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A Flexible FPGA-based Butterfly Engine for Accelerating Signal Processing and
Machine Learning

XUEYUAN LIU, RUILIN WU, and PHILIP H.W. LEONG, The University of Sydney, Australia 2006

Field-programmable gate arrays (FPGAs) have emerged as efficient accelerators for both neural network (NN) inference and digital
signal processing (DSP) tasks, particularly on resource-constrained edge devices. While previous NN accelerators based on butterfly
operations demonstrate significant acceleration for inference, they are inadequately suited for long sequences and lack support for
bit-reversed access patterns, limiting their applicability to variable-length DSP workloads. Based on prior butterfly accelerators, this
paper presents flexible butterfly engine (FlexBE), together with a co-designed NN architecture, Butterfly-based Signal Processing Net
(BSPNet). The proposed system jointly supports signal pre-processing and butterfly linear (BL)-based NN inference under stringent
resource constraints. FlexBE incorporates novel adaptive data switching networks, dynamic access control mechanisms, and an
efficient bit-reversal module, enabling runtime reconfiguration of sequence lengths and degrees of parallelism. Implemented on an
AMD ZCU104 FPGA running at 300 MHz, FlexBE computes four 32k-point fast Fourier transforms (FFTs) in approximately 15, 360
clock cycles. On challenging automatic modulation classification (AMC) datasets, BSPNet achieves accuracy comparable to GPU
baselines. For single-batch inference, BSPNet with FlexBE is 2.2 ∼ 3.1× faster than prior butterfly-based accelerators; on the ZCU104,
the end-to-end latency achieves speedups of up to 4.92× and 2.89× compared to an Intel Core i9 CPU and an NVIDIA RTX 3090 GPU,
respectively.

CCS Concepts: • Hardware→ Digital signal processing; Reconfigurable logic and FPGAs; • Computing methodologies→
Machine learning.

Additional Key Words and Phrases: FPGA, Neural Networks, Butterfly Operations, Signal Processing, Automatic Modulation Classifi-
cation, Hardware-Software Co-design
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1 Introduction

The interpretation of non-cooperative radio frequency (RF) signals has long been an important topic of research, with
results directly applicable to sensing, cognitive radio, and spectrum management fields [18, 34]. As the bandwidth and
latency requirements of wireless systems become more demanding, the need for fast and flexible hardware to support
processing of RF signals increases [2, 25]. Recently, massive advances in machine learning (ML) techniques, originally
developed for computer vision, have been applied to RF signals [24, 32, 35, 36, 39]. However, most of the literature has
focused on offline algorithms that maximise accuracy, with little consideration for real-time implementation [36, 37].
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Table 1. Feature comparison of BE baseline (BE-base) and this proposed FlexBE.

Engine Core Transform Length
Support

Bit-Reversal Support Max. Achievable
Frequency

Routability for Large
𝑃𝑏𝑢

BE-base [11] Limited by hardware
parameter 𝑃𝑏𝑢

Not supported
(Requires external logic)

Lower (Routing-limited) Impossible

FlexBE (Ours) Independent of 𝑃𝑏𝑢 Integrated efficiently Higher (Fine-grained
pipeline)

Improved

There is hence a strong need for fast hardware accelerators for these scenarios. AMC refers to the problem of identifying
the modulation scheme of received radio signals from a specified set of possible modulation techniques and is the
representative problem studied in this work. Due to their inherent reconfigurability and energy efficiency, FPGAs
provide an excellent platform for implementing radio frequency machine learning (RFML) systems. They enable the
tight integration of a software-defined radio (SDR) front-end with signal-processing and deep-learning accelerators
on a single chip, which is critical for meeting the stringent latency and bandwidth requirements of wireless systems.
Furthermore, many edge RFML applications demand a small area, a minimal memory footprint, and low power
consumption—constraints for which FPGA technology is highly favourable. Consequently, researchers have extensively
explored strategies to reduce the size, weight, and power (SWaP) of RFML implementations [8, 20, 22, 24, 49, 51].
However, for AMC tasks on edge devices, several significant challenges remain unaddressed:

• Existing FPGA-based AMC accelerators often treat RFML as a standard deep neural network (DNN) inference
workload. Consequently, most optimisation efforts focus on the classifier, e.g., model compression [49], quan-
tisation [24, 49], and dataflow acceleration [3, 20], while overlooking the computational patterns of feature
extraction.

• Prior studies have focused on classifiers directly adapted from computer vision, such as convolutional neural
networks (CNNs) and residual networks. They are usually trained on raw in-phase/quadrature (I/Q) samples,
and achieve high intra-dataset accuracy. Unfortunately, this approach fails to achieve robust cross-dataset
generalisation for modulation classification scenarios [41–43].

To address the aforementioned problems, we propose a hardware-software co-design framework, BSPNet, that
combines cyclostationary features and butterfly neural networks for robust AMC. The key advantage of BSPNet is that
both its feature-extraction phase and NN inference phase can be executed on the same butterfly-structured parallel
hardware. We further introduce FlexBE, an enhanced butterfly engine featuring architectural improvements that boost
performance and reduce hardware overhead compared to the baseline architecture by Fan et al. [11] (hereafter referred
to as BE-base). The key differences between the two are summarised in Table 1. The main contributions of this work are:

• We propose FlexBE, a butterfly engine that provides on-the-fly control of transform length and parallelism
for executing both FFT-based features and BL-based NN. This eliminates the major bottlenecks in BE-base
by introducing new data switches and matching control logic. FlexBE delivers a 2.8 ∼ 26.2× speedup over
BE-base with identical configuration; and remains 2.2 ∼ 3.1× faster when BE-base is configured for maximum
throughput.

• We introduce BSPNet, a software-hardware co-design framework that enables, for the first time, cyclostationary-
based AMCs on resource-constrained FPGAs. By utilising FlexBE, computational and memory costs are reduced.

Manuscript submitted to ACM
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A Flexible FPGA-based Butterfly Engine for Accelerating Signal Processing and Machine Learning 3

For single-batch classification on an AMD Xilinx ZCU104, BSPNet achieves a 2.89× speedup compared to an
NVIDIA RTX 3090 GPU.

• To facilitate reproducible research, BSPNet and FlexBE are available online and packaged with Python generators
for producing synthesizable register-transfer level (RTL) codes. 1.

The remainder of this paper is organised as follows. Section 2 provides background on cyclostationary features in
AMC and butterfly architectures. Section 3 details the proposed micro-architecture of our FlexBE engine. Section 4
presents the BSPNet hardware-software co-design framework. Section 5 provides a comprehensive experimental
evaluation, and Section 6 concludes the paper.

2 Background and Motivation

2.1 Radio Frequency Machine Learning

There has been increasing interest in utilising FPGAs for RFML because they are commercial, off-the-shelf (COTS)
devices that offer the advantages of high performance and ability to integrate an SDR with the ML, resulting in systems
with low SWaP. The first RFML implementation was reported by O’Shea et al. [35] in 2016, involving the application
of a CNN to synthetically generated I/Q samples for 11 different modulation types in an offline manner. Importantly,
the synthetic dataset was published by the authors under the title RADIO.ML.2016.04C to facilitate comparison with
other techniques. A later paper in 2018 by the same authors extended the number of classes to 24 modulation types and
compared two CNN models (VGG10 and ResNet33), demonstrating excellent accuracy [36]. Scenarios with different
radio impairments, as well as transfer learning in which the DNN was trained on synthetic data and tested over-the-
air, were also studied. As surveyed in [8, 20], RFML implementations evolved from CPU-based offline processing to
GPU-accelerated systems.

Since radio signals have high bandwidth and latency is often crucial for practical applications, interest in applying
FPGAs to RFML soon followed. While GPUs offer high parallelism, FPGAs are of particular interest as they are COTS
devices that offer high performance, reconfigurability, and the ability to integrate an SDR with the ML pipeline, resulting
in systems with low SWaP. The first FPGA implementation utilised a Xilinx RFSoC device to integrate an SDR with
the VGG10 CNN [50]. Using ternary weights, this design achieved AMC with a throughput of 488𝑘 classifications per
second and a latency of 8 𝜇𝑠 . Following these, the optimisations of RFML accelerators have focused on several strategies,
including quantisation, model optimisation and parallelism. Quantisation, such as using ternary weights [49, 51], hybrid
precision schemes [24], or quantisation-aware training [30], reduces the computational requirements by decreasing the
precision ofmultiply-accumulate operations associatedwith DNNs.Model optimisation aims to reduce the computational
load of the DNN itself and includes lightweight CNN models tailored for resource-constrained devices [10]. While
effective for resources, some designs report non-trivial accuracy drops [8]. Mapping DNNs to deeply pipelined, layer-
parallel data-flow accelerators improves parallelism and throughput/energy, as demonstrated by FINN-style flows in
RFML [20], their recent extensions to transformers [3], and streaming CNNs [30]. Other directions involve entirely
different computational models, such as neuromorphic systems. For example, Guo et al. [17] proposed an end-to-end
RFML heterogeneous streaming architecture using spiking neural network (SNN).

While the vast majority of previous RFML systems have used I/Q as the primary feature, we argue that this is
not a robust representation because it is not invariant to scaling and rotation [4]. Moreover, RFML accelerators have

1https://github.com/louisinhit/FlexBE_v0
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primarily focused on improving DNN performance, with little consideration for system-level issues, such as feature
pre-processing.

2.2 Cyclostationary Features for Radio Frequency Machine Learning

To address the generalisation and robustness limitations of models trained on raw I/Q samples, more robust approaches
integrate cyclostationary signal processing (CSP) methods. A time series is said to be cyclostationary if its probability
distribution varies periodically with time [13, 14]. This property is inherent in man-made communication signals and
can be quantified through features like the spectral correlation function (SCF) [12], high-order moments [47], or cyclic
cumulants [28, 41, 44]. This combination of CSP with DNNs is one solution for robust AMC. For instance, Mendis et al.
[31] computed the SCF for a deep-belief network. More recently, Snoap et al. [41] integrated cyclic cumulants (CCs)
with capsule networks [38] to enhance robustness. Snoap et al. [42, 43] extended this by embedding CC estimators
directly into novel nonlinear NN layers, achieving high accuracy in complex modulation scenarios. In [42], feature
extraction is done by taking the complex input vector, 𝑆 = {𝑠 [0], 𝑠 [1], . . . , 𝑠 [𝑁 − 1]} ∈ C𝑁 , (denoted by 𝑆 = {𝑠 [𝑎]},
𝑎 ∈ {0, . . . , 𝑁 − 1}) and raising each element to a power (e.g. 𝑆2 = {𝑠 [𝑎]2}, 𝑎 ∈ {0, 1, . . . , 𝑁 − 1}), as shown in the
left-hand column of Eq. (1), to obtain the 𝑆2, 𝑆4, 𝑆6, 𝑆8 features. F {·} denotes the 𝑁 -point FFT, which is applied on the
resulting vectors to obtain 𝐹2, 𝐹4, 𝐹6, 𝐹8 in Eq. (1).

𝑆2 = {𝑠 [𝑎]2}, 𝐹2 = F {𝑆2}

𝑆4 = {𝑠 [𝑎]4}, 𝐹4 = F {𝑆4}

𝑆6 = {𝑠 [𝑎]6}, 𝐹6 = F {𝑆6}

𝑆8 = {𝑠 [𝑎]8}, 𝐹8 = F {𝑆8}

(1)

The resulting features {𝑆2, 𝑆4, 𝑆6, 𝑆8, 𝐹2, 𝐹4, 𝐹6, 𝐹8} are then fed to a downstream DNN (e.g., a capsule network [38]).
From a hardware perspective, this pipeline is heterogeneous: the pre-processing stage comprises a small number

of very long transforms (e.g., 4 × 32,768-point FFTs), whereas the classifier favours many short, highly parallel linear
operations. Implementing them as separate accelerators duplicates buffers and increases data movement, which is
problematic for edge FPGAs under tight SWaP and timing constraints. Deploying these two computationally disparate
modules efficiently on a single, resource-constrained FPGA is a non-trivial co-design problem that current RFML
accelerators have not been designed to address. To the best of our knowledge, Wu et al. [52] presents the first FPGA-
accelerated AMC system that integrates CSP-based feature extraction with NN classification, and reports state-of-the-art
(SOTA) accuracy under an intra-dataset evaluation scenario (i.e., training and testing on the same dataset).

2.3 Butterfly Computation Accelerator as Unifying Architecture

The challenge of deploying CC-based RFML on FPGAs stems from the need to efficiently execute both FFT and DNN
workloads, which present distinct computational patterns. A promising direction for unifying these disparate tasks on
an FPGA is the butterfly computation accelerator, first proposed for hardware acceleration in [11], designed to execute
both BL and FFTs layers using a single, unified computational structure.

The butterfly computation originates from the work of Dao et al. [6], who introduced a parametrisation of linear
transforms using butterfly factorisations. This allows dense, fully connected layers in NNs to be replaced with sparse,
FFT-like butterfly operations that use trained weights rather than traditional twiddle factors. This duality is highly

Manuscript submitted to ACM
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advantageous from a hardware perspective, as it enables a single computational core to be designed for executing both
standard FFTs and these specialised BL layers.

Fan et al. [11] leveraged this principle in their FABNet accelerator, which utilises a unified core—referred to in
this work as the BE-base—for this purpose. However, existing implementations such as FABNet were designed for
text and computer vision workloads, whose data characteristics differ substantially from those of RF signals. When
applied to RFML, such architectures do not flexibly accommodate the wide range of sequence lengths encountered
in practice, which can span from very short (e.g., tens) to extremely long (tens of thousands). Additionally, in radix-2
Cooley–Tukey FFTs, decimation-in-time (DIT) produces bit-reversed outputs while decimation-in-frequency (DIF)
expects bit-reversed inputs; thus, natural-order I/O requires an explicit bit-reversal stage or reorder buffer [9, 54].
Although FPGA-based parallel streaming bit-reversal can reorder 𝑁 items over 𝑃 lanes using commutators and banked
memories with conflict-free scheduling—achieving the 𝑁 /𝑃 cycle bandwidth bound [5, 15, 16, 26] — These methods
cannot be directly applied due to incompatibility with the addressing scheme in BE-base memory. In summary, BE-base
lacks built-in support for efficient bit reversal.

To address these specific challenges, we propose FlexBE. Our architecture is designed to maintain the unified
philosophy of the butterfly computation accelerator while being explicitly enhanced for the long-sequence and dynamic-
length cases. FlexBE improves routability for large 𝑁 , reduces latency, and enables low-overhead runtime control over
both sequence length and parallelism. The design of this flexible architecture is detailed in the following section.

3 Flexible Butterfly Engine Architecture

The primary novelty of our accelerator lies in its data path, where we introduce a data-switching structure with integrated
bit-reversal. In addition, we provide fine-grained control logic for flexible, runtime-programmable read/write behaviours.
Figure 1a illustrates the BE-base data-flow, while the highlighted modules in Figure 1b denote our modifications. Here,
𝑃𝑏𝑒 is the parallelism of butterfly engines (BEs), 𝑃𝑏𝑢 is the number of butterfly units (BUs) in one BE. 𝑃𝑠𝑢𝑏 is a specific
parameter for FlexBE. Fully connected switch (FCS) and permute-rotate switch (PRS) are 2𝑃𝑏𝑢 to 2𝑃𝑏𝑢 data-switching
modules: Module-A handles read reordering, and Module-B performs write recovery. All important symbols are listed
in Table 2.

The 𝑖-th iteration of an 𝑁 -point transform is described by Eq. (2) with the following steps:

Read data vector from 2𝑃𝑏𝑢 parallel banks: D𝑖 ← MEM(Addr𝑖 )

Permute data via FCS (matrix P𝑖
𝑓
): X𝑖 ← P𝑖

𝑓
× D𝑖

Compute 𝑃𝑏𝑢 radix-2 butterflies: (X𝑖 )′ ← B(X𝑖 ,Coeff𝑖 )

Restore data via inverse permutation: (D𝑖 )′ ← (P𝑖
𝑓
)−1 × (X𝑖 )′

Write result back to memory: MEM(Addr𝑖 ) ← (D𝑖 )′

(2)

A challenge in the design of a butterfly processor is managing data RAM access to prevent bank conflicts [40], a classic and
well-studied problem in parallel FFT processor design [15, 23]. To solve this, BE-base employs a specialised "shift-down"
storage scheme. This strategy implements the well-established "skewed storage" or "linear address transformation"
techniques [21, 48], originally developed to guarantee conflict-free memory access in dedicated FFT hardware. In this
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Fig. 1. Butterfly engine datapaths. Thick lines represent data paths, while thin lines denote addresses and control indices. Both
designs contain a cycle-by-cycle management module, a RAM array for in-flight data storage, two read/write switching modules, and
𝑃𝑏𝑢 radix-2 BUs.

Table 2. Table of Symbols

Symbol Meaning

𝑖 ∈ [0, 𝑁
2𝑃𝑏𝑢 × 𝑛) Iterations (cycle number)

𝑛 = log2 𝑁 Number of butterfly stages

𝑚 = log2 (2𝑃𝑏𝑢 ) Permutation address bit-width

I𝑖 ∈ N2𝑃𝑏𝑢×1 Butterfly indices

𝐼 = n’b{𝑏𝑛−1𝑏𝑛−2 ...𝑏0} One index and its binary representation

Addr𝑖 ∈ N2𝑃𝑏𝑢×1 Accessed data address for data RAM

D𝑖 ∈ R2𝑃𝑏𝑢×1 Data out from data RAM

P𝑖
𝑓
∈ {0, 1}2𝑃𝑏𝑢×2𝑃𝑏𝑢 Permutation bit array in FCS

X𝑖 ∈ R2𝑃𝑏𝑢×1 Data after reorder

B(·) Radix-2 butterfly operation

"shift-down", element with index 𝐼 is stored in 𝑎𝑦-th RAM bank at depth 𝑎𝑥 (as given in Figure 1):

𝑎𝑥 = 𝐼 >>𝑚

𝑎𝑦 = bsm(𝐼 ) = [(popcount(𝐼 >>𝑚) + (𝐼 mod 2𝑚)) mod 2𝑚]
(3)
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Fig. 2. Comparison with example of 8-to-8 switching.

where bsm(𝐼 ) is a bit-sum and modulo operation, and function popcount(·) counts the number of 1s in the binary
representation of the input. According to [11], I𝑖 is generated by a specific circuit, and a decode circuit produces Addr𝑖

and P𝑖
𝑓
. Their associations are:

P𝑖
𝑓
[ 𝑗, 𝑘] =


1, if 𝑘 = bsm(I𝑖 [ 𝑗]),

0, otherwise,

for 0 ≤ 𝑗, 𝑘 < 2𝑃𝑏𝑢 . And the access address is computed as Addr𝑖 = P𝑖
𝑓
× (I𝑖 >>𝑚).

Although these effective strategies guarantee conflict-free memory access, the BE-base architecture remains con-
strained by three fundamental limitations:

(1) Minimum transform-length constraint. In BE-base, each engine inherently processes 2𝑃𝑏𝑢 values in parallel.
Hence, a transform whose length is shorter than 2𝑃𝑏𝑢 cannot fully utilise the datapath. To accommodate such
inputs, they must be zero-padded to the minimum length of 2𝑃𝑏𝑢 , resulting in inefficiency.

(2) Lack of integrated bit-reversal support. The existing BE-base design assumes natural-order processing. It lacks an
efficient internal mechanism to handle bit-reversed data ordering during both the read and write-back phases,
which is critical for standard FFT computations, particularly when considering the “shift-down” storage scheme
in the engines.

(3) Quadratic scaling of the fully connected switch. The FCS in BE-base acts as a general 2𝑃𝑏𝑢-to-2𝑃𝑏𝑢 permutation
network. Because each output port can select any input port, the number of switching connections grows
quadratically with the number of ports. Its interconnect complexity can therefore be approximated as 𝐶fcs ∝
data-width × (2𝑃𝑏𝑢 )2. As 𝑃𝑏𝑢 scales up, this dense, crossbar-like structure imposes severe logic and routing
overhead, ultimately degrading scalability and hindering timing closure.

Our work addresses these deficiencies by introducing building blocks described in the following subsections.
Manuscript submitted to ACM
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3.1 Permute-Rotate Switching

The main novelty of this part is the introduction of PRS permutation structure to replace the FCS crossbar. In BE-base,
the permutation matrix P𝑖

𝑓
changes each cycle 𝑖 and encompasses all possible permutation orders. Consequently,

the interconnect complexity of FCS follows: 𝐶fcs = Θ(𝑃2
𝑏𝑢
). This is implemented in hardware via programmable

combinational logic, composed of 2𝑃𝑏𝑢 instances of 2𝑃𝑏𝑢 -to-1 multiplexers (MUXs), as shown in Figure 2a.
Due to the properties of the butterfly transform, we observe that there exists a decomposition such that P𝑖

𝑓
= P𝑖𝑠 × P𝑖𝑟 .

Here, P𝑖𝑟 is a circular shift matrix, and P𝑖𝑠 represents log2 (2𝑃𝑏𝑢 ) specific cases out of 𝑁
2𝑃𝑏𝑢 kinds of possible P𝑖

𝑓
matrices.

This decomposition implies that the FCS can be realised as a cascade of a barrel shifter for P𝑖𝑟 and a simpler fixed
permutation unit for P𝑖𝑠 . A structural illustration of the PRS placed in front of the BUs is shown in Figure 2b. Here, P𝑖𝑠
and P𝑖𝑟 can be described as:

P𝑖𝑠 [ 𝑗, 𝑘] =

1, if 𝑘 = [bsm(I𝑖 [ 𝑗]) − bsm(I𝑖 [0])] mod 2𝑚,

0, otherwise,

P𝑖𝑟 [ 𝑗, 𝑘] =

1, if 𝑘 =

(
𝑗 + bsm

(
I𝑖 [0]

) )
mod 2𝑚,

0, otherwise,

for 0 ≤ 𝑗, 𝑘 < 2𝑃𝑏𝑢 . As shown in Eq. (2), the first (read) and second (write) PRS exhibit opposite behaviours. Since all
permutation matrices P𝑖𝑟 , P𝑖𝑠 , and P𝑖

𝑓
are orthogonal, each inverse equals its transpose: (P𝑖

𝑓
)−1 = (P𝑖

𝑓
)𝑇 = (P𝑖𝑟 )𝑇 × (P𝑖𝑠 )𝑇 ,

the former PRS performs rotation followed by permutation, while the latter PRS first permutes and then rotates. As
depicted in Figure 2, the barrel shift part requires 2𝑚𝑃𝑏𝑢 2-to-1 MUXs, getting rid of large 2𝑃𝑏𝑢-to-1 MUXs, while the
subset switch part uses only𝑚 switching states with a total of (𝑚 + 1) × 2𝑚−1 connections. In total, the interconnect
complexity of PRS is: 𝐶prs = Θ(𝑚 · 𝑃𝑏𝑢 ).

Additionally, as 𝑃𝑏𝑢 increases, additional pipeline registers may be required to meet timing constraints. The proposed
PRS naturally accommodates such pipelining due to its staged architecture, as shown in Figure 2b. The approximate
register cost to fully pipeline the PRS scales as 2𝑃𝑏𝑢 ×𝑚 × data_width. In contrast, pipelining an FCS necessitates
decomposing each large combinational MUX into a multi-level tree of smaller MUXs. For instance, a 2𝑃𝑏𝑢 -to-1 switch is
typically implemented as an𝑚-level binary tree composed of

2𝑃𝑏𝑢
2 + 2𝑃𝑏𝑢

4 + · · · + 1 = 2𝑃𝑏𝑢 − 1 (4)

2-to-1 multiplexers per output port. Across all 2𝑃𝑏𝑢 output ports, this culminates in a total of 2𝑃𝑏𝑢 (2𝑃𝑏𝑢 −1) multiplexers.
Consequently, to fully pipeline the FCS structure, the required register count increases to approximately 2𝑃𝑏𝑢 × (2𝑃𝑏𝑢 −
1) × data_width. Therefore, pipelining the FCS can reduce logic depth, but it does not remove the underlying all-to-all
routing and quadratic scaling costs.

Algorithm 1 outlines the procedure for generating the PRS control parameters for each iteration 𝑖: the rotation
amount 𝑅𝑖 that configures the barrel shifter and the permutation state 𝑆𝑖 that drives the subset switch. The construction
of the index sequence I𝑖 follows the methodology of Slade [40].
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Algorithm 1: Generation of PRS control signals
Input: Transform size 𝑁 , number of BUs 𝑃𝑏𝑢
Output: Rotation factor 𝑅𝑖 and permutation state 𝑆𝑖

// Butterfly stage index

1 for 𝑘 ← 0 to 𝑛 − 1 do
2 𝑏𝑎𝑠𝑒 ← 0

// Iterations required to complete stage 𝑘

3 for 𝑗 ← 0 to 𝑁
2𝑃𝑏𝑢 − 1 do

// Global iteration index

4 𝑖 ← 𝑘 · 𝑁
2𝑃𝑏𝑢 + 𝑗

5 𝑖𝑖 ← rotate𝑛−1 (𝑏𝑎𝑠𝑒, 𝑘 + 1)
6 I𝑖 [0] ← rotate𝑛 (2 · 𝑖𝑖, 𝑘)

// Rotation factor for the barrel shifter

7 𝑅𝑖 ← bsm(I𝑖 [0])
// Permutation state for the subset switch

8 if (𝑛 −𝑚) ≤ 𝑘 ≤ (𝑛 − 2) then
9 𝑆𝑖 ← 𝑛 − 𝑘 − 1

10 else
11 𝑆𝑖 ← 0
12 𝑏𝑎𝑠𝑒 ← 𝑏𝑎𝑠𝑒 + 𝑃𝑏𝑢

// rotate𝑛 (𝑝, 𝑞) denotes a circular left rotation of the 𝑛-bit word 𝑝 by 𝑞 bit positions

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

R2 BU

d0
d4

d2
d6

d1
d5

d3
d7

d0
d1

d2
d3

d4
d5

d6
d7

For Psub>1, truncate at stage log2l

clk 0 clk 1 clk 2

(a)

PR
S-
A

d0
d1
d2
d3
d4
d5
d6
d7

(b)

PR
S-
A

d0
0

d0
1

d1
0

d1
1

d2
0

d2
1

d3
0

d3
1

(c)

Fig. 3. An 8-point butterfly transform is used to perform two 4-point transforms, 𝑃𝑏𝑢 = 4. (a) Unfolded dataflow. (b) Case 𝑙 ≥ 2𝑃𝑏𝑢 ,
𝑃𝑠𝑢𝑏 = 1, no reordering required. (c) Case 𝑙 = 4, 𝑃𝑠𝑢𝑏 = 2, reordering is required.
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Algorithm 2: Sub-parallelism control for variable-length butterfly transforms
Input: 𝑁 , 𝑃𝑏𝑢 , 𝑃𝑠𝑢𝑏 , 𝑙 , data vectors D0, . . . ,D𝑃𝑠𝑢𝑏−1
Output: Data for computation D𝑖 and butterfly state
// Initialisation of effective transform length

1 if 𝑙 < 2𝑃𝑏𝑢 then
2 𝑁 ← 2𝑃𝑏𝑢
3 𝑃𝑠𝑢𝑏 ← 2𝑃𝑏𝑢

𝑙

4 else
5 𝑁 ← 𝑙

6 𝑃𝑠𝑢𝑏 ← 1
7 𝑛 ← log2 𝑁
// Prepare data for butterfly computation according to Eq. (5)

8 D𝑖 ← Reorder(D0, . . . ,D𝑃𝑠𝑢𝑏−1)
// Butterfly starts

9 for 𝑘 ← 0 to 𝑛 − 1 do
10 if 𝑘 = 𝑛 − log2 (𝑃𝑠𝑢𝑏 ) then

// Butterfly ends

11 break

12 𝑏𝑎𝑠𝑒 ← 0
13 . . . // Standard butterfly computation under PRS control (Algorithm 1)

3.2 Variable-Length and Sub-Parallel Butterfly Transform

As previously discussed, for a given parallelism 𝑃𝑏𝑢 , the BE-base architecture is incapable of processing transform
lengths smaller than 2𝑃𝑏𝑢 . This inherent constraint significantly limits design flexibility. For instance, classic CNN
architectures based on butterfly convolutions [6, 7] employ butterfly transforms ranging from 16 to 1024 points.

To address this restriction, we introduce the concept of sub-parallelism, denoted as 𝑃𝑠𝑢𝑏 . Let 𝑙 denote the length of
the actual input vectors and 𝑁 denote the computational length within the BEs. We define 𝑃𝑠𝑢𝑏 such that if 𝑙 < 2𝑃𝑏𝑢 ,
then 𝑁 = 2𝑃𝑏𝑢 = 𝑃𝑠𝑢𝑏 × 𝑙 ; otherwise, 𝑁 = 𝑙 (assuming all parameters are powers of two). Intuitively, 𝑃𝑠𝑢𝑏 corresponds
to the number of transforms of length 𝑙 that a single 𝑃𝑏𝑢-parallel engine can process concurrently. For example, with
𝑃𝑏𝑢 = 16, a single FlexBE can simultaneously perform four 8-point transforms, yielding 𝑃𝑠𝑢𝑏 = 4.

Figure 3a illustrates this concept, showing how two 4-point transforms (highlighted in yellow and red) are mapped
onto a single 8-point datapath (blue region). Here, 𝑑0∼7 represents the data sequence after reordering by PRS-A. It is
important to note that the operation of the PRS remains invariant to 𝑃𝑠𝑢𝑏 . By interleaving multiple short sequences to
emulate a larger input vector, the hardware can process them in parallel, with the final results obtained by intercepting
intermediate stages at the appropriate depth. Algorithm 2 outlines the procedure for a single FlexBE to process multiple
parallel input streams, where the ellipsis represents the aforementioned butterfly control logic. Each short data vector
is denoted as D𝑠 = [𝑑𝑠0, 𝑑𝑠1, . . . , 𝑑𝑠𝑙−1], where 𝑠 ∈ [0, 𝑃𝑠𝑢𝑏 − 1]. Rather than directly concatenating these vectors, they
must be interleaved prior to entering PRS-A, following the mapping defined in Eq. (5). Illustrative examples of this
reordering scheme are provided in Figure 3b and Figure 3c.

Reorder(D0, . . . ,D𝑃𝑠𝑢𝑏−1) = [𝑑
0
0 , 𝑑

1
0 , 𝑑

2
0 , . . . , 𝑑

𝑃𝑠𝑢𝑏−1
0 , . . . , 𝑑0

𝑙−1, 𝑑
1
𝑙−1, . . . , 𝑑

𝑃𝑠𝑢𝑏−1
𝑙−1 ] (5)
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3.3 Bit-Reversal Control in Flexible Butterfly Engine

To achieve the theoretical minimum latency while saving fabric resources, we integrate the bit-reversal operation
directly into the write-back path from the FlexBE local RAM to the global buffer, as illustrated in Figure 4. Table 3
summarises the notation and address mappings. Both memories are organised as 𝑃 = 2𝑃𝑏𝑢 = 2𝑚 parallel lanes, each
with depth 𝑁

𝑃
, where 𝑁 = 2𝑛 is the total data length stored. Here, we focus on the long-transform regime 𝑁 ≥ 𝑃2

(equivalently, 𝑛 ≥ 2𝑚), which is typical of the targeted long-point FFT workloads and ensures that the non-overlapping
bit-field decomposition below is well-defined.

BE data RAM

.....

.....

.....

.....
RAM1

RAM3

RAM2

RAM0

Global data buffer

.....

.....

.....

.....
Buffer1

Buffer3

Buffer2

Buffer0

Shift-down scheme

R
ea

d 
A

dd
r.

 v
ec

to
r

W
rit

e 
A

dd
r.

 v
ec

to
r

Normal order

Fig. 4. Bit-reversal write-back datapath. The central network implements a source-lane-indexed destination-bank mapping.

Table 3. Address mapping between FlexBE RAM and global buffer, where 𝑗 = bit-rev𝑛 (𝑘 ) .

Memory Data 𝑎𝑥 mapping 𝑎𝑦 mapping

FlexBE RAM 𝑑 𝑗 , 0 ≤ 𝑗 ≤ 𝑁 − 1 𝑗 >>𝑚 bsm( 𝑗)
Global buffer 𝑦𝑘 , 0 ≤ 𝑘 ≤ 𝑁 − 1 𝑘 >>𝑚 (𝑘 mod 2𝑚)

3.3.1 Algorithm Design. The write-back preserves the data value, so the table implies 𝑦𝑘 = 𝑑 𝑗 for 𝑗 = bit-rev𝑛 (𝑘). We
synthesise the per-cycle index vectors with three objectives:

(1) Realise the global bit-reversal permutation;
(2) Avoid read and write bank conflicts in both memories;
(3) Sustain the bandwidth-limited lower bound of 𝑁

𝑃
cycles.

We first express the FlexBE RAM index 𝑗 ∈ [0, 𝑁 ) in bit-sliced form:

𝑗 = [𝐻 (𝑚-bit) | 𝑄 (𝑞-bit) | 𝑅 (𝑟 -bit) | 𝑀 (𝑚-bit) ], (6)

where 𝑞 =min{𝑚, 𝑛 − 2𝑚} and 𝑟 = 𝑛 − 2𝑚 − 𝑞 ≥ 0. Thus, the most significant𝑚 bits are 𝐻 , the middle field is [𝑄 | 𝑅]
of width 𝑞+𝑟 , and the least significant𝑚 bits are 𝑀 . The corresponding bit-reversed index is 𝑘 = bit-rev𝑛 ( 𝑗), where
bit-rev𝑛 (·) reverses the 𝑛-bit binary representation of an index, e.g., with 𝑛 = 3 bits, the index 𝑗 = 1 (0012) maps to 𝑘 = 4
(1002).

Algorithm 3 constructs the per-cycle index vectors (𝒋, 𝒌) such that each cycle transfers 𝑃 words without bank
conflicts: the inner loop over lanes 𝑎 = 0, . . . , 𝑃 − 1 guarantees a full sweep of FlexBE RAM banks per cycle; the rotation
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Algorithm 3: Bit-reversal index control in FlexBE
Input: 𝑁 = 2𝑛 , 𝑃 = 2𝑚 , 𝑞, 𝑟
Output: Per-cycle index vectors (𝒋, 𝒌) ∈ N𝑃×1

// Outer loop over rotation offsets

1 for 𝑢 ← 0 to 2𝑚 − 1 do
// Enumerate all combinations of middle bits

2 for 𝑟𝑟 ← 0 to 2𝑟 − 1 do
3 for 𝑞𝑞 ← 0 to 2𝑞 − 1 do
4 for 𝑎 ← 0 to 𝑃 − 1 do
5 𝑏 ← (𝑎 + 𝑢) & (𝑃 − 1)

// Construct the high (𝑚 + 𝑞 + 𝑟 )-bit field [𝑏 | 𝑞𝑞 | 𝑟𝑟 ]
6 high← (𝑏 << (𝑞 + 𝑟 )) | (𝑞𝑞 << 𝑟 ) | 𝑟𝑟
7 𝑥 ← (𝑎 − popcount(high)) & (𝑃 − 1)
8 𝒋[𝑎] ← (high <<𝑚) | 𝑥
9 𝒌 [𝑎] ← bit-rev𝑛 (𝒋[𝑎])

parameter 𝑢 ∈ [0, 𝑃) enforces a full sweep of buffer banks on the same cycle; and the middle loops over 𝑞𝑞 and 𝑟𝑟 ,
enumerating all middle-bit combinations to ensure full coverage of the index space.

3.3.2 Mapping to Hardware. Based on Algorithm 3, we obtain the index pair (𝒋, 𝒌) for each clock cycle. Let Abe
𝑥 ,Abe

𝑦 ∈
N𝑃×1 denote the read depth address vector and the RAM index vector for the FlexBE RAM banks, respectively. These
vectors are determined from the mapping defined in Table 3 using (𝒋, 𝒌). For the read-side memory, we have:

Abe
𝑦 [𝑎] = bsm(𝒋[𝑎]) = 𝑎, Abe

𝑥 [𝑎] = 𝒋[𝑎] >>𝑚.

Let D denote the vector of values retrieved from the RAM banks. Following the relations established above, this is
expressed as:

D[𝑎] = RAM𝑎

[
𝒋[𝑎] >>𝑚

]
.

On the write side, the destination bank of D[𝑎] is given by the lower𝑚 bits of 𝒌 [𝑎]. These bits are the𝑚-bit reversal of
the upper𝑚 bits of 𝒋[𝑎]. From Algorithm 3, the latter equal 𝑏 = (𝑎 + 𝑢) mod 𝑃 ; moreover, Abe

𝑦 [𝑎] = 𝑎. Hence, if Agb
𝑦 [𝑎]

denotes the destination-bank label of the word read from source lane 𝑎, then

Agb
𝑦 [𝑎] = bit-rev𝑚

(
(Abe

𝑦 [𝑎] + 𝑢) mod 𝑃
)
= bit-rev𝑚

(
(𝑎 + 𝑢) mod 𝑃

)
. (7)

To expose the correspondence between Eq. (7) and the hardware, define the element-wise mapping B𝑚 (v) [𝑎] =

bit-rev𝑚 (v[𝑎]) and the cyclic re-indexing 𝜌𝑢 (v) [𝑎] = v[(𝑎 + 𝑢) mod 𝑃]. Since Abe
𝑦 = [0, 1, . . . , 𝑃−1]𝑇 , the complete

destination-bank vector can be written as

Agb
𝑦 = 𝜌𝑢︸︷︷︸

barrel shifter

(
B𝑚

(
Abe
𝑦

)︸    ︷︷    ︸
permutation MUXs

)
. (8)

Here, 𝜌𝑢 rotates the entries of the bank-label vector; it does not bitwise-rotate an individual label. Thus, the fixed
bit-reversal permutation produces the base bank-label pattern, and the barrel shifter cyclically re-indexes this pattern
Manuscript submitted to ACM
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Fig. 5. Improved RAM utilisation and data alignment. Compared to BE-base, FlexBE enables multiple datasets to reside concurrently
in the internal RAM banks.

according to 𝑢. The corresponding data movement is the source-indexed scatter operation

Dgb
[
Agb
𝑦 [𝑎]

]
= D[𝑎], 0 ≤ 𝑎 < 𝑃, (9)

which removes any ambiguity about the routing direction. An illustrative example for 𝑃 = 4 is presented in Figure 4.
While the derivation above details the implementation methodology for Abe

𝑦 and Agb
𝑦 , we adopt a direct approach for

generating Abe
𝑥 and Agb

𝑥 . The access patterns for each cycle are pre-stored in ROM, utilising a simple counter to control
the emission of the address vectors. Therefore, both interfaces remain conflict-free, and the bit-reversal operation
completes in exactly 𝑁

𝑃
cycles.

3.4 Optimisation and Modelling

This subsection discusses the optimisation that improves local RAM utilisation and reduces dependency on external
buffering. Because FPGA block memories are allocated with fixed granularities, an engine (e.g., with 𝑃𝑏𝑢 = 2) requires
at least four RAM banks regardless of the processed transform length 𝑁 . Consequently, a configuration that stores only
a single short or moderate-length sequence per acceleration step leaves a large fraction of the available RAM depth
unused. To maximise the utilisation of limited on-chip resources, deeper memory configurations are preferred [19, 56].

As illustrated in Figure 5, BE-base accommodates only one length-𝑁 sequence in the local RAM array during an
acceleration step. If multiple sequences must be processed, additional global or external buffers are inevitably required
to stage data between the host interface and the engines. In contrast, the enhanced management module in FlexBE
packs 𝑃𝑁 independent sequences, each of length 𝑁 , into the same banked RAM array. This architectural feature ensures
the full utilisation of the engine RAMs and eliminates reliance on separate, external staging buffers. It is therefore
highly advantageous under tight BRAM constraints, as it minimises the total memory footprint without compromising
computational throughput.

For a grouped acceleration step processing 𝑃𝑁 sequences of length 𝑁 , the total number of butterfly-computation
cycles can be estimated as:

cycles ≈ 𝑃𝑁 𝑁

2𝑃𝑠𝑢𝑏𝑃𝑏𝑒𝑃𝑏𝑢
× log2

𝑁

𝑃𝑠𝑢𝑏
. (10)

4 Application: Automatic Modulation Classification and Butterfly-based Signal Processing Net

To assess the algorithmic and hardware performance of FlexBE on RFML tasks that require highly variable transform
lengths, we introduce BSPNet, a software-hardware co-designed model that leverages FlexBE as its core accelerator.
We validate the proposed architecture on the challenging CSPB.ML.2018 [45] and CSPB.ML.2022 [46] benchmarks for
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Fig. 6. BSPNet software model, adapted from CAP family. The highlighted regions indicate co-design components.

long-signal modulation classification. These datasets are particularly suitable for evaluation as they provide diverse
signal parameters and extensive sample coverage, representing realistic AMC deployment scenarios.

4.1 Software Model

At the software level, BSPNet is adapted from the SOTA CAP-based network family [41–43], which exhibits superior
robustness and generalisation in AMC applications. The complexity of the CAP architecture is dominated by two primary
components: (i) the feature extraction layer, which computes Eq. (1) to generate features 𝐹0∼7 using four 32, 768-point
FFTs, and (ii) eight independent classifiers, CNN0∼7, that process 𝐹0∼7 in parallel. The fundamental challenge lies in
the heterogeneous computational structures of long-point FFTs and highly parallel CNNs, which complicates their
deployment on resource-constrained FPGA platforms. To address this limitation, BSPNet replaces the CNN-intensive
blocks with butterfly-linear layers, enabling them to share hardware resources with the FFT pre-processing stage. This
co-design methodology reduces on-chip overhead while preserving model accuracy.

The topology of BSPNet is illustrated in Figure 6, with its module specifications detailed in Table 4. The butterfly-
mode column indicates whether the coefficients in BUs are FFT twiddle factors or BL weights. Here, 𝑁 is the input
signal length, 𝑑𝑖𝑛 is the input dimension of the feature-expansion transform, and 𝑑𝑚 is the expanded model dimension.
𝐿 = 𝑁 /𝑑𝑖𝑛/8 or 𝐿 = 𝑁 /𝑑𝑖𝑛/4 is the input feature length before multilayer perceptron (MLP) blocks, which is reduced by
a max-pooling operation. Furthermore, ReLU activation functions are integrated within each MLP block to introduce
non-linearity. The parameter values for all evaluated configurations are listed explicitly in Table 7.

4.2 Hardware Architecture

Figure 7 illustrates the overall architecture of the BSPNet accelerator. It interfaces with external direct memory access
(DMA) engines [57] through standard AXIS protocols, enabling efficient data streaming and straightforward system
integration.

4.2.1 Workflow. The complete data processing flow operates as follows:
Manuscript submitted to ACM
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Table 4. BSPNet module breakdown.

Module Name Butterfly
Mode

Input Shape Twiddle/Weights
Shape

Bfly-Trans
Length

CC Extraction fft [4, 𝑁 ] [2, 2, 𝑁2 , log2 (𝑁 )] 𝑁

Branch
Model 0∼7

Feature Expansion lin [ 𝑁
𝑑𝑖𝑛

, 𝑑𝑖𝑛] [2, 2, 𝑑𝑖𝑛2 , log2 (𝑑𝑖𝑛),
𝑑𝑚
𝑑𝑖𝑛
] 𝑑𝑖𝑛

MLP-0-0 lin [𝐿,𝑑𝑚] [2, 2, 𝑑𝑚2 , log2 (𝑑𝑚)] 𝑑𝑚

MLP-0-1 lin [𝐿,𝑑𝑚] [2, 2, 𝑑𝑚2 , log2 (𝑑𝑚)] 𝑑𝑚

NormPool-0∗ – – – –

MLP-1-0 lin [𝐿/8, 𝑑𝑚] [2, 2, 𝑑𝑚2 , log2 (𝑑𝑚)] 𝑑𝑚

MLP-1-1 lin [𝐿/8, 𝑑𝑚] [2, 2, 𝑑𝑚2 , log2 (𝑑𝑚)] 𝑑𝑚

NormPool-1 – – – –

MLP-2-0 lin [𝐿/64, 𝑑𝑚] [2, 2, 𝑑𝑚2 , log2 (𝑑𝑚)] 𝑑𝑚

MLP-2-1 lin [𝐿/64, 𝑑𝑚] [2, 2, 𝑑𝑚2 , log2 (𝑑𝑚)] 𝑑𝑚

NormPool-2 – – – –
∗ The NormPool layer is defined as Layer Normalisation→ Shortcut Addition→ ReLU→Max Pooling. This component does not contribute much to the

overall computational complexity.

• Ingress Incoming samples are first written to the global buffer.
• Dispatch to BE arrayWhen the BE arrays are ready, the buffer streams data into them.
• After each round computation done Outputs from BE array are steered to one of: the max pooling / shortcut

addition / activation module; the BE array; the bit-reversal unit; the global buffer; or the AXIS egress.
• Egress Upon completion of inference, results are streamed back to the DMA; the pipeline then returns to the

receive state to await the next data segment.

Each functional module is well-encapsulated. The top-level task workflow control module coordinates inter-module
communication and data movement using built-in counters and finite-state machines. It aggregates status signals from
each block, determines the current acceleration phase, and issues the required control signals: MUX selection signals
that enable functional modules. As demonstrated in the timing diagram of Figure 8, this architecture ensures continuous
utilisation of all engines throughout the processing, thereby maximising hardware efficiency and computational
throughput.

4.2.2 Parameters. The complete hardware implementation is realised using RTL (Verilog HDL). Key architectural
parameters, i.e. 𝑃𝑏𝑒 , 𝑃𝑏𝑢 , data_width specifications, and the number of BU pipeline stages, directly determine the
hardware resource overhead and achievable clock frequencies. These parameters can be customised according to specific
application requirements and target platform constraints. They are declared through Verilog parameter syntax, which
are fixed after instantiation. In contrast, the runtime-reconfigurable parameters are port-driven using Verilog port

list, and can be dynamically updated by external modules or a host interface. The core latches these settings at frame
boundaries, enabling reconfiguration without re-synthesis. In this BSPNet framework, they are dynamically controlled
in the state machines in the top control module, as summarised in Table 5.
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Table 5. Run-time reconfigurable parameters

BE-base FlexBE
𝑁 𝑁 , 𝑃𝑠𝑢𝑏 , 𝑃𝑁
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Table 6. Specifications of the evaluated hardware platforms.

Platform Tech. Node Development Tools

Intel Core i9-9900KF (2019) 14 nm PyTorch 2.1.0 / Python 3.12
NVIDIA RTX 3090 (2020) 8 nm PyTorch 2.1.0 / CUDA 12.1
AMD Zynq ZCU104 (2018) [55] 16 nm Vivado 2024.2 / Verilog

5 Results and Evaluation

5.1 Experimental Setup

5.1.1 Benchmarks. To demonstrate the effectiveness of FlexBE, we deploy the BSPNet model and benchmark its
performance against several baselines on the platforms detailed in Table 6. The BSPNet model is first trained on GPUs
to establish a software performance baseline. The evaluation focuses on both intra-dataset accuracy and cross-dataset
generalisation, utilising datasets with highly diverse signal parameters and distributions. We evaluate four experimental
scenarios: training on CSPB.ML.2018 and testing on the 2018 and 2022 datasets; and training on CSPB.ML.2022 and
testing on the 2018 and 2022 datasets. For each dataset, we employ a split of 80, 000 samples for training and 32, 000 for
testing and validation. Each sample consists of 32, 768 complex-valued points representing one of eight signal classes.
To align with the target hardware implementation, all numerical values are quantised to a 16-bit fixed-point (fxp16)
format. The model is trained using the AdamW optimiser [29] with a learning rate of 0.0003.

5.1.2 FPGA Configurations. On ZCU104 FPGA, we compare our FlexBE implementation with two differently configured
BE-bases baselines. This setup allows us to isolate and quantify the advantages of architectural improvements. To
ensure a fair comparison, all configurations were designed within the same BSPNet framework shown in Figure 7,
while also considering the programmable logic (PL) resource constraints. All designs maintain the same total number of
BUs deployed on-chip. The three configurations are defined as follows:

• BE-base-1: A baseline utilising the BE-base core configured with 𝑃𝑏𝑢 = 4, which is inherited from FABNet.
According to the available hardware resources, 𝑃𝑏𝑒 = 16.
• BE-base-2: Second baseline configured with 𝑃𝑏𝑒 = 4 and 𝑃𝑏𝑢 = 16. To maintain data alignment for computations

with transform lengths 𝑁 < 2𝑃𝑏𝑢 , zero-padding is applied to the input.
• FlexBE: Our proposed design configured with 𝑃𝑏𝑒 = 4 and 𝑃𝑏𝑢 = 16. This configuration enables a direct, fair

comparison of the core engine’s efficiency and flexibility with the baselines.

The dynamic network parameters used for these configurations are detailed in Table 4.

5.1.3 GPU and CPU Baselines. To provide a broader performance context, we implemented BSPNet on both CPU and
GPU platforms. For the FFT stage, we utilised floating-point (fp) data types, as torch.fft does not support fixed-point
types. For the classifier, the BL layers were replaced with standard nn.Linear layers because the existing Butterfly-Torch
implementation2 is slower on both platforms. The configuration details are:

• CPU Baseline: Official half-precision (fp16) FFT support in PyTorch is currently restricted to CUDA, so the
best option was fp32. After evaluating multiple format combinations, the end-to-end {fp32-FFT, fp32-NN}
configuration delivered the highest performance.

2https://github.com/HazyResearch/butterfly
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Table 7. Various Configurations for BSPNet

Parameters cfg-1 cfg-2 cfg-3 cfg-4 cfg-5 cfg-6 cfg-7 cfg-8

𝑑𝑖𝑛 8 8 4 4 8 8 16 32

𝑑𝑚 64 64 32 32 32 32 32 32

𝐿 512 512 1024 1024 512 1024 1024 1024

# of MLP Blocks 3 2 3 3 3 3 3 3

Bit-reversal Yes Yes Yes No Yes Yes Yes Yes

Table 8. Accuracy comparison between different models.

Model Train on CSPB.ML.2018 Train on CSPB.ML.2022

Test on 2018 Test on 2022 Test on 2018 Test on 2022

CAP-based (fp) [42] 89.8% 78.2% 77.1% 86.7%
BSPNet-cfg-3 (fp) 84.4% 77.4% 81.9% 86.1%
BSPNet-cfg-6 (fp) 84.0% 77.3% 82.5% 86.8%
BSPNet-cfg-6 (fxp16) 82.3% 78.1% 81.7% 84.5%

• GPU Baseline: PyTorch’s CUDA backend efficiently supports both fp16 and BFloat16 (bf16) formats. We
compared the {fp16-FFT, fp16-NN} and {fp16-FFT, bf16-NN} configurations and observed that {fp16-FFT,
fp16-NN} yielded the highest performance.

5.2 Design-Space Exploration and Accuracy Validation

To explore the trade-off between hardware performance and classification accuracy, we first conducted a design space
exploration (DSE) by evaluating various BSPNet network configurations. As summarised in Table 7, we varied key
parameters including input dimension (𝑑𝑖𝑛), model dimension (𝑑𝑚), feature length (𝐿), and the presence of bit-reversal
logic. Following the architecture definition, we validate the efficacy of a fxp16 quantisation scheme for hardware
implementation. We adopt the Q1.15 format for all butterfly computations to maintain high precision within the
[−1.0, 1.0) dynamic range [33]. To ensure fidelity, we employed a bit-accurate software simulation that models the
hardware datapath where multiply-accumulate operations are internally accumulated at higher precision (i.e., 32-bit) to
prevent overflow, followed by convergent rounding and saturation logic. We compared the performance of the quantised
BSPNet model with that of its floating-point counterparts. The validation showed a modest, scenario-dependent impact
on quantisation. Finally, we benchmark the verified quantisedmodel against the baseline CAP-basedmodel. The accuracy
results from the four experimental scenarios are presented in Table 8. It is worth noting that while Cyclo-AMC [52]
reports the highest intra-dataset accuracy of 93.8% on CSPB.ML.2022, it does not report the results of CSPB.ML.2018;
therefore, it is not included in Table 8. These results confirm the proposed model’s effectiveness in both intra-dataset
performance and cross-dataset generalisation.
Manuscript submitted to ACM



937

938

939

940

941

942

943

944

945

946

947

948

949

950

951

952

953

954

955

956

957

958

959

960

961

962

963

964

965

966

967

968

969

970

971

972

973

974

975

976

977

978

979

980

981

982

983

984

985

986

987

988

A Flexible FPGA-based Butterfly Engine for Accelerating Signal Processing and Machine Learning 19

4 8 16 32 64 128
0

2k

4k

Number of Switching Ports (2𝑃𝑏𝑢 )
LU

T
Ut
ili
sa
tio

n FCS (BE-base)
PRS (FlexBE)

Fig. 9. Comparison of LUTs required for 1-bit switching with different numbers of ports.

5.3 Micro-architectural Evaluation

This subsection conducts microarchitecture analysis of the components that differentiate FlexBE from BE-bases.
Our analysis focuses on the data-switching and addressing logic, which represent the dominant contributions in
computation engines. Unlike the BUs and RAM arrays, which rely predominantly on DSPs and BRAMs, respectively,
this evaluation concentrates exclusively on LUTs resource consumption. All reported results are derived from Vivado
post-implementation reports.

5.3.1 PRS vs. FCS. Figure 9 provides a comparative analysis of the LUT utilisation between the baseline FCS and the
proposed PRS. The PRS consistently demonstrates superior resource efficiency, consuming significantly fewer LUTs.
Notably, this advantage becomes increasingly pronounced as the number of switching ports scales up. This reduction
significantly alleviates overall resource pressure, preserving LUTs for other critical logic functions. Moreover, the PRS
architecture offers lower logic depth than the FCS. This characteristic minimises propagation delay and facilitates
timing closure on paths that are typically critical.

5.3.2 Comparison of BE Management Logic. The data switch requires a dynamic index generation module to control
its routing configuration on a cycle-by-cycle basis [11]. BE-base accomplishes this using a resource-intensive, priority-
encoder-based reverse lookup mechanism. This approach exhaustively searches for the mapping from a value back to
its corresponding index within a large combinational block. Conversely, FlexBE eliminates this bottleneck. It leverages
Algorithm 1 to efficiently compute and generate the (𝑅𝑖 , 𝑆𝑖 ) index pairs for the PRS, resulting in significantly lighter
control logic. Figure 10 quantifies this improvement, comparing the precise resource utilisation (LUTs and FFs) of the
logic modules for both BE-base and FlexBE.

5.4 Evaluation on FABNet Workloads

For a direct comparison with BE-base on the same FABNet benchmark, we assess FlexBE using the Transformer-oriented
workloads introduced in [11]. To avoid the need for NN retraining, we target the same VCU128 platform, fp16 arithmetic,
and an operating frequency of 200 MHz. For this implementation, we replace the BE-base core and its associated control
logic with FlexBE and the corresponding control logic. Furthermore, we follow the identical methodology to estimate
latency3.

According to the reports in [11], the original BE-base implementation on the VCU128 is configured with 𝑃𝑏𝑒 × 𝑃𝑏𝑢 =

120 × 4 = 480 total BUs. As detailed in Table 9, it is bottlenecked primarily by logic and routing resources rather than
3Latencies are estimated using the publicly released performance simulator from BE-base: https://github.com/os-hxfan/Butterfly_Acc/tree/master/
hardware/npu_design/simulator
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Fig. 10. Resource utilisation at the highest achievable frequency for the core management logic in BE-base-1, BE-base-2, and FlexBE.
LUTs and FFs are shown using the left and right y-axes, respectively.

Table 9. Resource utilisation and latency comparison on VCU128. Both implementations use the floating-point-16 Vivado IP core
and operate at 200MHz. Execution times for FABNet tasks are estimated using the publicly released performance model from [11],
assuming an efficiency factor of 0.85.

Category Metric BE-base FlexBE Speedup
(𝑃𝑏𝑢 = 4, 𝑃𝑏𝑒 = 120) (𝑃𝑏𝑢 = 8, 𝑃𝑏𝑒 = 76)

Utilisation

LUTs 79.3% 75.2% –
FFs 63.2% 44.0% –
BRAMs 48.5% 60.8% –
DSPs 31.9% 61.1% –

FABNet Latency (ms)

Base-128 2.69704 2.27689 1.185×
Base-256 3.87614 3.41534 1.135×
Base-512 6.23435 5.12301 1.217×
Base-1024 10.95078 9.10758 1.202×
Large-128 5.39407 4.55379 1.185×
Large-256 7.75228 6.83068 1.135×
Large-512 12.46871 10.24602 1.217×
Large-1024 21.90155 18.21515 1.202×

DSP capacity, with a spatial footprint occupying 99.95% of the available Configurable Logic Block (CLB) sites. In contrast,
the lower switching and control complexity of FlexBE enables a larger BU array placed on the same PL fabric. For this
comparison, FlexBE is scaled to 𝑃𝑏𝑒 × 𝑃𝑏𝑢 = 76 × 8 = 608 total BUs. The implemented design achieves a CLB occupancy
of 99.37%. The high CLB occupancy in both designs indicates that further increasing the number of BUs is challenging.

As shown in Table 9, FlexBE results in a 1.14× ∼ 1.22× speedup across the evaluated FABNet inferences. This
indicates that the benefit of FlexBE is not limited to the RFML case study. For broader NN workloads, such as FABNet,
which require high parallelism rather than long sequence processing, FlexBE permits a larger number of BUs to be
incorporated, yielding consistent computation-core speedups and showcasing the generality and scalability of the
proposed architectural enhancements.

5.5 Algorithm and Hardware Co-design

To achieve an optimal balance between hardware efficiency and algorithmic accuracy, we adopt a co-design approach
that jointly optimises the BSPNet model and its FPGA acceleration kernel. This subsection evaluates the BSPNet
implementations on ZCU104 using these three BEs. We first present their Vivado reports, and subsequently, we explore
Manuscript submitted to ACM
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Table 10. Reports for standalone BE arrays on ZCU104 (Data format fxp16)

Solutions LUTs FFs BRAM1† BRAM2‡ DSP 𝐹max

BE-base-1 61, 280 76, 480 320 224 640 210 MHz

BE-base-2 140, 953 74, 046 256 128 640 115 MHz

FlexBE 61, 574 72, 372 256 128 642 310 MHz

†Utilisation under cfg-1∼4. ‡Utilisation under cfg-5∼8. Unmarked metrics indicate consistent utilisation across all configurations.

Fig. 11. Latency–accuracy trade-offs for models with different configurations. The Pareto frontier is evaluated with models trained
on CSPB.ML.2022 and tested on both CSPB.ML.2022 and CSPB.ML.2018.

various BSPNet model configurations, estimate their latencies based on the timing reports, and analyse the accuracy-
latency trade-offs via a Pareto plot. This analysis demonstrates the flexibility and better performance of FlexBE, while
justifying our software-level configuration choices for hardware-aware optimisation.

Table 10 reports standalone BE-array results, excluding other BSPNet-level modules. Resource and 𝐹max values are
taken from routable implementations where the configuration fits the device; entries whose BRAM demand exceeds
device capacity are reported as synthesis-level capacity estimates. Different model configurations primarily impact the
BRAM overhead, as detailed in the table. Designs with cfg-1∼4 require larger buffering depths, resulting in higher
BRAM consumption compared to cfg-5∼8. The ZCU104 provides 312 BRAM blocks; hence, the 320-BRAM requirement
of BE-base-1 under cfg-1∼4 is not physically implementable on this device. The results also show that, with the same
number of BUs deployed on the PL, FlexBE consistently consumes comparable or fewer resources (LUTs, FFs, BRAM)
than its BE-base counterparts, while achieving a significantly higher 𝐹max. This efficiency stems from FlexBE’s enhanced
routability, which enables the flexible insertion of custom pipeline stages through additional registers within the BE
structure, reducing timing bottlenecks and improving overall hardware performance.

To identify the optimal trade-off between performance and accuracy, we conduct a DSE by evaluating different
BSPNet network configurations. These configurations (as summarised in Table 7) vary the key parameters listed in
Table 4. For this analysis, the models are trained on CSPB.ML.2022 dataset, and the average inference accuracy on both

Manuscript submitted to ACM



1093

1094

1095

1096

1097

1098

1099

1100

1101

1102

1103

1104

1105

1106

1107

1108

1109

1110

1111

1112

1113

1114

1115

1116

1117

1118

1119

1120

1121

1122

1123

1124

1125

1126

1127

1128

1129

1130

1131

1132

1133

1134

1135

1136

1137

1138

1139

1140

1141

1142

1143

1144

22 Liu et al.

CSPB.ML.2022 and CSPB.ML.2018 is used as the performance indicator for the Pareto plot. The application-level impact
of this co-design is illustrated in Figure 11, which plots the accuracy-latency trade-off for all eight software configurations
across the three hardware back-ends. Latency is calculated as the number of clock cycles required by BE operations
(Eq. (10)) divided by the core’s implemented 𝐹max from Table 10. The results clearly demonstrate that FlexBE-based
solutions dominate the Pareto frontier, offering superior accuracy–latency trade-offs compared to the baselines. This
underscores the flexibility of our proposed BE, which adapts efficiently to diverse model configurations while delivering
optimal hardware performance (e.g., lower resource usage and higher 𝐹max). On the software side, we strategically select
configurations that align with FlexBE’s strengths, such as using bit-reversal to improve accuracy without excessive
hardware overhead. Notably, cfg-4 (which omits bit-reversal) exhibits significant accuracy degradation, serving as an
ablation study that validates the dedicated bit-reversal module discussed in Section 3.3.

Based on the entire DSE, we selected the cfg-6 configuration as our system-level optimum, as it provides the
best trade-off between inference accuracy and low latency. As detailed in Table 8, the finalised cfg-6 model remains
competitive with the GPU-based CAP baseline in accuracy and generalisation, although individual scenarios exhibit
differences. This result demonstrates that the hardware-oriented model retains comparable average performance while
enabling efficient FPGA execution.

5.6 End-to-End Performance and Comparison

5.6.1 On-Board Implementation. Figure 12 illustrates the system-level datapath, incorporating the BSPNet-IP detailed
in Figure 7. We refer to the BSPNet configured with cfg-6 as BSP-Flex. Its computational core comprises four FlexBE
arrays (𝑃𝑏𝑒 = 4), each containing 16 BUs (𝑃𝑏𝑢 = 16). On the processing system (PS) side, a Jupyter Notebook within
the PYNQ framework [53] orchestrates the DMA engines to manage data transfers with the PL. To maximise input
bandwidth, I/Q signals are transferred to the accelerator using the maximum number of AXIS DMA engines that can
operate in parallel. As shown in Figure 6, the highlighted components are implemented on the PL. The accelerator
sequentially returns the output features from the eight branches, while the final processing steps are performed on the
PS. Given the minimal volume of return data, one single stream-to-memory-mapped (S2MM) DMA channel is sufficient
for the write-back path. Figure 13 shows the device and the final layouts. We applied physical constraints to avoid
the cross-die placement of the FlexBEs, thereby improving timing closure. Table 11 presents the post-implementation
resource utilisation of the fully integrated BSP-Flex system. It should be noted that the “BE Processor” entry in Table 11
encompasses not only the standalone FlexBE core detailed in Table 10, but also the auxiliary NN processing logic, such
as ReLU activations, shortcut additions, and max-pooling operations. This expanded reporting scope directly accounts
for the higher overheads observed in Table 11. Due to the integration of system-level peripherals and routing overheads,
the final global operating frequency is adjusted to 300 MHz, slightly lower than the standalone FlexBE peak of 310 MHz
reported in Table 10.

5.6.2 Comparison with CPUs and GPUs. Figure 14 presents the inference speedup of our ZCU104 design and the
RTX 3090, normalised to the Intel Core i9 CPU baseline. Here, the batch size refers to the number of samples sent
to the hardware platform per transaction. On the FPGA, latency is measured as the time difference between the
dma.sendchannel.transfer() and dma.recvchannel.transfer() calls 4. This measurement captures the end-to-
end round-trip latency, including all data-transfer path latency in Figure 12. For a fair comparison, the CPU and GPU

4https://github.com/mariodruiz/PYNQ_tutorials/blob/main/ila/notebooks/3.2.dma_working.ipynb
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AXIS

combiner

HP[0-3] HPC0

Fig. 12. Top-level block design of the system, showing the PS-PL integration. The coloured paths represent the high-latency data
transfers, which add overhead compared to the on-chip PL processing.

SD card

XCZU7EV

ZCU104
(a) Photograph of ZCU104.

Butterfly engines

BSPNet computation

Global buffer

AXIS subsystem

Weight RAM

Interconnect

(b) Implementation layout on XCZU7EV.

Fig. 13. Hardware and physical floorplan.

benchmarks are measured after an initial warm-up phase to exclude initialisation overheads. All reported values are
obtained by running each benchmark multiple times and reporting the average.

As shown in Figure 14, the ZCU104 implementation provides the largest relative advantage in the small-batch
regime. For a single input sample, BSP-Flex achieves a 4.92× speedup over the CPU baseline, whereas the RTX 3090
is 1.70×. As the batch size increases, BSP-Flex maintains a robust 4.05×–7.25× speedup over the CPU. However, the
GPU speedup increases more rapidly with batch size, reaching 8.26× at batch size 10 and thereby exceeding the FPGA
result. This trend is consistent with the throughput-oriented nature of GPU architectures. The RTX 3090 follows the
SIMT execution model and relies on massive thread-level parallelism to amortise kernel launch overhead and hide
memory-access latency [27]. Therefore, its efficiency improves substantially as the batch size grows. By contrast,
BSP-Flex is optimised for low-latency stream processing, and is therefore most advantageous for real-time inference
scenarios where single-sample or small-batch latency is the dominant design objective.
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Table 11. Hierarchical resource utilisation of the complete BSP-Flex design at 300MHz on ZCU104.

LUT LUTRAM FF BRAM URAM DSP

AXIS I/O Subsystem 12k (7.97%) 2k (17.08%) 24k (13.28%) 12.5 (4.66%) 0 0

BSPNet Top-level Control 15k (9.53%) 0 25k (13.59%) 0 0 0

Global Buffer 4k (2.64%) 0 4k (2.34%) 128 (47.67%) 0 0

Magnitude Computation 41k (26.66%) 0.8k (6.26%) 31k (16.86%) 0 0 96 (11.05%)

Weight RAM 1k (0.76%) 0 1k (0.61%) 0 64 (100.00%) 1 (0.12%)

BE Processor 80k (52.44%) 9k (76.65%) 98k (53.31%) 128 (47.67%) 0 772 (88.84%)

Total 152,553 12,278 183,826 268.5 64 869

Available 230,400 101,760 460,800 312 96 1,728

1 2 4 6 8 10
0

2

4

6

8

Batch Size

N
or
m
al
ise

d
Sp

ee
du

p

Core i9-9900KF RTX 3090 GPU BSP-Flex (on ZCU104)

Fig. 14. End-to-end inference speedup of the ZCU104 and RTX 3090, normalised to the Intel Core i9 CPU performance, across different
batch sizes.

(a) Inference throughput. (b) Energy efficiency.

Fig. 15. Comparison results. All solid lines are based on the real measured values. Dashed lines in (a) indicate the theoretical peak
throughput; in (b), it shows the tool-estimated power.

5.6.3 Comparison with other FPGA Designs. To evaluate the effectiveness of BSP-Flex, we compare its throughput
against a BSPNet implementation based on BE-base-1 (denoted as BSP-Base) and an existing SOTA Cyclo-AMC acceler-
ator [52]. Here, all designs utilise the CSPB.ML dataset family to establish a consistent baseline for comparison. The
Manuscript submitted to ACM
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results are presented in Figure 15a. Solid lines represent the measured on-board real throughput, which includes all
system-level overheads, such as AXIS I/O and PS-PL interactions. Dashed lines indicate the theoretical peak throughput
of the accelerators, estimated assuming infinite AXIS bandwidth.

As batch size increases, the latency overhead from PS-PL interactions is effectively amortised, allowing the measured
throughput to converge toward the theoretical peak. The key advantage of our architecture is highlighted in the
single-batch scenario, which is critical for low-latency applications. Here, our BSP-Flex solution achieves the highest
end-to-end throughput, outperforming all other tested FPGA implementations. It is worth noting the difference in
hardware platforms for this comparison. The Cyclo-AMC accelerator is implemented on an AMD Versal VEK280, a
modern and more powerful platform featuring AIE-ML (AI Engine-Machine Learning) that is significantly less resource-
constrained than our target ZCU104. Achieving superior single-batch throughput on older hardware highlights the
efficiency and lightweight nature of the FlexBE datapath. Our BSP-Flex architecture demonstrates superior applicability
and competitiveness by balancing high-performance, low-latency inference with the robust, general-purpose feature
handling of the butterfly computation model.

5.6.4 Energy Efficiency. We further evaluate energy efficiency in terms of samples per Joule (samples/J), computed as
throughput divided by power. For the proposed BSP-Flex on the ZCU104, we report two sets of efficiency figures to
distinguish between theoretical estimates and board-level measured performance. The solid orange line in Figure 15b
reports the measured board-level efficiency obtained through the PYNQ framework’s DataRecorder, where the power
is recorded from the ZCU104 12 V input rail using rails[’12V’].power 5. This measurement reflects the board-level
input power and therefore includes not only the accelerator implemented in the PL, but also the PS, on-board memories
and interfaces, voltage-regulator losses, and other board-level components powered through the ZCU104 power tree.
The throughput is computed using the same methodology described earlier, and each configuration is executed multiple
times with the average value reported. The dashed orange line illustrates the projected efficiency obtained using
the AMD Vivado post-implementation total on-chip power estimate of 10.4 W. Unlike the 12 V rail measurement,
this estimate reflects the power consumed internally by the implemented device logic under Vivado’s activity and
power-model assumptions. It is used as a device-level projection of the accelerator’s energy-efficiency potential and
does not include board-level regulator losses or other off-chip components.

For the CPU baseline, power is measured using the PowerTOP utility during steady-state inference. For the GPU
baseline, power is measured using nvidia-smi, which reports the NVML device-level GPU power rather than full
host-system power. Finally, the energy efficiency of the Cyclo-AMC baseline is estimated using the AMD Power Design
Manager tool [1].

As shown in Figure 15b, BSP-Flex achieves substantially higher energy efficiency than the CPU and GPU baselines
across all batch sizes. In the single-batch case, the Vivado-based estimate yields 80.62 samples/J, exceeding the estimated
efficiency of Cyclo-AMC, which is approximately 55 samples/J. Under measured board-level power on the ZCU104, the
single-batch efficiency of BSP-Flex is around 63 samples/J, lower than the Vivado-based estimate because the 12 V
rail measurement includes non-accelerator board-level power components. As the batch size increases, the energy
efficiency scales effectively, reaching an on-board peak of over 160 samples/J. The Vivado-based estimate, which more
closely reflects the implemented FPGA on-chip power, highlights the accelerator’s potential, peaking at approximately
250 samples/J. These results demonstrate the suitability of BSP-Flex for power-sensitive edge applications and show
that the marginal accuracy trade-offs discussed in Section 5.5 lead to a competitive efficiency–accuracy operating point.

5Xilinx ZCU104 PMBus tutorial: https://github.com/Xilinx/PYNQ/blob/master/boards/ZCU104/notebooks/common/zcu104_pmbus.ipynb.
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6 Conclusion

In this work, we proposed a novel butterfly-based algorithmic scheduling strategy tailored for efficient FPGA acceleration.
By leveraging the specific properties of butterfly operations, we developed the BSP-Flex architecture, which significantly
optimises data-paths and resource utilisation. Furthermore, the co-designed BSPNet model is explicitly structured to
exploit the underlying hardware architecture, enabling the efficient deployment of hybrid tasks that combine CSP and
NN on FPGA platforms. Experimental results demonstrate that our solution outperforms existing SOTA implementations
on both general-purpose processors and advanced FPGA devices, achieving higher energy efficiency and lower hardware
overhead. More importantly, while AMC serves as a representative case study in this work, the proposed framework is
applicable well beyond this domain. For instance, the evaluation on standard FABNet workloads reveals that FlexBE
also delivers execution speedups and improved resource efficiency across broader NN inference tasks. Consequently, it
offers a scalable, viable solution for deploying signal processing and ML tasks on resource-constrained devices. Future
work will investigate advanced quantisation techniques, such as Learned Step Size Quantisation, to further reduce the
accuracy loss observed when moving from floating-point to 16-bit fixed-point arithmetic.
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