MMult [64], [67] and MAdd [31], [49] play the critical
roles in the construction of various low-level operators and
homomorphic operators, such as (I)NTT, HMult, CMUX,
and high-level operators such as bootstrapping. Therefore, all
modular multiplication and addition units in the proposed
architecture have configurable operand bit width that can be
flexibly switched between the 64-bit operand mode and 32-
bit operand mode, where one execution of the multiplier (or
adder) produces one 64-bit output or two 32-bit outputs.

The structure of the proposed configurable MMult is de-
picted in Figure 6. First, we point out that a 64-bit adder can be
easily divided into two 32-bit adders by cutting the pipeline at
the carry bit. Second, our key observation is that the Karatsuba
multiplier processes a k-bit multiplication using three k

2 -bit
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Fig. 7. The structure of automorphism module.

multipliers. Consequently, by modifying the structure of a 64-
bit Karatsuba multiplier, it becomes feasible to compute either
a 64-bit multiplication or at least two parallel 32-bit multipli-
cations. More concretely, we can use three k-bit multipliers
and three k-bit subtractors to construct a k-bit MMult [77].
Hence, we arrange our configurable 64-bit adders and 64-bit
multiplier to construct the 64-bit configurable MMult as shown
in Figure 6. Lastly, we can simply use the 64-bit configurable
adder and subtractor to implement a configurable MAdd FU.

(2) Configurable NTT FU: The computation of (I)NTT
[26], [53], [73], [79] is akin to the Discrete Fourier Transform
(DFT) [69], [74], but operates over a integer polynomial ring.
In existing FPGA and ASIC accelerators of FHE, the operand
bitwidths of the customized (I)NTT circuits are specific to
28 bits, 32 bits, 64 bits, or others. Nevertheless, due to
the substantial hardware overhead associated with implement-
ing (I)NTT, it is impractical to directly incorporate multiple
(I)NTT FUs for all possible operand bitwidths. Hence, the
most viable solution is to devise the configurable (I)NTT
module. In this work, we utilize our configurable MMult
and MAdd circuits to construct the (I)NTT FUs. By such an
approach, we can ensure that one configurable (I)NTT circuit
can be flexibly configured into either one high bit-width (up
to 64 bits) (I)NTT FU or two parallel low bit-width (each
supporting up to 32 bits) (I)NTT FUs.

(3) Automorphism (Figure 7): In addition to supporting
multiple operand bitwidths, the automorphism unit needs
to address a new design challenge posed by the distinct
coefficient rotation rules in the CKKS and TFHE encryp-
tion schemes. Specifically, in CKKS, the coefficient shift
is determined by τ = i · k mod N . [61] has illustrated
that implementing automorphism for BGV and CKKS can
be achieved effectively by utilizing four permute/transpose
operations within SRAM buffers. In contrast, in TFHE, we
have a fixed automorphism of τ = i + k mod 2N for
computing the operation of X−ai ·ACC. It is observed that
automorphism for TFHE can be implemented using only a few
shift registers and a single SRAM buffer. Thus, we can see
that there is an inevitable disparity between the automorphism
operators employed in CKKS and TFHE.

V. DATA AND TASK SCHEDULING

As mentioned, for the general acceleration of multi-scheme
FHE, the design of an efficient and effective scheduling

A FHE RAM based on CMUX

Input: A set of LWE ciphertexts ct = {ct0, …, ctn}.

Input: Address RGSW ciphertext ad = {ad0,…,adlogn-1}.

Output: The selected ciphertext from ct.

1: for i = 0 to logn - 2 do

2:    stride = 1 << i

3:     for j = 0 to n >> (i + 2) do

4:      

5:     end for

6: end for

Return ct0

A FHE six-stage logic circuit

Input: A set of LWE ciphertexts ct = {ct0, …, ct6}.

Input: A queue of homomorphic gates OP = {NAND, NAND, 

NOR, AND, AND, OR}.

Output: The resulting ciphertext ctoutput.

1: ctoutput = ct0

2: for i = 0 to 5 do

3:    ctoutput = HomGate(cti+1, ctoutput, OPi)

4: end for     

Return  ctoutput

(c) (d)
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Fig. 8. Two demos for basic cases of homomorphic evaluation tasks: (a)
without specific data dependency and (b) with specific data dependency. Task-
level schedule schemes: (c) for the case without specific data dependency and
(d) for the case with specific data dependency. Here, arrows stand for the data
flow, and circles represent the homomorphic operators.

strategy is essential to facilitate data reuse and minimize
unnecessary data movement [6], [61]. Moreover, in order to
exploit the massive parallelism of multiple DIMM cards, the
mapping and aggregation intermediate results has to be care-
fully treated to avoid excessive inter-DIMM communication.

To address the operator and data scheduling issue, we
define scheme-specific scheduling strategies at both the FHE
application level (i.e., task-level) and multi-scheme operator
level. Based on the scheduled data and control sequences, we
generate the micro-instructions to configure the respective FUs
and the overall execution process.

A. Task-Level Scheduling

For task-level scheduling, consider two basic cases of homo-
morphic evaluation tasks: those without a specific ciphertext
sequence and those with. In both cases, the plaintext content
remains undisclosed to the service provider. It is important to
emphasize that more complex tasks can be constructed by the
combinations of the above two cases.

When there is no explicit data dependency, the ciphertext
can be processed concurrently in multiple APACHE DIMMs.
Figure 8 (a) shows a demo involving two APACHE DIMMs
in the absence of specific ciphertext dependency. In this
case, the same homomorphic operators (i.e., tree-shape CMUX
operators in the example of Figure 8 (a)) would be executed
within each DIMM, independently. Then, only the local result
is transmitted to another DIMM to obtain the aggregation
outcome. In another case, the homomorphic task exhibits a
specific order, as illustrated in Figure 8 (b). If the amount of
ciphertext operands does not exceed the storage capacity of a
single DIMM, we would process the task in a single APACHE
DIMM. Conversely, if the storage capacity is exceeded, the
local result of DIMM 0 is transmitted to DIMM 1 as the input
to launch the subsequent evaluation.

By implementing the above scheduling strategy, primary
data movements occur within each DIMM. Only small local
results are communicated across APACHE DIMMs via the
host bus. Although our scheme significantly reduces the IO
load compared to AISC, FPGA, and GPU, the data trans-
mission still hinders the underlying circuits to maintain the
full pipeline work for a single task. This is because branch
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prediction [12], [30] and out-of-order execution mechanisms
[45], [63] of the host CPU render that the local results are
delivered at a random time point and in order. An important
insight is that it is unnecessary to complete one end-to-end task
before commencing the next one. Instead, servers commonly
receive massive tasks, and thus we can perform other tasks
while awaiting the delivery of local results, as Figure 8 (c)
and (d) shown. Namely, using the data scheduling strategy and
the task breakdown, we can ensure that our APACHE DIMMs
provide the capability of parallelism and keep computing fully
pipelined.

B. Operator-level Scheduling

Once the task sequence is determined, the next step is to
organize the homomorphic operators in a systematic manner to
achieve high FU utilization rates and data reuse. As mentioned
in Section V-A, at this stage, if the homomorphic operators
that share the same evaluation key (e.g., evk of CKKS or
PrivKS key of TFHE), such operators are clustered to be
executed together. Based on the operator clustering results,
we determine the operator batching size and the exact order
of operator execution. Finally, the scheduler generates the
sequences of the micro-instructions along with the associated
data to the DIMM module. In the follows, we detail the
operator-level scheduling for BFV/CKKS-like and TFHE-like
schemes in a fine-grained manner.

Scheduling CKKS/BFV-like Operators: For BFV/CKKS-
like schemes, we observe that directly executing opera-
tors according to the task-level schedule can lead to low
resource utilization rates. For example, as Figure 4(b)
shows, CMult and HRot can be decomposed into a se-
quence of Modup ((I)NTT③-MAdd④-(I)NTT⑤-MMult⑥)
and Moddown ((I)NTT⑦-BConv⑧-(I)NTT⑨). If we map
the (I)NTT③ and MAdd④ operators to the (I)NTT-MMult-
MAdd routine for the Modup operation, the MMult and
MAdd FUs experience pipeline bubbles after the (I)NTT
execution in ⑤. Similarly, pipeline bubbles occur for (I)NTT
and MMult/MAdd during the execution of KeySwith and
Moddown. To mitigate this issue, the scheduler rearranges
and divides the underlying operators into three groups:
((I)NTT③-MAdd④), ((I)NTT⑤-MMult⑥), and ((I)NTT⑦-
BConv⑧). This approach can significantly reduce the occur-
rence of pipeline bubbles, generating only one instance of
MAdd bubble when executing (I)NTT⑤-MMult⑥. Moreover,
to increase the reuse of operand data (such as the Modup base
for (I)NTT③-MAdd④ and the evaluation key for MMult⑥),
we batch operators on the group level, instead of the operator
level.

Scheduling for TFHE-like Operators: In the TFHE
scheme, the bootstrapping key needs to be reused for gate
and circuit bootstrapping. To reduce the memory bandwidth
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Fig. 10. Three packing methods of RLWE ciphertext.

demand, we adopt the design in [6], where a batch of ci-
phertexts are processed by the ith CMUX in parallel before
iterating to the i+1th CMUX, to ensure the fully reuse of BKi.
For a single CMUX, the data path is configured as illustrated
in Figure 9 to keep the utilization rates of the (I)NTT FU as
high as possible. Concretely, a CMUX needs to decompose
the input polynomial into d sub-polynomials (d = 2 in Fig-
ure 9). The decomposed polynomials fed into the (I)NTT FU
followed by a multiplication of BKi in the subsequent MMult
FU, where BKi is the i-th decomposed TFHE bootstrapping
key. Since one decomposed polynomial needs is multiplied
by two different shares of BKi, the two separate MMult-
MAdd pipeline routines shown in Figure 9 are simultaneously
activated, where the MAdd completes the computation of a
CMUX by accumulating the d partial products. When the last
accumulation of the batch of ith CMUX is completed, we then
call the (I)NTT FU again to perform the INTT and generate
the final result. Finally, we note that our scheduling scheme is
compatible with a wide range values of d with a high resource
utilization. Whereas, in many existing TFHE accelerators, such
as MATCHA [32], FPT [6], and Strix [55], the NTT and INTT
FUs are configured specifically to d : 1, which leads to a
under-utilization when d varies.

C. Data Packaging and Parallelism Extraction

As discussed in Section II, all FHE schemes operate over
three different types of ciphertexts: LWE, RLWE, and RGSW.
When Equation (10) holds, we pack t LWE ciphertexts into
an RLWE for an efficient transfer across DIMMs,

TPack(t·LWE) + RLWE.TTransfer ≤ t · LWE.TTransfer. (10)

Here, we take the RLWE ciphertext as an example to illustrate
how we manage data across DIMMs. As Figure 10 shows,
there are three data packing methods of RLWE ciphertext:
vertical packing, horizontal packing, and mixed packing.

Vertical Packing: Vertical packing is commonly used in
applications that analyze and compare input samples within
a given dimension (i.e., number of samples). For this class
of applications, we ensure that the RLWE ciphertexts of the
same dimension are stored within the same DIMM as much as
possible. In this way, the computation of different dimensions
of input samples can be parallelized in multiple DIMMs.
Subsequently, the computed results of all dimensions are
passed onto a DIMM for the final data aggregation.

Horizontal Packing: This method packs all the features
of the same sample in an RLWE ciphertext. However, in
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TABLE III
APACHE DIMM CONFIGURATION.

Memory capacity 64 GB DRAM chip 8Gb x8 3200 MT/s
Rank per DIMM 8 Clock frequency 1600 MHz
NMC per DIMM 1 tRCD-tCAS-tRP 22-22-22

many applications, the number of plaintext samples rarely
reaches the lattice dimension, i.e., 212 to 216. Hence, an
RLWE ciphertext can be made to contain multiple plaintext
samples. The data delivery overhead of this type of packing
depends on requirements of the application. For example,
when computing the iteration of the K-means clustering [60],
we need to transfer the RLWE ciphertexts of K centers and
K distance sums, where each sum is the distance between
a sample and a center. However, if the Euclidean distance
is required for all sample pairs, the communication overhead
approaches O(#sample2).

Mixed Packing: Mixed packing divides a multi-
dimensional data matrix into multiple sub-matrices and
encrypts one or more sub-matrices into an RLWE ciphertext.
Similar to vertical packing, our APACHE system stores the
RLWE ciphertexts of the same features in a DIMM to achieve
high parallelism efficiency.

VI. IMPLEMENTATION AND EVALUATION

A. Implementation and Setup

In this section, we present the configurations used in the
APACHE DIMM. The simulation framework is designed with
the following components: 1) Simulation of FHE function-
ality: A behavioral level simulator is developed based on the
TFHE and CKKS schemes. This simulator not only performs
FHE operations but also generates the physical memory access
trace required for further analysis. 2) Trace-based Memory
Simulator: To simulate the cache and DRAM behaviors in
each DIMM, we employ NVsim [19], CACTI [50], and trace-
based simulators Ramulator [39], all of which are the widely-
used tools for memory analysis. In this work, we set the cache
and memory fabricated under the 22 nm technology node.
3) NMC Module Analysis: For the NMC module, we estimate
its latency, area, and power characteristics by employing
Synopsys Design Compiler with 22 nm technology library at a
frequency of 1 GHz. By combining the above four components
along with a workload distribution by our compiler, we are
able to estimate the end-to-end performance of APACHE. The
APACHE DIMM configuration and simulation of hardware
overhead are illustrated in Table IV.

B. Baselines and Benchmarks

For comparison purposes, we evaluate APACHE with the
state-of-the-art FPGA [77], as well as six ASIC FHE ac-
celerators [32], [37], [38], [55], [61], [62]. Meanwhile, we
have done a evaluation for Circuit bootstrapping on the Strix
[55] and Morhpling [54] with each max bandwidth available
for the PrivKS key. To facilitate comprehensive evaluation
and comparison, we incorporate various CKKS and TFHE

TABLE IV
AREA AND THERMAL DESIGN POWER (TDP) OF NMC MODULER OF A

APACHE DIMM, WITH BREAKDOWN BY COMPONENT.

Component Area [mm2] Power [W]

64-point (I)NTT × 4 13.04 6.28
Automorphism × 2 2.4 0.6
Decomposition × 2 0.03 0.02
Modular Multiplier × 256 × 2 5.0 3.01
Modular Adder × 256 × 2 0.36 0.39
Adders in each ×8 DRAM 0.12 0.02

Regfile (8 + 1 MB) 14.4 1.01
Data Buffer (16 MB) 25.6 1.8

Total NMC module 60.95 13.14

operators, along with five distinct FHE applications. All as-
sessments adhere to a 128-bit security assumption if no addi-
tional declaration is provided. Specifically, in the evaluations
of homomorphic operators, TFHE parameters conform to [7],
[16], while those of CKKS remain consistent with [36].

1) Mini-benchmarks: To assess the performance of
APACHE on individual FHE operators across different
schemes, we adopt CMult, HAdd, PMult, KeySwith, and
HRot, HomGate, and circuit bootstrapping as the set of mini-
benchmarks.

2) CKKS benchmarks: In this experiment, we employ three
CKKS-based schemes for evaluation: Logistic Regression
(LR), Lola MNIST [8], and fully-packed bootstrapping. First,
for LR, we use HELR [27] where a 196-element weight
vectors is trained by 32 iterations. The reported metric is
the average execution time per iteration. Second, we execute
the Lola MINST [8], a homomorphic Neural Network based
on CKKS, with the same parameters as in [62]. Lastly, we
benchmark the fully-packed CKKS bootstrapping [1], [13].

3) TFHE and mixed benchmarks: For TFHE benchmarks,
we use the homomorphic circuits in [48] to benchmark the
performance of end-to-end TFHE applications. In particular,
[48] incorporates a five-stage pipeline processor with a various
of logic gates such as HomNAND and HomXOR, along with
512 bytes of ROM and RAM that are built out of CMUX’s.
HE3DB [7] is the state-of-the-art homomorphic database based
on both CKKS and TFHE schemes, supporting the logic and
arithmetical data querying and analysis. We performed an
evaluation of our APACHE on “TPC-H Query 6” (i.e., a
classical database workload benchmark) of HE3DB.

C. Performance and Comparison

As shown in Table V and Figure 11, we present the
performance of APACHE architecture for in terms of FHE
operators and applications. Results are showcased for parallel
acceleration using 2/4/8 DIMMs and are compared against
multiple FHE accelerators, including Poseidon [77], F1 [61],
CraterLake [62], BTS [38], ARK [37], SHARP [36], Strix
[55], Morphling [54], and MATCHA [32].

Performance of FHE Operators: First of all, Table V
shows the remarkable fact that only our APACHE can support
CKKS and TFHE, while all the comparison work can only
perform one of both. Moreover, our APACHE architecture
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TABLE V
THROUGHPUT COMPARISON OF CKKS OPERATORS IS WITH N = 1016 AND L = 44. THE HOMGATE-I, HOMGATE-I, CIRCUIT BOOTSTRAPPING ARE

SET TO 80-BIT, 110-BIT, AND 128-BIT SECURITY PARAMETERS, RESPECTIVELY. WE ADOPT “OPERATORS PER SECOND” (OP./S) AS THE METRIC.

PMult HAdd CMult Rotation Keyswit. HomGate-I HomGate-II CircuitBoot.

Poseidon [77] 14.6K 13.3K 273 302 312 - - -
F1 [61] N/A N/A N/A N/A N/A - - -
MATCHA [32] - - - - - 10K - -
Strix [55] - - - - - 74.7K 39.6K ≤ 2.6K
Morhpling [54] - - - - - 147K 78.7K ≤ 7.4K
APACHE × 2 355K 355K 6.5K 6.8K 7.4K 500K 264K 49.6K
APACHE × 4 708K 708K 13.1K 13.6K 14.8K 1,000K 528k 99.2K

The performance of CKKS operators with N = 216 and L = 44 is not provided by state-of-the-art FHE accelerators, such as F1 [61], CraterLake [62],
BTS [38], and SHARP [36]. We use N/A to mark a accelerator that supports a specific FHE operator but without reported performance.
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Fig. 11. Performance comparison of APACHE with state-of-the-art FHE accelerators. To ensure similar area overhead with the comparison accelerators, we
report the performance of APACHE × 2 and × 8 for TFHE and CKKS benchmarks, respectively. The number of records is set to 214 for HE3DB [7].

achieves significant advantages over comparable solutions,
when executing TFHE operators. Even with only two paral-
lel APACHE DIMMs, we achieve remarkable performance,
surpassing the recent work Strix (resp. Morphling) by 6.69×
(resp. 3.4×) and 6.75× (resp. 3.38×) for 80-bit and 110-bit
security, respectively. When implementing the circuit boot-
strapping of 128-bit security, our APACHE attains the 19.08×
and 6.7× speedup than Strix and Morphling, respectively.

The significant edge emanates from various design consid-
erations. Primarily, our operator-level scheduling ensures the
high utilization of (I)NTT FUs, which is significantly higher
than existing works, where the NTT/FFT units often remain
idle. Additionally, while the parts of accelerators employ
fixed 64-bit FFT/NTT (e.g., 64-bit FFT adopted in Strix), our
APACHE allows each 64-bit NTT FU to be configured into
dual 32-bit NTT FUs, thereby enhancing resource utilization
for 32-bit HomGate. Moreover, we decouple PrivKS and
PubKS from computation clusters and process both directly
within specific ×8 ranks, reducing bandwidth load by 3.15 ×
105 times and 3.05 × 104 times, respectively. In constrast,
Strix (resp. Morphling) takes around 24 ms (resp. 7.7 ms)
for loading PrivKS key of 1.8 GB when batching 64 LWE
ciphertexts for circuit bootstrapping.

Full-system Performance: As Figure 11 shows, our
APACHE with 8 DIMMs achieves a speedup of 2.4× and 2.5×
for Lola MNIST with encrypted and unencrypted weights,
respectively. Moreover, our APACHE DIMM × 8 is 8.04×
and 15.63× faster than the baseline of BTS for the CKKS
schemes of fully-packed bootstrapping and HELR, respec-
tively. APACHE has achieved such improvement mainly due
to the flexible interconnect topology and fine-grained opera-
tor scheduling. Concretely, such real applications of CKKS
commonly include a large number of PMult and HAdd
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Fig. 12. Resource utilization of APACHE.

independent of NTT. Our APACHE allows both operators
to be (partially or totally) executed in the pipeline routine
2. Thus, our APACHE significantly improves the utilization
of NTT FUs and the overall performance. When APACHE
carries out the TFHE-based VSP, we observe 18.68× and
6.8× speedup against Strix and Morphling, respectively. The
VSP relies on expensive circuit bootstrapping to generate
GSW-format addresses. Due to the optimization mismatch in
circuit bootstrapping over Strix and Morhpling, our APACHE
exhibits a more competitive performance in VSP. Furthermore,
Figure 11 demonstrates that our APACHE is the only work that
supports HE3DB [7] based on both TFHE and CKKS schemes,
suppressing CPU by 2,304×.

D. Architectural Analysis
Utilization Rates of FUs: As presented in Figure 12, our

APACHE demonstrates high utilization for hardware resource.
The utilization of the (I)NTT FU always keeps above 90%,
while that of existing accelerators only range from 50% to
85%. The high utilization rate indicates that the proposed
interconnect topology and operator scheduling strategy can
effectively reduce the running time of NTT-independent op-
erations. Moreover, the high utilization rates of (I)NTT also
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means that our the NMC module is supplied with sufficient
bandwidth, so that the proposed framework can almost fully
exploit the hardware resources of the (I)NTT FU. In addition,
we observe that the utilization of the in-memory computing
KS module is around 50%. The effective utilization of the
KS module indicates that our multi-level storage architecture
effectively reduces the bandwidth caused by loading the key
switching key.

Remark on Data Communication across DIMMs: In
addition to the circuit utilization and local bandwidth load,
another impact determinant of APACHE performance lies in
the latency associated with data scheduling across DIMMs.
It is pointed out that our APAHCE searches the aggregation
point to minimize the data volume that needs to be addressed.
Consequently, the time required for data propagation across
DIMMs is substantially smaller than that needed by local com-
putations over each DIMM. For example, a APACHE DIMM
need 0.38 ms to read a LWE ciphertext from the VSP RAM, in
which 512 LWE ciphertexts are stored. By contrast, forwarding
the readout LWE cipher to another DIMM via the host only
requires 0.31 us with given 30GB/s of I/O bandwidth. That
is, our APACHE can cover the communication latency within
computation duration.

VII. RELATED WORKS

Near/in-memory Computing for FHE Acceleration: Re-
cent studies have proposed to use near/in-memory comput-
ing (N/IMC) to optimize FHE by reducing data transfers
[25], [26], [44], [57], [65], [76]. For instance, ReRAM-based
logic gates were used in [26] to create extensive pipeline
architectures for polynomial operations and the full FHEW
scheme [20], [25]. Alternatively, [57] and [65] deployed logic
circuits adjacent to SRAM sense amplifiers for the schooltext
polynomial and NTT computations, respectively. However,
these N/IMC approaches have no discussed dividing and
conquering FHE operators as data-heavy and computation-
heavy traits, leading to lower performance versus ASICs or
restricted compatibility with multi-scheme FHE tasks.

GPU-based FHE Acceleration: Research involving GPUs
has explored accelerating FHE [3], [4], [22], [23], [33], [34],
with notable efforts like using NVIDIA Tesla V100 in [33]
achieving a 257× speedup over CPUs. Other initiatives include
integrating cryptographic functions into GPU operations [66]
and developing open-source libraries [17], [52], [68] for agile
FHE development. However, as the general-purpose platform,
GPUs lack the specialized hardware of FHE operators, thereby
leading to inferior performance compared to FPGA and ASIC.

ASIC-based FHE Acceleration: F1 [61] is the first pro-
grammable FHE ASIC designed for CKKS/BFV-like schemes,
surpassing CPU by over 17,000×. Building upon F1, Crater-
Lake [62] enables unbounded multiplicative depth by archi-
tecture optimization for bootstrapping. Further advancements
include BTS [38] and ARK [37], which enhance perfor-
mance through optimal parameter selection and key reuse,
respectively. More recently, SHARP [36] built a 36-bit FHE
accelerator, attaining high performance with a smaller area
and power consumption. Meanwhile, with much effort paid

into TFHE acceleration, we also see that the performance of
HomGate has improved from 10,000 OP./S [32] to 74,000
OP./S [55] to the current 147,615 OP./S [54]. However, all the
above ASIC chips are efficient just on either CKKS/BFV-like
schemes or TFHE-like ones.

FPGA-based FHE Acceleration: Previous studies have
explored FPGA-based acceleration of FHE for specific HE
operations [42], [43] or leveled HE schemes [56], [58], [59].
Recently, literature has introduced FPGA-based approaches for
FHE [2], [6], [28], [36], [51], [77]. For instance, FAB [2]
leverages a well-designed datapath to optimize key-switching
and effectively utilize its 43 MB on-chip storage. Poseidon
[77] focuses on fine-grained decomposition of FHE operators,
achieving efficient resource utilization. Moreover, FPT [6]
stands out as the fastest FPGA accelerator for HomGate, at-
taining a 946× speedup over CPU. However, FPGAs generally
under-perform when compared to the latest ASIC accelerators
of FHE, due to limited on-chip resources.

VIII. CONCLUSION

In this section, we present a near-memory computing ar-
chitecture for the acceleration of both BFV/CKKS-like and
TFHE-like FHE schemes. By classifying the key operators of
both two FHE lanes into data-heavy and computation-heavy
operators, we point out that, rather than simply piling up com-
puting resources, allocating the FUs on the correct memory
level is the key in effectively accelerating multi-scheme FHE.
Based on such insight, we propose APACHE that allocates
fully pipelined circuits on both near-memory and in-memory
levels with configurable FU topology to improve the overall
hardware utilization rates. Through rigorous experiments, we
show that APACHE can reduce the external I/O bandwidth
by as much as 3.15 ×105. Finally, we evaluate APACHE with
multiple FHE applications and prove that it behaves better than
state-of-the-art ASIC accelerators.
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