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Abstract—Operator fusion is essential for accelerating FHE-
based DNN inference because it reduces multiplicative depth and,
in turn, lowers the cost of ciphertext operations by keeping them
at lower ciphertext levels. Existing approaches either rely on man-
ual optimizations, which miss cross-operator opportunities, or
on compiler pattern matching, which lacks generality. Standard
DNN graphs omit FHE-specific behaviors, while fully lowering to
primitive FHE operations introduces excessive granularity and
obstructs effective optimization.

We present FHEFUSION, a compiler framework for the CKKS
scheme that enables fusion through a new IR. This IR preserves
high-level DNN semantics while introducing FHE-aware opera-
tors—masking and compaction (Strided Slice)—that are central
to CKKS, thereby exposing broader fusion opportunities. Guided
by algebraic rules and an FHE-aware cost model, FHEFUSION
reduces multiplicative depth and identifies profitable fusions.
Integrated into ANT-ACE, a state-of-the-art FHE compiler,
FHEFUSION outperforms NGRAPH, the only framework with
graph-level fusion, achieving up to 3.02× (average 1.40×)
speedup across seven DNNs (13 variants from different RELU
approximations) on CPUs, while maintaining inference accuracy.

Index Terms—FHE Compilation, Operator Fusion, CKKS

I. INTRODUCTION

Operator fusion is widely used for improving DNN execu-
tion efficiency [1]–[3]. Popular frameworks such as Tensor-
Flow [1], TVM [2], and PyTorch [4] support fusion based on
the computational graph [2], which models a DNN as tensor
operations with dependency edges. By exploiting algebraic

This work was supported by National Key R&D Program of China(Grant
No. 2023YFB4503204).

rules among operators, these transformations reduce computa-
tion and intermediate operations to enhance performance.

Beyond efficiency, deep learning also raises privacy con-
cerns on untrusted platforms. Fully homomorphic encryption
(FHE) [5] enables inference directly on encrypted data, allow-
ing secure outsourcing of storage and computation. Among
existing FHE schemes, CKKS [6] is the most practical for
encrypted DNN inference due to its support for fixed-point
arithmetic and SIMD parallelism.

However, FHE schemes (including CKKS) introduce unique
constraints—such as ciphertext slot structure, multiplicative
depth limits [7], and expensive homomorphic operations like
rotations and bootstrapping—that make operator fusion fun-
damentally different from conventional DNNs. Despite strong
privacy guarantees, FHE-based inference remains orders of
magnitude slower (often over 10,000× on CPUs) than plain-
text computation, posing serious performance challenges [8].

The performance of FHE programs, including CKKS, is
highly sensitive to multiplicative depth. As ciphertexts move
to lower levels, homomorphic operations become cheaper;
however, each homomorphic multiplication consumes one
ciphertext level, and when levels are exhausted, expensive
bootstrapping must be invoked to refresh them [9]. The cost of
bootstrapping itself depends on the level to which a ciphertext
is restored, and bootstrapping typically dominates runtime [8].
Consequently, reducing multiplicative depth—thereby both
lowering per-operation cost and reducing the number and cost
of bootstraps—is often more important than micro-optimizing
individual ciphertext operations. This makes operator fusion,
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Fig. 1. Equivalence of compaction and summation in CKKS.

which directly reduces multiplicative depth, a key mechanism
for accelerating encrypted inference.
Problem Statement. We aim to design a graph-level op-

erator fusion framework for FHE compilers that accelerates
encrypted DNN inference under CKKS. Because fusion di-
rectly reduces multiplicative depth—thereby lowering both
per-operation cost and the number and cost of bootstraps—the
framework must identify and apply profitable fusions before
lowering to CKKS operations, enabling the compiler to gen-
erate more efficient encrypted code.
Challenges. In FHE, including CKKS, operator fusion must
focus on reducing multiplicative depth and expensive cipher-
text operations—goals that differ fundamentally from fusion
in traditional DNNs. For instance, rewriting ((a ∗ x) ∗ x) ∗ x
as (a∗x)∗ (x∗x) reduces depth from 3 to 2. CKKS lowering
also expands operators into many fine-grained loops, obscur-
ing high-level structure. As shown in Figure 1, compaction
and summation share identical CKKS rotations and additions
except for rotation indices, making them indistinguishable at
the CKKS level and complicating fusion.

The core challenge is representation. Conventional DNN
graphs ignore FHE-specific characteristics, offering little guid-
ance for fusion, while expanding into primitive CKKS opera-
tors is overly fine-grained and hinders analysis. This represen-
tation gap complicates optimization and limits the effective-
ness of existing compiler techniques.
Prior Work. Efforts to improve FHE [7], [8], [10]–[15] have
addressed programmability through compilers [7], [11], [13],
[15], DSLs [12], and libraries [10], as well as optimizations
for data layout [8], rescaling [14], noise management [16]–
[18], and operator implementations [19]–[21]. Operator fusion
for depth reduction remains limited. HELIB [10] and FHE-
MP-CNN [19] apply manual fusion to core operators such as
Conv, with a few cross-operator cases like Conv+BN [19].
The DSL compiler Fhelipe [8] fuses consecutive GEMVs,
while NGRAPH [7], the only framework with graph-level fu-
sion, applies three simple constant-folding patterns—AvgPool
Folding, Activation Folding, and BatchNorm Folding, the last
already standard in PyTorch [4].

When lowering DNN operators under CKKS, the limited
operation set often leaves junk data or scatters valid data
across slots [8], [12], [19], [22], requiring masking to discard
irrelevant data [8], [10], [12], [19] and compaction to make
valid data contiguous [8]. The DSL compiler Fhelipe [8]
compacts by masking gaps with 0/1 vectors, adding extra
multiplications and missing further masking optimizations.
Overall, existing approaches rely on manual fusion, which
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Fig. 2. Fusion cases: NGRAPH fuses (a,b) only, while FHEFUSION fuses all.

overlooks many opportunities, or pattern matching, which
lacks generality.

This Work. We present FHEFUSION, a graph-level fusion
framework for FHE compilers that automates encrypted DNN
inference under CKKS. It introduces FHE-aware operators
(masking and compaction) alongside standard DNN operators
in a new IR, exposing broader fusion opportunities through
syntactic and semantic analysis. Guided by algebraic rules and
an FHE-aware cost model, FHEFUSION reduces multiplicative
depth and accelerates encrypted execution.

In developing FHEFUSION, we leverage three insights:

• Operators, such as Flatten, Reshape, and Concat, pre-
serve data values, allowing scalar multiplications to prop-
agate through them and expand fusion opportunities. As
shown in Figure 2, NGRAPH [7] applies fusion only
in two cases (Activation Folding in (a) and AvgPool
Folding in (b)), whereas FHEFUSION handles all three.
Leveraging algebraic rules rather than the three fixed
patterns in NGRAPH, FHEFUSION enables additional
fusions, such as RELU followed by AvgPool and Conv
(Equation (9)).

• Gaps in ciphertexts typically arise from strides in DNN
operators [8], [19], [22], [23]. This regularity allows stride
information to propagate, enabling later operators to
adjust parameters under algebraic transformations, as also
noted and manually incorporated in ResNet20 [23]. For
example, fusing Strided Slice with Masking can remove
an otherwise required compaction, allowing the fused
output with gaps to be consumed directly by subsequent
operations (Figure 4).

• CKKS-specific operations such as masking and
Strided Slice can be expressed at the same abstraction
level as standard DNN operators, simplifying and
broadening optimization opportunities.

Building on associative, commutative, and distributive laws,
we develop algebraic rules and a simple FHE-aware cost
model to guide a graph-level fusion algorithm for DNNs. It
employs three strategies—constant folding, masking folding,
and compaction folding (Strided Slice). Fusion reduces mul-
tiplicative depth, lowering bootstrapping costs, while propa-
gating and fusing Strided Slice operations further cut CKKS
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operations, especially rotations. Together, these extend the
scope and effectiveness of compiler-driven fusion [7].
Contributions. This paper makes three contributions:

• A New Framework. We present FHEFUSION, the first
graph-level framework to perform fusion on a dedicated
IR for FHE compilers, introducing FHE-aware operators
(masking and compaction) alongside standard DNN op-
erators for encrypted DNN inference under CKKS.

• A New Fusion Algorithm. We design an operator fusion
algorithm that applies algebraic rules, guided by an FHE-
aware cost model, to reduce multiplicative depth and
restructure graphs in ways that lessen costly CKKS op-
erations (e.g., rotations and bootstrapping) once lowered.

• A Comprehensive Evaluation. We integrate FHEFU-
SION into ANT-ACE, a state-of-the-art open-source FHE
compiler for DNNs, and show speedups up to 3.02× (av-
erage 1.40×) over NGRAPH [7] across seven DNNs (13
variants from different RELU approximations) on CPUs.

While our presentation focuses on CKKS, FHEFUSION
applies directly to other RLWE-based schemes [24], including
BGV [25] and BFV [26]), since they share the same core
RLWE operations (Section II-A).

II. BACKGROUND

We next review the essential background for this work.

A. CKKS

CKKS [6] is an FHE scheme that supports fixed-point arith-
metic on encrypted complex numbers, with RNS-CKKS [27]
as its most efficient variant. We briefly review its fundamentals
to highlight operation costs and the role of multiplicative depth
in performance. In RNS-CKKS, a ciphertext is a degree-N
polynomial with coefficients modulo Q, where N is a power of
two and Q =

∏r
i=0 Qi is the product of r+1 co-primes. Each

ciphertext provides N/2 slots for encoding up to N/2 values,
and Q is chosen to match the maximum multiplicative depth
of the program. The number of factors r defines the ciphertext
level, i.e., its capacity for homomorphic multiplications.

CKKS supports a limited set of homomorphic vector opera-
tions: additions and multiplications on plaintexts or ciphertexts
(element-wise on the underlying vectors in SIMD fashion) and
ciphertext rotations (slot-wise shifts within a ciphertext).

Complexity of CKKS Operations. Table I summarizes
their complexity under RNS-CKKS. Larger N and Q (or r)
increase operation cost, while smaller-r ciphertexts are faster.
Each multiplication followed by rescaling reduces the cipher-
text level r by one; once r = 0, no further multiplications are
possible and bootstrapping [9], [28] is required.

Multiplicative Depth. CKKS ciphertexts accumulate noise
with homomorphic operations, especially multiplications; ex-
cessive noise breaks correctness. Noise-management steps [8],
[14], [17], [18], [29] reduce the ciphertext level r, limiting
the remaining multiplicative budget. Bootstrapping restores
levels but is the most expensive CKKS operation, and its cost
increases with the level to which the ciphertext is restored.
Moreover, bootstrapping itself consumes a fixed number of

TABLE I
COMPLEXITY OF RNS-CKKS OPERATIONS.

Operator Operands Complexity

Addition (+) ⟨Cipher, Plain⟩; ⟨Cipher, Cipher⟩ O(N · r)

Multiplication (·) ⟨Cipher, Scalar⟩ O(N · r)
⟨Cipher, Plain⟩ O(N · r)
⟨Cipher, Cipher⟩ O(N · logN · r2)

Rotation (≪,≫) ⟨Cipher, Integer⟩ O(N · logN · r2)

levels, so the recoverable depth is bounded by the remaining
modulus. Reducing multiplicative depth therefore decreases
both the number of required bootstraps and the cost of each
one, making it crucial for CKKS performance.

For security, N must be large (typically ≥ 16K) and fixed
during execution. Since unused ciphertext slots do not lower
costs, applications must fill these vectors to avoid wasted work.
Balancing security and performance by selecting N and Q
and designing data layouts to fully utilize the N/2 slots for
parallelism remains a core challenge in FHE programming.

B. Implementing DNN Operators with CKKS

DNNs operate on tensors, but CKKS supports only cipher-
text vectors. Input tensors must therefore be flattened into one-
dimensional vectors under an appropriate data layout before
encryption. Typically, only inputs are encrypted, while model
weights remain plaintext constants known at compile time. Be-
cause ciphertext operations are costly, computation is offloaded
to plaintext whenever possible, a heuristic that also exposes
fusion opportunities. Moreover, the limited CKKS operations
(Table I) mean that implementing DNN operators—especially
reductions—often introduces junk values or empty slots in
ciphertext vectors, as noted in prior work [8], [12], [19], [22].

We examine common DNN operators and show how their
CKKS implementations reveal graph-level fusion opportuni-
ties, even though such information is hidden at the graph level.

RELU. Because CKKS [6] does not support comparisons,
this operator is approximated by a polynomial:

RELU(x) =
n∑

i=0

aix
i (1)

where ai are scalars and x denotes a slot value in the input
ciphertext. Two approaches exist:

• Sequential High-Degree Polynomials: compose multi-
ple high-degree polynomials to approximate RELU; pre-
serves pretrained weights but incurs large multiplicative
depth, often requiring a bootstrap per RELU [19], [23].

• Single Low-Degree Polynomial: approximate RELU
with one low-degree polynomial (e.g., ax2 + bx+ c); re-
quires retraining but consumes only a few levels (two for
quadratic), typically avoiding bootstrapping and enabling
faster inference [12], [30].

Such polynomial evaluations on a ciphertext can also be
fused with adjacent operations on the same ciphertext, creating
further optimization opportunities.
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Pooling. In DNNs, pooling (e.g., AvgPool) with non-unity
strides produces tensors with gaps, which map to ciphertexts
with gaps. Managing these at the graph level creates fusion
opportunities, particularly for AvgPool.

Reshaping. Operators such as Flatten, Reshape, and
Concat change tensor shape but not data values. This allows
constant multiplications to propagate across them without af-
fecting correctness, enabling fusion in subsequent operations.

Conv and GEMV. Both take a ciphertext input X (image
for Conv and features for GEMV) and a plaintext input W
(kernels or weights), producing an output Y . Under CKKS,
they are typically implemented as repeated ciphertext rotations
with ciphertext–plaintext multiplications [8], [15]:

Y =
∑
i

(
Rotation(X, i)×Wi

)
(2)

where Wi is a row/column of W . Since these are cipher-
text–plaintext multiplications, nearby scalar multiplications on
X or Y can be fused with W at the graph level.

For Conv with stride > 1, Y has non-contiguous slots.
Standard implementations compact them, but as noted in [23],
compaction can be skipped if downstream operators adapt to
the altered layout, enabling further fusion.

III. MOTIVATION

We first illustrate how high-level DNN operators are low-
ered to FHE operations (Section III-A), highlight fusion
opportunities, including cross-operator cases (Section III-B),
and discuss two key challenges (Section III-C): (1) selecting
among competing optimizations, and (2) loss of operator infor-
mation when DNN operators are decomposed into low-level
CKKS loops, which complicates both analysis and optimiza-
tion. We conclude by outlining our solution (Section III-D).

A. A Motivating Example

Figure 3 motivates FHEFUSION using AvgPool with N =
32 slots (N/2 = 16 usable slots per ciphertext).

Figure 3a applies AvgPool to a 4 × 2 × 2 input ciphertext
tensor A with a 2×2 kernel and stride 2, producing an output
tensor of shape 4× 1. The operation sums four elements per
channel and scales by 1/4 to yield the final 4-element output.

Figure 3b shows a CKKS implementation in four steps
1 – 4 : B = Compact(Masking(Averaging(Roll Sum(A)))).
First, the kernel sums are computed ( 1 ) and then averaged by
multiplying with 0.25 ( 2 ), producing a ciphertext with four
valid values separated by gaps (#). Masking then clears the
junk slots using a 0/1 plaintext ( 3 ), and compaction packs the
valid values into the first four slots ( 4 ), yielding the encrypted
equivalent of the result in Figure 3a.

B. Optimization Opportunities

Examining 1 and 2 in Figure 3b shows that the two
steps commute. Interchanging Roll Sum and Averaging gives
B = Compact(Masking(Roll Sum(Averaging(A)))), with
Figure 3c illustrating the alternative order. As noted in Sec-
tion II-A, multiplications consume depth and reduce ciphertext
levels. Applying averaging (multiplication by 0.25) first lowers

the input ciphertext’s level r before the two rotations and
additions in Roll Sum. Since N is fixed, reducing r is the
only way to improve performance (Table I).

In Figure 3b, Steps 2 and 3 apply successive multiplica-
tions—first by 0.25, then by [1, 0, 0, 0, 1, 0, 0, 0, 1, 0, 0, 0, 1, 0,
0, 0]—consuming two multiplicative levels. By associativity,
the same result can be obtained with a single multipli-
cation by [0.25, 0, 0, 0, 0.25, 0, 0, 0, 0.25, 0, 0, 0, 0.25, 0, 0, 0]
through fusing Averaging and Masking: B = Compact(
Fused Masking(Roll Sum(A))), as shown in Figure 3d. This
transformed AvgPool uses only one multiplicative level and
one ciphertext-plaintext multiplication.

After Step 4 , the last 12 slots contain junk data. If later
operations access them, masking with [1, 1, 1, 1, 0, 0, . . . , 0]
(ones in the first four slots) may be required, which can also
be fused with subsequent multiplications.

Figure 4 illustrates a cross-operator optimization. Suppose
a preceding operator produces Agaps = [A1,#, A2,#, A3,#,
A4,#], which would normally require masking and com-
paction to yield A = [A1, A2, A3, A4] before a GEMV with
weights W ∈ R4×2. Fusing masking, compaction, and GEMV
yields GEMVgaps, which operates directly on Agaps with Wzeros
(weights with inserted zeros). This removes explicit masking
and compaction, and lowers multiplicative depth.

C. Optimization Challenges

Developing FHEFUSION faces two main challenges. The
first is the choice of IR. Standard DNN graphs omit FHE-
specific operators such as masking and compaction, missing
fusion opportunities, while fully lowering into CKKS opera-
tions yields overly fine granularity and obscures optimization.
Once lowered, rich operator-level semantics are lost, leaving
only loops and basic CKKS operations (addition, multipli-
cation, and rotation). This obfuscation makes analysis and
optimization considerably harder: for example, in Figure 3b,
1 and 4 reduce to additions and rotations, while 2 and
3 become scalar and vector multiplications. It then becomes
difficult to tell whether a loop implements a Compact or
Roll Sum, or whether a multiplication clears junk data (using
a Masking operation) or performs a standard arithmetic task.

Another challenge lies in selecting among alternative op-
timization strategies, which can be mutually exclusive. Fig-
ures 3c and 3d illustrate such cases, where the choice must be
guided by an FHE-aware cost model.

D. Our Solution

FHEFUSION addresses these two challenges by performing
fusion on a new IR that integrates DNN operators with
FHE-aware operators, preserving high-level semantics while
remaining sensitive to key CKKS characteristics during lower-
ing. At this level, algebraic rules and an FHE-aware cost model
jointly guide both the legality and profitability of fusion.

IV. DESIGN

We first examine the operators supported in FHEFU-
SION—standard DNN operators augmented with high-level
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semantics and two FHE-aware operators for CKKS-specific
computations (Section IV-A). We then present our IR (Sec-
tion IV-B) and a set of representative algebraic rules that guide
fusion optimizations (Section IV-C).

A. FHE-Aware and Reexpressed DNN Operators

We introduce two FHE-aware operators—masking and com-
paction (via Strided Slice)—and show how standard DNN
operators can be reexpressed with them while preserving
operator-level semantics. Fusion at this graph level exposes
broader fusion opportunities while avoiding the complexity of
analysis and optimization at the CKKS level (Figure 3).

1) FHE-Aware Operators: Currently, FHEFUSION sup-
ports two such operators, with the framework designed to
accommodate more as needed.

Masking. This operator removes junk data from a ciphertext
tensor ct using a 0/1 plaintext tensor zo pt of matching
dimensions, which can be expressed as:

Masking(ct) = ct× zo pt (3)

In CKKS, this translates to one or more ciphertext–plaintext
multiplications. Modeling masking as an explicit graph-level
operator makes its semantics visible to analysis and optimiza-
tion, enabling fusion opportunities.

Compaction. Inspired by TensorFlow’s Strided Slice, this
operator extracts and reorganizes contiguous valid data from a
ciphertext tensor. When lowered to CKKS, its implementation
depends on the underlying data layout. In simple cases, such
as Step 4 in Figure 3, it requires only ciphertext rotations and
additions and therefore adds no multiplicative depth. For more
complex layouts, however, an additional masking step may be
needed to clear junk slots, which incurs multiplicative depth.

Given a tensor x, Strided Slice extracts a sub-tensor y using
attributes begin, end, and strides. For each dimension i,
slicing starts at begin[i], ends at end[i] (exclusive), and
steps by strides[i], yielding

⌈
end[i]−begin[i]

strides[i]

⌉
elements.

For example, for a 2-D tensor in (row, column) order:

x =

[
1 2 3 4
5 6 7 8

]
∈ R2×4

we can extract the following sub-tensor y from x with
begin = (0, 0), end = (2, 4), and strides = (1, 2):

y = Strided Slice(x) =

[
1 3
5 7

]
∈ R2×2

2) Reexpressing DNN Operators: In FHEFUSION, DNN
operators are reexpressed using the two FHE-aware operators.

For AvgPool illustrated in Figure 3, we can express it using
masking and Strided Slice. Pooling with a kernel of size
h×w reduces the spatial dimensions by that factor. With the
divisor_override(do) parameter, we obtain:

AvgPool(x) = Strided Slice
(
Masking

(
1

hw
AvgPool′(x, do = 1)

))
(4)
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As shown in Figure 3, this reformulation separates summation
from averaging; only the latter consumes multiplicative depth,
enabling more flexible fusion (as discussed later in Figure 8).

We now consider Conv, noting that GEMV is similar. With
bias, Conv(x,w, b) = Conv(x,w) + b can be reexpressed as:

Conv(x,w, b) = Strided Slice
(
Masking(Conv(x,w) + b)

)
(5)

The ciphertext output of Conv often contains junk slots,
cleared by masking. For stride > 1, additional gaps appear be-
tween valid values [8], [23] and are removed by Strided Slice
(Figure 4); when stride = 1, Strided Slice is unnecessary.

B. IR

Our IR represents DNNs at the graph level, comprising
standard operators, FHE-aware operators, and polynomial-
approximated RELU. Standard operators include Conv,
GEMV, AvgPool, RELU, Flatten, Reshape, and Concat.
We currently extend these with two FHE-aware
operators—Masking and Strided Slice (compaction)—which
are sufficient for the CNN models evaluated in this paper,
though the framework can readily support additional operators.
Under CKKS, RELU is approximated by polynomials, with
two types introduced in Section II and evaluated in Section VI.

C. Algebraic Rules

Table II lists the algebraic rules used in FHEFUSION,
illustrating how distributive, associative, and commutative laws
apply to DNN and FHE-aware operators at the graph level.
Each rule rewrites an expression into an equivalent, semantics-
preserving form and is therefore always legal. The first twelve
rules reduce multiplicative depth, while the remainder enable
additional optimizations.

Rule applicability is governed by preconditions on tensor
shapes and slicing parameters. For Masking-related rules, a
binary mask must be derivable from the input shape, kernel,
and stride, marking valid-data positions with 1s and others
with 0s to ensure correct homomorphic multiplication. For
Strided Slice-related rules, the input shape, kernel, stride, and
padding must align so slice boundaries match valid output
regions. Constant-folding rules, by contrast, have no such
constraints and apply whenever their pattern is matched. For
instance, [FUSED-CMPT-MASKING] removes a masking
operation when it can be absorbed into a new Strided Slice,
and [MASKING-ADD-RELU] applies when the trailing
zero-valued slots of RELU(t2) are exactly those cleared by
Masking(t1).

Our fusion algorithm, which will be described in Section V,
treats most rules as potentially profitable, except those involv-
ing Strided Slice (compaction): while propagating gaps can
unlock later optimizations, it reduces slot utilization and SIMD
parallelism. Such rules are therefore applied selectively under
a simple FHE-aware cost model.

In most rules, such as [AVGPOOL-CMPT], AvgPool1

(Strided Slice1(t)) =⇒ Strided Slice2(AvgPool2(t)) (as
shown in Figure 6 and discussed shortly in Section IV-C2),
operators use different superscripts to reflect updated attributes

Conv

RELU

(a) (b)

 Fused
RELU

(c)

Conv Conv

RELU

Masking

Fig. 5. Illustration of [FUSED-RELU-MASKING]. (a) Original computational
graph. (b) After reexpressing Conv. (c) After fusing Masking and RELU.

after the rewrite. When propagating a Strided Slice forward,
the successor operator must inherit its slice information; for
example, in [AVGPOOL-CMPT], AvgPool2 inherits the slice
from Strided Slice1. To distinguish this inherited strides
attribute from the conventional stride in operators such as Conv
and AvgPool, we denote it as Gap_Strides (Figure 6).

These rules enable FHEFUSION to perform three categories
of fusion: constant folding, masking folding, and compaction.
We now highlight a few representative rules, explaining their
legality and discussing their profitability.

1) Masking-Related Fusion: Figure 5 illustrates [FUSED-
RELU-MASKING] on ResNet [31], the most complex DNN
manually implemented under CKKS [19]. In Figure 5a, Conv
is reexpressed with Masking and Strided Slice (Figure 5b),
where Strided Slice is omitted since stride 1 is assumed in
this example. Otherwise, RELU and Strided Slice can be
interchanged via [RELU-CMPT]. Applying [FUSED-RELU-
MASKING] then merges Masking with RELU, yielding Fig-
ure 5c and eliminating the masking-related multiplication,
thereby reducing multiplicative depth by one.

Masking removes junk data from ciphertext tensors but costs
one multiplicative depth. Often inserted defensively, it is not
always necessary; its use depends on subsequent operators.
With careful scheduling, masking can be skipped or fused, as
in Figure 5c where it merges with RELU.

Legality Analysis. We see why [FUSED-RELU-MASKING]
is legal. Assume N = 8 with the mask in Equation (6) and
the polynomial RELU approximation in Equation (7). Their
fusion yields the equivalent form in Equation (8):

y = x[1, 1, 0, 0] (6)

z = ay2 + by + c (7)

z = a(x[1, 1, 0, 0])2 + b(x[1, 1, 0, 0]) + c

= ax2[1, 1, 0, 0]2 + b[1, 1, 0, 0]x+ c

= ax2[1, 1, 0, 0] + [b, b, 0, 0]x+ c

= [a, a, 0, 0]x2 + [b, b, 0, 0]x+ c

(8)

which shows that fusing masking with RELU preserves cor-
rectness and obeys associativity, as captured in Table II.

Profitability Analysis. Applying [FUSED-RELU-
MASKING] to Figure 5b fuses masking into the RELU
in Figure 5c, reducing its multiplicative depth. Thus, when
the compiler later inserts a bootstrap before the fused RELU,
one fewer level needs to be restored, improving performance.
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TABLE II
THE ALGEBRAIC RULES CURRENTLY USED IN FHEFUSION. HERE, “t” DENOTES A CIPHERTEXT TENSOR, AND zo m IN [MASKING-SCALAR] IS THE

CONSTANT VECTOR CREATED FROM THE MARK IN Masking(t). SUPERSCRIPTS INDICATE OPERATOR VARIANTS WITH DIFFERENT OPERANDS OR
ATTRIBUTES. PARAMETERS ARE OMITTED FOR BREVITY.

Name Rule Before After Benefit

[FUSED-CMPT] Assoc. Strided Slice2(Strided Slice1(t)) Strided Slice3(t) reduces depth
[FUSED-GEMV-CMPT] Assoc. GEMV1(Strided Slice(t)) GEMV2(t) reduces depth
[FUSED-GEMV-SCALAR] Assoc. GEMV1(t ∗ scalar) GEMV2(t) reduces depth
[FUSED-SCALAR-GEMV] Assoc. scalar ∗ GEMV1(t) GEMV2(t) reduces depth
[FUSED-CONV-SCALAR] Assoc. Conv1(t ∗ scalar) Conv2(t) reduces depth
[FUSED-SCALAR-CONV] Assoc. scalar ∗ Conv1(t) Conv2(t) reduces depth
[FUSED-SCALAR-RELU] Assoc. scalar ∗ RELU1(t) RELU2(t) reduces depth
[SCALAR] Assoc. (t ∗ scalar1) ∗ scalar2 t ∗ (scalar1 ∗ scalar2) reduces depth
[FUSED-RELU-MASKING] Assoc. RELU1(Masking(t)) RELU2(t) reduces depth
[MASKING-SCALAR] Assoc. Masking(t) ∗ scalar t ∗ (scalar ∗ zo m) reduces depth
[SCALAR-MASKING] Assoc. Masking(t ∗ scalar) t ∗ (scalar ∗ zo m) reduces depth
[FUSED-CMPT-MASKING] Assoc. Strided Slice(Masking(t)) Strided Slice(t) reduces depth

[CONCAT] Distr. Concat(t1 ∗ scalar , t2 ∗ scalar) scalar ∗ Concat(t1, t2) enables further opt.
[CONCAT-CMPT] Distr. Concat(Strided Slice(t1), Strided Slice(t2)) Strided Slice(Concat(t1, t2)) enables further opt.
[CMPT-MUL] Distr. Strided Slice(t1) ∗ Strided Slice(t2) Strided Slice(t1 ∗ t2) enables further opt.
[CMPT-ADD] Distr. Strided Slice(t1) + Strided Slice(t2) Strided Slice(t1 + t2) enables further opt.
[MASKING-MUL] Distr. Masking(t1) ∗Masking(t2) Masking(t1 ∗ t2) enables further opt.
[RELU-DIS] Distr. a ∗ t2 + b ∗ t a ∗ (t2 + b

a
∗ t) enables further opt.

[MASKING-ADD-RELU] Distr. Masking(t1) + RELU(t2) Masking(t1 + RELU(t2)) enables further opt.

[CONV-CMPT] Comm. Conv1(Strided Slice1(t)) Strided Slice2(Conv2(t)) enables further opt.
[RELU-CMPT] Comm. RELU(Strided Slice(t)) Strided Slice(RELU(t)) enables further opt.
[AVGPOOL-CMPT] Comm. AvgPool1(Strided Slice1(t)) Strided Slice2(AvgPool2(t)) enables further opt.
[CMPT-SCALAR] Comm. Strided Slice(t ∗ scalar) scalar ∗ Strided Slice(t) enables further opt.
[SCALAR-CMPT] Comm. scalar ∗ Strided Slice(t) Strided Slice(t ∗ scalar) enables further opt.
[AVGPOOL-SCALAR] Comm. AvgPool(t ∗ scalar) scalar ∗ AvgPool(t) enables further opt.
[FLATTEN-MASKING] Comm. Flatten(Masking(t)) Masking(Flatten(t)) enables further opt.
[FLATTEN-CMPT] Comm. Flatten1(Strided Slice1(t)) Strided Slice2(Flatten2(t)) enables further opt.
[FLATTEN-SCALAR] Comm. Flatten(t ∗ scalar) scalar ∗ (Flatten(t)) enables further opt.
[RESHAPE-CMPT] Comm. Reshape1(Strided Slice1(t)) Strided Slice2(Reshape2(t)) enables further opt.
[RESHAPE-SCALAR] Comm. Reshape(t ∗ scalar) scalar ∗ (Reshape(t)) enables further opt.

2) Compaction-Related Fusion: Compaction-related fusion
is central to reducing multiplicative depth. The Strided Slice
operator removes gaps and packs valid data in ciphertext
tensors. When applied to tensors already containing gaps, three
outcomes are possible: (1) all gaps eliminated (e.g., GEMV in
Figure 4); (2) gaps preserved (e.g., Conv with stride 1 and
matching padding, or element-wise operators such as RELU);
(3) gaps increased, producing sparser tensors (e.g., Conv with
stride > 1 or AvgPool).

We next examine the legality and profitability of algebraic
rules involving Strided Slice in Table II.

Legality Analysis. A Strided Slice operation preserves all
valid data, changing only their placement through compaction.
Swapping it with another operator merely alters the gap pattern
it processes. As shown in Figure 4, fusing Strided Slice
with GEMV is semantics-preserving and thus legal, while
eliminating explicit compaction.

We now examine [FUSED-CMPT], which merges two adja-
cent Strided Slice operations in FHEFUSION (Figure 6). This
example highlights the role of compaction and the adjustments
required to operator attributes after applying a rewrite rule. For
clarity, only key attributes are shown.

Before applying the rule, x4 = Strided Slice2(AvgPool1

(Strided Slice1(x1))), with x2 = Strided Slice1(x1), x3 =

1 2 3 4
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AvgPool1(Kernel (2,2), Stride (2,2))

Interchange Strided_Slice1 with AvgPool1:
AvgPool2(Kernel (2,2), Stride (2,2), Gap_Stride (2,2))

Strided_Slice1
(Stride (2,2))

3.5 5.5

Strided_Slice2(Stride (2,2))

Strided_Slice3 
(Stride (4,4))

Conv
(Stride (2,2)) x1 Strided_Slice1

(Stride (2,2))
AvgPool1

(Stride (2,2))
Strided_Slice2
(Stride (2,2))

x4

x3

AvgPool2
(Gap_Stride (2,2))

Strided_Slice3
(Stride (4,4))

x5

x1

x2

x2

x3

x4
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Fig. 6. Fusion of Adjacent Strided Slice Operators.

AvgPool1(x2), and x4 = Strided Slice2(x3). By interchang-
ing Strided Slice1 and AvgPool1 via [AVGPOOL-CMPT], we
obtain x4 = Strided Slice2(Strided Slice1

′
(AvgPool2(x1))).

Finally, fusing Strided Slice1
′

(not shown) and Strided Slice2

into Strided Slice3 (indicated by the two dashed red arrows)
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simplifies this to x4 = Strided Slice3(AvgPool2(x1)).
Profitability Analysis. The cost of Strided Slice depends

on the number of gaps: more gaps reduce its local cost but hurt
slot utilization and SIMD parallelism when lowered to CKKS.
This may force a larger polynomial degree N , which degrades
performance unless ciphertext tensors are sharded. The main
benefit of Strided Slice lies in consolidating multiple such
operations into one. Thus, optimizations aim to merge it with
other operators, avoiding growth in N while keeping overhead
low, as guided by our fusion algorithm (Section V).

3) Constant-Folding-Related Rules: Unlike traditional
compilation, constant folding here primarily reduces mul-
tiplicative depth. A common DNN subgraph is RELU →
AvgPool→Conv (Figure 2). With RELU(x) ≈ ax2 + bx + c
for a ciphertext data x, W the plaintext weight tensor of Conv,
and scalar=1/(h×w) for AvgPool, constants are folded as:

y = Conv(AvgPool(RELU(x)),W )

= Conv(AvgPool(ax2 + bx+ c),W )

= Conv((aScalar)AvgPool′(x2 + (b/a)x+ c/a, do = 1),W )

= Conv(AvgPool′(x2 + (b/a)x+ c/a, do = 1), aScalar W )

(9)

Here do is the divisor_override attribute (Equation (4)).
Legality Analysis: Since scalar multiplication commutes

with both AvgPool and Strided Slice ([CMPT-SCALAR] and
[AVGPOOL-SCALAR]), applying the scalar before or after
these operators yields equivalent results.

Profitability Analysis. Folding constants a, scalar , and W
at compile time eliminates the required ciphertext–plaintext
multiplications, reducing multiplicative depth by two.

V. FHEFUSION: A FUSION FRAMEWORK FOR CKKS

Figure 7 overviews FHEFUSION. The input ONNX graph
is lowered into a unified set of DNN and FHE-aware opera-
tors, forming a directed acyclic graph DAG. Algebraic rules
(Table II) and an FHE-aware cost model (described below)
then guide legal and profitable optimizations on this graph.

Onnx Graph DAG
Construction

Constant
Folding

Compaction

Algebraic
Rules

FHE Cost
Model

Operator
Lowering

Masking
Folding

Fig. 7. The FHEFUSION fusion framework.

FHEFUSION, outlined in Algorithm 1, transforms an FHE
program DAG G into an optimized DAG G′ through a
sequence of fusion steps. First, distributive rules are applied
to expose additional optimization opportunities (line 1). As
illustrated in Figures 3c and 3d, different application orders
can lead to different fusion outcomes. Such reordering may
enable or miss certain opportunities, much like pass ordering
in traditional compilers. Our current ordering was chosen

Algorithm 1: FHEFUSION: Fusion Pipeline
Input: G: DAG of an FHE program
Output: G′: optimized DAG

1 G′ ← apply distributive rules from Table II to G
2 while there exists a fusion source s in G′ do
3 targets ← FindFusionTargets(s)
4 if Profitable(s, targets) then
5 Fuse(s, targets) w.r.t. Table II
6 update G′ with the fusion

7 return G′

empirically for good coverage and efficiency, but it can be
extended with profitability-driven or heuristic strategies.

Next, FHEFUSION iteratively processes all fusable sources
(e.g., Masking and Strided Slice) (lines 2–6). For each source
s, FINDFUSIONTARGETS() (Algorithm 2) identifies candidate
fusion targets (line 3). If merging s with its targets is profitable
(discussed shortly), the fusion is applied (line 5) and the DAG
G′ is updated accordingly (line 6).

As illustrated in Figure 5b, Conv with stride 1 is lowered
into a variant of Conv followed by Masking. With Masking
as the fusion source and RELU as the target, fusing them
eliminates the masking-related multiplication, thereby reduc-
ing multiplicative depth (Figure 5c).

Note that normalizing the IR before DAG construction also
simplifies optimizations; for instance, constant folding is easier
on a(x2 + b

ax+ c
a ) than on ax2 + bx+ c (Equation (9)).

FHEFUSION proceeds in three steps conceptually:
Step 1. Finding Source-Specific Fusion Targets.

FindFusionTargets(s) (Algorithm 2) identifies fusion
targets for a source node s. The search first explores successors
(line 2) and, if none are found, predecessors (line 4), following
the rules in Table II. In FindNeighbors(s,"succ"), an
associative node t is added to targets (line 9); if t is commu-
tative, the search recurses (lines 11–12). Otherwise, the search
terminates (line 14).

Fusion of Strided Slice and Masking does not require
examining predecessors, since they are always inserted after
gap-generating operators; their fusion targets lie only among
successors. By contrast, constant folding requires forward
traversal to locate targets and may also involve predecessors.
Rules needing both directions are applied iteratively.

A key issue in constant folding is deciding where to absorb
constants. For Masking, they should be low-priority targets,
whereas for operators like Conv and GEMV (Equation (2))
they must be prioritized, since their constants cannot otherwise
be removed. As shown in Figure 8, after rewriting AvgPool
as AvgPool′ (Equation (4)) and commuting Flatten, the scalar
factor (e.g., 1

hw ) is best folded into the GEMV weights (from
(c) to (d)) rather than into Masking, which would hinder
further fusion. The guiding principle is to fold constants
into operators that inherently use constant vectors, reducing
ciphertext–plaintext multiplications when lowered.

Step 2. Profitability Analysis. Given a source s and
fusion targets targets , profitability is checked (line 4, Al-
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Algorithm 2: FindFusionTargets
Input : s: source node
Output: targets: fusion targets of s

1 targets ← ∅
2 targets ← FindNeighbors(s,"succ")
3 if targets = ∅ then
4 targets ← FindNeighbors(s,"pred")

5 return targets
6 Function FindNeighbors(s, dir):
7 foreach t ∈

(
dir = "succ" ? succ(s) : pred(s)

)
do

8 if t is associative with s then
9 targets ← targets ∪ {t}

10 else if t is commutative with s then
11 subtargets ← FindNeighbors(t, dir)
12 targets ← targets ∪ subtargets

13 else
14 return targets

(a) (b) (c)

GEMV

AvgPool'

GEMV

(d)

GEMV'

GEMV

AvgPool' AvgPool'AvgPool

Flatten *Scalar

Masking

Strided_Slice

Flatten

Flatten

*Scalar

Masking

Strided_Slice'

Flatten

Fig. 8. Example of fusing Strided Slice, masking, and scalar multiplication.
(a) Original graph. (b) After lowering AvgPool. (c) After applying commu-
tativity. (d) Final fusion into GEMV via associativity.

gorithm 1). At this stage, the IR includes DNN, Masking,
Strided Slice, and polynomial RELU operators, but not CKKS
details. All rules in Table II are applied aggressively except
those involving Strided Slice. Propagating Strided Slice may
create tensors with gaps, reducing slot utilization and SIMD
parallelism once lowered to CKKS, and possibly forcing a
larger polynomial degree N unless sharding is used. We
therefore check gap sparsity: propagation is allowed when gaps
are absent or minimal (e.g., from padding); for stride-induced
gaps, it is allowed for AvgPool (Figure 6), but for Conv or
GEMV only when it does not increase N . These checks define
a simple quantitative cost model based on gap density and the
resulting impact on N .

Step 3. Fusion. Applying a fusion operation (lines 5–6,
Algorithm 1) is generally straightforward. The main exception
is when Strided Slice is involved, as traversed operators must
be updated to account for gaps in tensors [23].

VI. EVALUATION

We integrated FHEFUSION into ANT-ACE [15], an open-
source FHE compiler for ONNX DNNs under CKKS on
single-core CPUs. As FHE compilation is still nascent,
prior work has mostly focused on foundational support for

TABLE III
FUSION COUNTS OF NGRAPH, AND FHEFUSION ACROSS 13 MODEL

VARIANTS. FOR FHEFUSION, FOUR FUSION VARIANTS ARE CONSIDERED:
CF (CONSTANT FOLDING), MF (MASKING), SF (COMPACTION VIA

Strided Slice), AND ALL (COMBINING ALL).

Model NGRAPH
FHEFUSION

CF MF SF ALL
LeNet-H 1 2 4 4 10

ResNet20-H 0 1 19 4 24
VGG11-H 4 5 6 3 14

MobileNet-H 0 1 12 3 16
SqueezeNet-H 0 3 2 1 6

AlexNet-H 2 3 6 3 12
CryptoNet-L 0 0 1 1 2

LeNet-L 3 6 1 4 11
ResNet20-L 9 22 2 4 28
VGG11-L 7 13 3 3 19

MobileNet-L 26 28 1 3 32
SqueezeNet-L 9 27 1 1 29

AlexNet-L 6 10 1 3 14

single-core CPUs [8], [11], [12], [14]–[16]. Even without
our optimizations, ANT-ACE attains a 2.24× speedup on
ResNet20 [31] over the best handwritten implementation [19],
whereas Fhelipe [8] only matches that baseline. Our 4000-line
C++ implementation has been validated for correctness, and
with fusion enabled, ANT-ACE preserves inference accuracy
within 1.0%, consistent with prior reports [8], [19]. This
small variation reflects CKKS’s approximate arithmetic and
polynomial RELU approximations; fusion only reorganizes
operator execution and data flow without altering semantics.

To integrate FHEFUSION, we aligned its IR with ANT-
ACE’s five-level stack (NN, VECTOR, SIHE, CKKS, and
POLY). Algebraic rules are applied at the NN level, while those
involving polynomially approximated RELU are handled at the
SIHE level, where RELU is lowered in ANT-ACE.

We evaluate FHEFUSION against NGRAPH [7], the only
prior work on graph-level fusion, which applies three constant-
folding patterns—AvgPool, Activation, and BatchNorm Fold-
ing—to reduce multiplicative depth (Section I). Because
NGRAPH lacks bootstrapping and supports only small models,
we reimplemented these patterns in ANT-ACE; hereafter,
NGRAPH refers to this version. All three approaches use the
same minimal-level bootstrapping strategy from [16].

Models and Datasets. We evaluate FHEFUSION on seven
DNNs widely used in FHE: CryptoNet [32], LeNet [33],
ResNet20 [31], VGG11 [34], MobileNet [35], AlexNet [36],
and SqueezeNet [37]. CryptoNet, which uses an x2 activa-
tion, is evaluated on MNIST [33]; the others use RELU on
CIFAR–10 [38] and require bootstrapping [9]. For RELU, we
adopt two standard approximations (Section II-B): a multi-
term polynomial [19] (m-H) and a quadratic ax2+bx+c [12]
(m-L). The choice of RELU approximation is orthogonal to
fusion; to ensure fairness, both approximations are shared
across ANT-ACE, NGRAPH, and FHEFUSION. Since Cryp-
toNet only supports its native x2 activation (treated as the m-L
variant), we evaluate 13 model variants in total.

Experimental Setting. Experiments were done in
Docker 25.0.1 on a Linux server with an Intel Xeon Platinum
8369B @2.70GHz and 1024GB RAM. Models were
compiled into FHE form with scale factor 259 (for fixed-point
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TABLE IV
MULTIPLICATIVE DEPTHS OF ANT-ACE, NGRAPH, AND FHEFUSION.

Model ANT-ACE NGRAPH
FHEFUSION

CF MF SF ALL
LeNet-H 66 65 64 61 57 50

ResNet20-H 259 259 258 239 254 233
VGG11-H 125 121 120 116 118 104

MobileNet-H 356 356 355 340 351 332
SqueezeNet-H 240 240 237 235 238 230

AlexNet-H 106 104 103 99 99 89
CryptoNet-L 11 11 11 10 8 7

LeNet-L 30 27 24 25 21 13
ResNet20-L 88 79 68 68 83 60
VGG11-L 53 46 40 44 46 29

MobileNet-L 113 87 85 97 108 75
SqueezeNet-L 78 69 57 73 76 51

AlexNet-L 43 37 33 36 36 24

TABLE V
IMPACT OF FUSION ON BOOTSTRAPS REQUIRED.

Model ANT-ACE NGRAPH FHEFUSION
LeNet-H 4 4 3

ResNet20-H 18 18 18
VGG11-H 9 9 7

MobileNet-H 27 27 26
SqueezeNet-H 19 19 17

AlexNet-H 7 7 6
CryptoNet-L 0 0 0

LeNet-L 1 1 0
ResNet20-L 8 8 5
VGG11-L 6 5 3

MobileNet-L 9 7 5
SqueezeNet-L 8 7 6

AlexNet-L 3 3 2

arithmetic) and output precision Q0 = 260, with each input
image encrypted into a single ciphertext. Implementations
used ACElib’s APIs [39], compiled with GCC 10.2.1. The
polynomial degree N was set to 213 (CryptoNet), 215

(LeNet), 216 (ResNet20), and 217 (AlexNet, MobileNet,
SqueezeNet, VGG11). The modulus Q was chosen based
on the multiplicative depth of each model. All results are
reported as averages over three runs.

Our evaluation addresses three research questions:
• RQ1: Does FHEFUSION reduce multiplicative depth

more effectively than NGRAPH?
• RQ2: Does it improve encrypted inference performance

compared to NGRAPH?
• RQ3: Does it add only small compilation overhead?

A. RQ1. Multiplicative Depth

Table III shows that FHEFUSION performs many more
fusions than NGRAPH, which supports only CF, across 13
model variants. NGRAPH is most effective on quadratic (m-L)
variants, as its CF rules target RELU(x)≈ax2 + bx + c. We
categorize fusions into three types—CF , MF, and SF—and
also report ALL, the combined total.

Table IV shows the effect of applying each fusion type
individually and in combination on reducing ANT-ACE’s
multiplicative depth across 13 model variants. NGRAPH offers
only minor improvements, mainly on quadratic (m-L) models,
while FHEFUSION achieves much larger reductions.

Reducing multiplicative depth lowers the cost of ciphertext
operations by keeping them at lower levels (Table I), an effect
reflected indirectly in the inference speedups reported below.

Fig. 9. Speedups of NGRAPH, ANT-ACE, and FHEFUSION (normalized to
NGRAPH) for the six m-H models with high-degree polynomial RELU.

Fig. 10. Speedups of NGRAPH, ANT-ACE, and FHEFUSION (normalized to
NGRAPH) for the seven m-L models with quadratic RELU approximations.

It also reduces bootstrap cost—because fewer levels must be
restored—and can lower or even eliminate bootstraps entirely.
As shown in Table V, both NGRAPH and FHEFUSION reduce
bootstraps relative to ANT-ACE, with FHEFUSION achieving
larger savings due to its greater depth reductions (Table IV);
for example, bootstraps decrease for LeNet-H and ResNet20-
L, and fall to zero for LeNet-L. The Appendix further shows
that FHEFUSION also reduces the restored levels of inserted
bootstraps compared with NGRAPH and ANT-ACE.

B. RQ2. Inference Efficiency

Figure 9 reports the speedups of NGRAPH, ANT-ACE, and
FHEFUSION (normalized to NGRAPH) on the six m-H models
using high-degree polynomial RELU. FHEFUSION achieves
the largest gains on LeNet-H, VGG11-H, and AlexNet-H,
driven by their reduced multiplicative depth (Table IV) and
fewer bootstraps (Table V).

Figure 10 shows results for the seven m-L models with
quadratic RELU. FHEFUSION achieves the largest speedup
on LeNet-L, where depth reduction (Table IV) eliminates
bootstrapping (Table V), and the second-best on CryptoNet-L.
For small models like CryptoNet-L, which do not bootstrap,
lowering multiplicative depth still improves performance, as
CKKS operations run faster at lower levels (Table I).

Overall, FHEFUSION’s speedups mirror its reductions in
multiplicative depth and bootstrapping. Across all 13 variants
in Figures 9 and 10, NGRAPH is only marginally faster than
ANT-ACE, while FHEFUSION reaches up to 3.02× (average
1.40×). Since RELU is often approximated by simple polyno-
mials, FHEFUSION ’s advantages are especially pronounced.

Figure 11 presents an ablation study on the six m-H models
in Figure 9, showing the contributions of the three fusion
strategies. Figure 12 gives the corresponding results for the
seven m-L models in Figure 10. For AlexNet-L, both SF
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Fig. 11. Ablation of FHEFUSION (speedups vs. ANT-ACE) on the six m-H
models in Figure 9.

Fig. 12. Ablation of FHEFUSION (speedups vs. ANT-ACE) on the seven
m-L models in Figure 10.

and MF reduce multiplicative depth by 7 (Table IV), but SF
delivers greater performance gains by also lowering CKKS
rotations, additions, and multiplications.

Additional comparisons of NGRAPH and FHEFUSION on
operator-level subgraphs are provided in the Appendix.

C. RQ3. Compile Times

Table VI reports the compile times of ANT-ACE, NGRAPH
and FHEFUSION across 13 model variants. Among the three
fusion types applied separately, SF is usually the slowest due
to handling gapped tensors. Overall, analysis and optimization
operate on the model DAG, where fusion targets partition
it into subgraphs and algebraic rules consider only local
neighbors, keeping overhead low.

VII. RELATED WORK

The first lattice-based FHE scheme was proposed by Gentry
in 2009 [5]. Subsequent schemes, including BGV [25], BFV
[26], GSW [40], FHEW [41], TFHE [42], and CKKS [6], are
based on LWE [43] or RLWE [24]. BGV, BFV, and CKKS
support SIMD-style batching, and RNS-CKKS [27], which
enables efficient fixed-point arithmetic, is the most widely used
for encrypted machine learning inference.

Recent work on FHE [7], [8], [10]–[15], [21] has empha-
sized programmability through compilers [7], [11], [13], [15],
DSLs [12], [14], and libraries [10], along with optimizations
for data layout [8], rescaling [14], noise management [16]–
[18], and operator implementations [19], [20]. Operator fu-
sion, however, remains limited: FHE-MP-NN [19] manually
implements ResNet [31] under CKKS, fusing Conv and a few
cross-operator cases such as Conv+BN, while the NGRAPH
compiler [7] provides only three constant-folding patterns. In
contrast, FHEFUSION is more general, leveraging algebraic
properties to enable fusion beyond constant folding.

TABLE VI
COMPILE TIMES OF ANT-ACE, NGRAPH AND FHEFUSION (SECONDS).

Model ANT-ACE NGRAPH
FHEFUSION

CF MF SF ALL
LeNet-H 0.25 0.25 0.25 0.24 0.29 0.28

ResNet20-H 1.46 1.49 1.50 1.39 2.25 2.33
VGG11-H 3.39 3.73 3.71 3.32 7.16 7.91

MobileNet-H 1.92 2.06 2.05 1.88 2.90 2.86
SqueezeNet-H 3.63 3.90 3.88 3.60 3.63 3.86

AlexNet-H 2.21 2.45 2.52 2.22 7.27 9.04
CryptoNet-L 0.02 0.02 0.02 0.02 0.02 0.02

LeNet-L 0.10 0.10 0.09 0.09 0.14 0.15
ResNet20-L 0.85 0.89 0.88 0.83 1.60 1.68
VGG11-L 3.18 3.39 3.34 3.02 6.83 7.68

MobileNet-L 1.07 1.13 1.10 1.04 1.88 2.00
SqueezeNet-L 3.17 3.48 3.43 3.01 3.16 3.39

AlexNet-L 2.02 2.49 2.52 1.99 7.45 9.62

Eliminating gaps in ciphertexts and avoiding unnecessary
masking are critical for FHE performance, yet prior work has
given these issues little attention. Qiwu [22] uses a DSL-based
approach to manipulate gaps and increase SIMD parallelism,
while FHE-MP-CNN [19] and CHET [12] note the problem
without solutions. Fhelipe [8] supports CKKS operations on
gapped ciphertexts only across two consecutive GEMV layers,
but simplifies by assuming gap data are zero instead of
handling masking explicitly. To our knowledge, this is the
first work to propose fusion optimizations that jointly address
masking and compaction within a general framework.

VIII. CONCLUSION

We introduced FHEFUSION, an operator fusion framework
for accelerating DNN inference under CKKS. FHEFUSION
builds on a new IR that integrates standard DNN operators
with FHE-aware operators, preserving high-level semantics
while exposing CKKS-specific behaviors essential for fusion.
Guided by algebraic rules and an FHE-aware cost model, it
performs constant folding, masking folding, and compaction
to reduce multiplicative depth and broaden optimization op-
portunities. Our evaluation demonstrates substantial speedups
over state-of-the-art systems, establishing FHEFUSION as a
solid foundation for future FHE compiler development.

Looking ahead, we plan to extend FHEFUSION along
two directions. First, leveraging its hardware-agnostic design,
we will broaden support beyond single-core CPUs to multi-
core architectures, GPUs [44]–[47], and custom accelerators,
enabling scalable high-performance FHE. Because the fusion
rules and algorithms make no hardware assumptions, they
can be ported to GPU backends as FHE GPU frameworks
mature. Second, to meet rising privacy demands in modern
AI, we will explore applying FHEFUSION’s techniques to
privacy-preserving LLM inference. Its two FHE-aware prim-
itives—masking and Strided Slice —capture ciphertext-level
data selection and reorganization patterns also found in trans-
formers, allowing operators such as attention and projection
to be expressed with minimal extensions.

DATA-AVAILABILITY STATEMENT

All data and scripts are available on Zenodo [48].
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ARTIFACT

A. Abstract

FHEFUSION has been implemented in the open-source
ANT-ACE FHE compiler [15] and is available at https:
//github.com/ant-research/ace-compiler/tree/fhefusion. It sup-
ports reproducing our results on 13 model variants of 7 popular
DNNs (MNIST/CIFAR-10) and compares against NGRAPH for
fusion counts, depths reduction, bootstraps reduction, infer-
ence speed, and compilation overhead. Experiments require
Docker on Linux, Intel Xeon Platinum, 512GB memory and
about 50 hours to complete.

B. Artifact check-list (meta-information)
• Binary: Source code and scripts included to regenerate bina-

ries.
• Model: CryptoNet, LeNet, ResNet20, VGG11, MobileNet,

SqueezeNet, AlexNet(The last six models each have two vari-
ants from different RELU approximations).

• Data set: MNIST, CIFAR-10.
• Run-time environment: Docker container version 25.0.1,

dependencies detailed in https://github.com/ant-research/
ace-compiler/blob/fhefusion/Dockerfile.

• Output: Table3.pdf, Table4.pdf, Table5.pdf, Table6.pdf, Fig-
ure9.pdf, Figure10.pdf, Figure11.pdf and Figure12.pdf.

• Experiments: Detailed in https://github.com/ant-research/
ace-compiler/blob/fhefusion/README.md.

• How much disk space required (approximately)?: 50 GB.
• How much time is needed to complete experiments (approx-

imately)?: 50 hours.
• Publicly available?: Yes.
• Code licenses (if publicly available)?: Apache-2.0 WITH

LLVM-exception.

C. Description
1) How to Access:
• Source code: https://github.com/ant-research/ace-compiler/tree/

fhefusion
• Docker Hub: opencc/ace:fusion
2) Hardware Dependencies:
• To match configurations in this paper: Intel Xeon Platinum

8369B CPU @ 2.70 GHz with 512 GB memory.
3) Software Dependencies:
• Docker container version 25.0.1, other dependencies detailed

in https://github.com/ant-research/ace-compiler/blob/fhefusion/
Dockerfile.

D. Installation

There are two options to setup the artifact environ-
ments which are described on https://github.com/ant-research/
ace-compiler/tree/fhefusion. It is recommended to pull the pre-
built docker image (opencc/ace:fusion) from Docker Hub:� �
cd [YOUR DIR TO DO AE]
mkdir -p ae result
docker pull opencc / ace : fusion
docker run - i t - -name fusion -v ”$(pwd) ”/ ae result : / app /

ae result - - privileged opencc / ace : fusion bash� �
Alternatively, if you encounter issues pulling the pre-built
image, you can build the image from the Dockerfile:� �
cd [YOUR DIR TO DO AE]
gi t clone https : / / github .com/ ant - research / ace - compiler . g i t
cd ace - compiler
g i t checkout fhefusion
mkdir -p ae result
docker build - t ace : fusion .
docker run - i t - -name fhefusion -v ”$(pwd) ”/ ae result : / app /

ae result - - privileged ace : fusion bash� �
A local directory ”ae result” is created and mounted in the
docker container to collect the generated figures and tables.

E. Experiment workflow

To reproduce Tables 3-6 and Figures 9-12, execute the
following command in the /app directory of the container:� �

. / sc r ip t s / run full . sh > fusion . log 2>&1 &� �
This process will take about 50 hours to complete on the
recommended computing platform.

F. Evaluation and Expected Results

During artifact evaluation, the newly generated Table 6 may
differ slightly from those in our paper due to variations in
workload and I/O on the hardware. Similarly, the generated
Figures 9, 10, 11 and 12 may exhibit minor differences
compared to the one in our paper. However, the generated
Tables 3, 4 and 5 should match exactly with the published
version.
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