BumbleBee: A 3 mW Fused-Kernel Flash Attention
Edge Al Co-Processor in 18 nm FD-SOI CMOS

Joaquin A. Cornejo*%, Filipe Pouget*, Amelie Poullot*, Raphael Gras*, Dominique Bousquet*, Nicolas
Lebouleux*, Tarun Chawla*, Sebastien Marchal*, Sylvain Biard*, Christophe Jégoi, Camille Leroux®, Sylvain
Clerc *9, Tifenn Hirtzlint, Benoit Larras®, Andreia Cathelin* and Antoine Frappé§
* STMicroelectronics, Crolles, France
T Université Grenoble Alpes, CEA, LETI, Grenoble, France
i University of Bordeaux, Bordeaux INP, IMS Lab, UMR CNRS 5218, France
§ Univ. Lille, CNRS, Centrale Lille, JUNIA, Univ. Polytechnique Hauts-de-France, UMR 8520 - IEMN, Lille, France
9 Université Grenoble Alpes, CEA, LIST, Grenoble, France

Abstract—The attention mechanism is the core operation in
Transformer models but remains difficult to deploy at the edge
due to high memory access and data movement requirements.
This work presents BumbleBee, an 18 nm FD-SOI CMOS co-
processor implementing the Flash Attention mechanism for the
first time. It achieves 3mW power consumption and reduces
bus transfers by 5 through a fully dataflow-driven architecture.
Beyond energy efficiency, this dataflow also reduces latency by
minimizing memory stalls, enabling fast token-level processing.
The architecture integrates a dedicated attention head combining
an addressable MAC array together with systolic arrays, and
leverages binarized representations to further reduce computa-
tional cost. It achieves 20 and 248 mJ/inference for BERT-Mini
and DETR workloads, respectively.

Index Terms—Co-processor, Transformers, RISC-V, Systolic
Array, Addressable MAC Array, Flash Attention, Mixed-
Precision

I. INTRODUCTION

Transformer-based neural networks, which rely on the
scaled dot-product Attention Mechanism (AM) [1], have
demonstrated strong performance across various tasks [2]. At
scale, these architectures—commonly referred to as Large
Language Models (LLMs)—have been deployed on cloud
infrastructure due to their substantial computational demands.
The growing interest in edge Al has motivated research into
efficient on-device inference [3]. However, edge deployment
imposes stringent constraints on performance, power, and area,
and many works have focused on addressing these constraints,
notably through quantization [4], [5].

Deploying these models at the edge is particularly chal-
lenging. First, it involves O(N?) computation and memory
access, where N is the sequence length. Second, the SoftMax
introduces a dependency on full row completion, creating a
bottleneck that limits parallelism. The Flash Attention Mech-
anism (FAM) proposed in [6] addresses these limitations by
introducing tiling, as shown in Fig. la, enabled by partial
maximum and sum normalization. However, unlike conven-
tional tiling approaches used in convolution or linear layers,
this mechanism alternates short matrix multiplications with
partial SoftMax computations. This execution pattern reduces
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Fig. 1: (a) Flash Attention Mechanism where In is input matrix, W weight
matrices; @, K and V are Query, Key and Value matrices respectively; S
is SoftMax output and A is output Attention matrix [6]. AM is divided
through sequence length N in B blocks, processing submatrices of N5 length.
(b) 18 nm FD-SOI CMOS BumbleRISC SoC chip micrograph, highlighting
AsteRISC RISC-V CPU, 1,024kB SRAM memory and BumbleBee FAM
accelerator. (c) SoC architecture diagram.

the efficiency of conventional Systolic Arrays (SA) matrix
multiplication accelerators, which are optimized for long,

942



contiguous operations.

This work presents BumbleRISC SoC, implemented in
18 nm FD-SOI CMOS technology, shown in Fig. 1b. The SoC
architecture, depicted in Fig. Ic, is composed of a custom
RISC-V CPU (AsteRISC), a 1,024 kB SRAM memory and a
FAM Fused-kernel accelerator (BumbleBee), communicating
through a crossbar and an APB bus. The SoC peripherals and
interfaces are similar to [7].

The SoC architecture includes the following contributions:
1) a Flash Attention mechanism that uses customized number
formats for each computation stage to maintain accuracy, while
saving computational energy; 2) an Addressable MAC Array
(AMA), proposed as an alternative to conventional systolic
MAC arrays to mitigate the latency introduced by the Flash
Attention mechanism; 3) an optimized dataflow together with
a synthesized, shared direct-memory access scheme to reduce
the memory access overhead of Transformer models.

II. CPU AND CO-PROCESSOR CO-OPTIMIZATION
A. Dataflow

As illustrated in Fig.2a, a general purpose vanilla attention
dataflow, featuring distinct matrix multiplication and non-
linear units, is inherently limited by bus transfers. The FAM
transforms the global SoftMax into partial SoftMax operations
and enables a fused-kernel scheme to perform the multiple
successive computations without intermediate memory access,
as shown in Fig. 2b, allowing for a reduction of bus transfers
by 5. Beside fused kernels, this work leverages RISC-V/FAM
co-integration to tailor specific direct address mapping to
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Fig. 2: Attention Mechanism dataflow for three different cases: (a) Vanilla
attention dataflow in general purpose hardware with CPU control doing Fetch
(F) and Read (R) instructions for bus transfer of different inputs/outputs,
distinct compute units for matrix multiplication in red and global SoftMax
(S) in purple; (b) fused kernel Flash attention dataflow, with single compute
unit doing matrix multiplication and partial SoftMax, reducing bus transfers.
(c) proposed implementation with fused kernel computing Q,K,V in parallel
and using DM for frequently accessed data I/A.
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Fig. 3: BumbleBee architecture showing APB bridge accessed through CPU
AXI to load weights, inputs written directly through direct mapping. Inputs
and weights are accessible through the latch register bank; Q,K,V blocks
compute in parallel, Q-K” Systolic Array, SoftMax block, and S-V and
SV-W 4 Addressable MAC arrays blocks in FP representation.

further divide by 2 the latency of frequently accessed data,
such as the input tokens I and output activations A. Fig.2c
shows the gain in latency using the combinations of flash
attention, fused kernels and direct mapping techniques.

B. Flash Attention Accelerator BumbleBee

BumbleBee is adapted for models with embedding dimen-
sion of 256 such as BERT-Mini [8] for natural language
processing or DETR [9] for object detection. It is a FAM
accelerator, operating on tiles of size 4 x 256 without limitation
on global input sequence length. The data-path diagram is
shown in Fig. 3.

Number formats are customized for each operation to re-
duce computational cost. Reference [10] proved that the Lin-
ear/BitLinear layers (referred as LBL in Fig. 3) can withstand
strong quantization. Here, the first linear layer is binarized
to allow BIN x INTS8 computations. This allows the parallel
computation of Query @, Key K, and Value V linear layers
within a single clock cycle at an acceptable hardware cost.

On the contrary, subsequent Q- K7, SoftMax (S), S- V, and
SV - Wa layers require Floating-Point (FP) representation to
maintain acceptable model accuracy. A custom 14-bit floating-
point (FP14) format is used for these layers. This is derived
from a study in [11], with 2 extra bits added to prevent
underflow/overflow. For both models, the accelerator achieves
an average 2% quantization error relative to the FP32 model
in PyTorch.

Systolic Arrays, as specified in Fig. 4a, reach high utilization
performing contiguous matrix multiplications. For K square
matrix multiplication of 7" x T, a SA requires approximately
(K + 2) x T cycles to complete, as shown in Fig.5a. How-
ever, Flash Attention alternates short matrix multiplications
with frequent SoftMax computations, making systolic arrays
inefficient, as depicted in Fig. 5b. To reduce SA latency in the
context of FAM, we introduce the Addressable MAC Array in
Fig. 4b. Instead of relying on systolic propagation, AMA loads
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Fig. 4: Comparison between the Systolic Array (SA) and the Addressable
MAC Array (AMA) Matrix Multiplication operators. (a) in SA, systolic
propagation relies on registers receiving inputs and passing them to right and
down neighboring cells; (b) AMA feeds values directly to each cell, reducing
latency of operation.
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Fig. 5: Comparison between (a) Vanilla Attention dataflow using SA, (b) FAM
dataflow using SA, and (c) AMA operators for matrix multiplication.

inputs directly to each individual cell. Thus, AMA structure
eliminates the need of propagation registers, but requires the
line and column drivers to handle higher loads. This drawback
is mitigated during the physical synthesis process, able to
optimize the netlist for the increased capacitive loads. As
illustrated in Fig. 5S¢, AMA reduces short matrix multiplication
latency by 3, in the case of a single matrix computed between
each partial SoftMax.

C. RISC-V CPU AsteRISC

A configurable RISC-V processor core adapted from [12] is
used in this work. It handles data transfer, data orchestration
and format conversion to INTS8 inputs and BIN weights from
32-bit vector words.

Fig. 6: Test setup and PCB test board with the socket for the BumBleRISC
(BBR) chip highlighted in yellow.

The core interfaces with the BumbleBee via a synthesized
2x9kB Latch Register Bank (LRB) composed of level sensi-
tive latches with write hazard controlled via integrated clock
gating scheme. Two LRBs are implemented. The first one
supports sequential data fill, while the data is transferred to
the second instance within a single cycle. Inspired by [13],
the second LRB enables parallel weight and input access at
any cycle of the computation stage, as opposed to SRAM
macro sequential cycle-by-cycle access. The first LRB can be
accessed through an APB bridge, or through Direct Memory
(DM) mapping, which is implemented by redesigning the
address decode block of the CPU. Since it degrades density
and enlarges the decoding stage logic, it is limited in capacity
and is specifically intended for frequently accessed input I and
output A data. DM halves the data movement latency between
the processor and the accelerator.

III. SILICON MEASUREMENTS

The BumbleRISC (BBR) chip was implemented in 18 nm
FD-SOI CMOS technology. It supports clock frequencies up
to 200 MHz at a 0.6 V supply voltage. The total die area of the
chip is 5.3 mm?, and includes an on-chip SRAM of 1,024 kB.

Fig. 6 shows the test setup and PCB, highlighting the BBR
SoC. Data, supply voltages, control signals, and measurements
are provided by a PC and interfaced to the PCB.

Twenty-four packaged dies were tested, each characterized
to determine its minimum operating voltage. Fig. 7a presents
an histogram of the minimum operating voltages, which are
centered around 0.6 V. Reported power and energy values
are averaged across the full die population and measured at
100MHz using an on-board ADC. Fig.7b shows the mean
power consumption and corresponding standard deviation for
each stage of the FAM dataflow, including External Memory
Access.

Measurements results are compared with other embedded
Transformer accelerator works in Tablel. References [14],
[15], and [16] heavily rely on sparsity to demonstrate high
energy efficiency. Alternatively, [17] exploits quantization and
dynamic number representation for the same objective. The
architecture in [16] uses a compute-in-memory scheme to
achieve significant processing speed at the cost of power
and energy consumption. Reference [14] explores a similar
quantization scheme as in our work. However, their solution
is specifically tailored for a unique Llama model.
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TABLE I: Benchmark Table.

This work SIimLLAMA [14] BROCA [17] MEGA .mini [15] D3TA [16]
Technology (nm) 18 FD-SOI CMOS 28 28 28 28
Applications/ Models NLP/Object Detection | NLP/Llama Model | Text - Speech processing NLP NLP
Arch. Features Flash Attention Core Sparse-Quant. Quant. Op. Sparse-Dense Op. | CIM Sparse-Quant.
Supply voltage (V) 0.6 0.58-1.0 0.7-1.1 0.57-0.9 0.65-1.1
Frequency (MHz) 100-200 25-200 50-200 10-250 25-400
Die Area (mm?) 53 20.25 20.25 12.96 18.63
On-Chip Memory (kB) 1,024 500 834 4,146 340
Precision INTS8/INT1 (/W) INTI-16 (W) INTS (W) FXP4-8-12-16(W) INT16-4
FP14 (A) INT4-8-16 (A) INTS-2 (I) FXP8-FP12 (I)
. . None 52.2% - 87.5% None N/A 70%(W) 90%(A)
Sparsity Assumption
50%(0)
Power (mW) 32 4.89-82.05 52.4-559.2 153 399- 3,787.8
Energy Eff.> (TOPS/W) 85.2% 153.6 29-313 13.1 ¢ 4.1-38.9
20.5* (BERT-Mini) 28.3 (1bit) 63.85 4 (GPT-2) - 389.6 (Bert Base)
Energy (mJ/Inf.) 248.322 (DETR) 42.3 (1.58bit) 1316.9 (Bert Large)
232.1(8bit)

a) Averaged values across 24 dies. b) Normalized to INTS8. c¢) Normalization not possible due to dynamic precision FPX representation used.

d) Averaged from reported values.
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Fig. 7: Silicon measurements: (a) min Vpp histogram, and (b) average and
standard deviation power consumption for FAM calculation steps and average
total on 24 tested die population.

With only 20 and 248 mJ per inference for BERT-Mini and
DETR, respectively, our work demonstrates exceptionally low
energy consumption per inference while remaining flexible
across mapped model types, requiring no assumption of data
sparsity and imposing no input-sequence-length limitation
thanks to Flash Attention.

IV. CONCLUSION

In this work, we introduce an 18 nm FD-SOI CMOS Edge
Al co-processor integrating a low-power RISC-V CPU with
a novel Fused-Kernel Flash Attention accelerator adapted to
compact Transformer models. To our knowledge, this repre-
sents the first fully implemented silicon realization of such
a Flash Attention core, achieving low power consumption at
3mW while enabling 20mJ and 248 mJ per inference for
BERT-Mini and DETR workloads, respectively. As a task-
agnostic implementation centered on the attention mechanism,
it supports Transformer models of arbitrary sequence lengths
and supports diverse applications, from natural language pro-
cessing (BERT-Mini feature extraction) to object detection
(DETR). This work paves the ways for fused-kernels archi-
tectures in Edge AI ASICs, enabling efficient, low-power
deployment of conventionally power-hungry systems.
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