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Abstract—Attention-based neural networks, like transform-
ers, have significantly improved automatic speech recognition
(ASR). Adding convolution operations to transformers results in
conformers, which enable better learning of local dependencies
and reduce word error rate. We introduce ConfASR, the first
conformer block accelerator designed for efficient ASR inference
on edge devices. Our system is optimized both in terms of
algorithms and hardware to support all transformer opera-
tions and additional features required for conformers, including
depthwise-separable convolution and learned positional encoding.
We propose a hardware-friendly normalization, shared scaling
factors for non-linear functions, and an efficient dataflow with a
shared MAC array that keeps all activations on chip.
Implemented in a 22 nm FDSOI technology, ConfASR operates at
250MHz with a power consumption of 359mW, and a die area of
1.19mm2. It performs over 900 times faster than necessary for
real-time streaming requirements. This makes the architecture
suitable not only for ASR but also for other transformer-based
applications. ConfASR reduces latency by over 4× and power
consumption by 16× during real-time use compared to previous
solutions, while supporting more functionality.

Index Terms—Automatic Speech Recognition, Transformer,
Attention, Convolution, ASIC, Edge Devices

I. INTRODUCTION

The transformer architecture [1] has revolutionized perfor-
mance across a range of natural language processing (NLP)
tasks, including automatic speech recognition (ASR) [2]–[4],
machine translation (MT) [5], and large language models
(LLMs) [6], [7]. Despite their success, transformers come
with substantial computational and energy demands during
inference. Since inference is performed repeatedly in real-
world deployments, its cumulative energy consumption can
eventually surpass that of training. For instance, ChatGPT’s
estimated energy usage in January 2023 exceeded 1500MWh,
surpassing even the energy consumed during its training [8].
This growing energy footprint raises environmental concerns
and highlights the urgency of developing more efficient hard-
ware solutions [9], [10].
Transformers are typically deployed on GPU-based cloud
computing platforms. However, this approach introduces ad-
ditional latency, increases overall energy consumption due
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to data movement and communication overhead, and raises
privacy and security concerns. While GPUs offer flexibility,
they are significantly less energy-efficient than specialized
ASICs [11]. This motivates the development of optimized
hardware accelerators to enable on-device execution, partic-
ularly for energy-constrained devices.
Previous works have developed hardware accelerators for
transformer networks, highlighting challenges like the com-
putational demand of the attention mechanism [12] and the
complexity of non-linear functions such as normalization and
softmax [13], [14]. However, most implementations target
isolated components rather than full transformer models. Other
FPGA-based solutions [15], [16] offer flexibility but lack the
energy efficiency and performance inherent in ASICs. Addi-
tionally, some approaches forego hardware sharing, leading to
increased area [14]. In ASR, the conformer - an extension of
the transformer - outperforms other end-to-end models [2], yet
optimized hardware support is missing.
To address this gap, we propose an algorithm-hardware co-
optimized ASIC accelerator for the conformer block. The main
contributions of this work are:

• We introduce ConfASR, the first accelerator capable of
executing all conformer block operations. It implements
an efficient dataflow with a single Multiply-Accumulate
(MAC) array that supports fully connected layers, point-
and depthwise convolution, multi-head self-attention, and
positional encoding.

• We apply a hardware-friendly mean absolute (MA) nor-
malization that uses only 50% of the input tensor,
avoiding the costly squared root computation of layer
normalization.

• We propose the use of shared scaling factors over all
conformer blocks for nonlinear functions like softmax,
and gated linear unit (GLU) which allows for the reuse
of look-up tables (LUTs).

• We implemented and evaluated the complete architecture
in a 22 nm FDSOI technology resulting in a power of
359mW at 250MHz, and an area of 1.19mm2. The
latency is reduced by 4× and for real-time use, the power
consumption is 16× lower compared to previous works.
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Fig. 1: Conformer block components: (a) Network architecture for a complete conformer block, using only the filled blocks
builds the standard transformer; (b) Multi-head self-attention module; (c) Feed-forward module; (d) Convolution module.

II. BACKGROUND

This work is based on the conformer network as introduced
by Gulati et al. [2]. We focus on the encoder, consisting of N
consecutive conformer blocks. The network architecture of one
conformer block is shown in Fig. 1a. It comprises all opera-
tions of a standard transformer block (filled in Fig. 1a [1]), and
further incorporates an additional feed-forward (FF) module
before the multi-head self-attention (MHSA) operation, and
a convolution (CONV) module between the MHSA and the
final FF module. All these modules employ residual connec-
tions, and the block ends with a final layer normalization.
Fig. 1b to 1d depict these sub-modules in detail. Each of these
modules begins with a layer normalization and ends with a
dropout operation. In the next sections, we denote the feature
dimension as d and the sequence length as s.

A. Multi-Head Self-Attention Module

The MHSA module with its attention operation is depicted
in Fig. 1b. After the layer normalization, the input is split
into h heads of dimension dh = d/h. In each head, these
inputs are processed by three separate fully connected layers
to produce query Q, key K, and value V . Multiplying QKT

yields an s × s matrix. Unlike to the standard transformer,
the conformer incorporates a learned positional encoding [17]
inside the MHSA module instead of sinusoidal encoding at
the encoder and decoder input. Positional encoding involves
multiplying QT with a pre-computed matrix of size s3. The
result is added to QKT. Finally, the values are scaled and
then passed to the softmax to compute the final attention
score. These scores serve as weights for multiplication with
the values V . The outputs of all heads are concatenated and
forwarded to a final fully connected layer.

B. Feed Forward Module

The FF module consists of two fully connected layers, as
shown in Fig. 1c. The first layer transforms input features from
dimension d to the intermediate feed-forward size dff, while
the second layer converts them back to size d.

C. Convolution Module

The CONV module, depicted in Fig. 1d, utilizes depthwise
separable convolutions. The initial pointwise convolution maps
the inputs to dimension 2d. A GLU [18] splits the input
into two matrices G1, G2 along the feature dimension. The
output is computed as the element-wise multiplication of these
matrices GLU(M) = G1

⊙
σ(G2), where σ(x) denotes the

sigmoid function. This feeds into the depthwise separable
operation comprising a 1D depthwise convolution, batch nor-
malization, activation function, and finally another pointwise
convolution.

III. ALGORITHM EXPLORATION

In this section, we investigate the impact of various al-
gorithmic modifications on the network accuracy to identify
an optimal configuration for the hardware implementation.
Our algorithmic exploration utilizes an open-source toolkit
featuring an ASR conformer implementation [19]. We started
with a standard floating-point network as our baseline.

TABLE I: Algorithmic exploration for hardware-friendly con-
former configurations.

dff Norm p (%) WER (dev-clean)
Baseline 2048 LN (w/ bias) 100 2.58%
C1-FP 512 LN (w/ bias) 100 2.95%
C2-FP 2048 MA (w/o bias) 100 2.65%
C3-FP 512 MA (w/o bias) 50 2.65%

C3-INT8 512 MA (w/o bias) 50 3.32%



Input Memory
32 kB

Activation Memory
32 kB

Bi
as

 &
 R

eq
.

Softmax

GLU

Buffer
5 kB

Residual

Top Control

Norm
Ctrl

Mem
Ctrl

MAC
Ctrl

GLU
Ctrl

...

Norm

Input Control

b,f,s

w

64x8bit

a

γ

out

ex
LUT

max
-

in (sconst)

10 bit

( )-1

Buffer

Bit select

out

Acc

( )-1

γ

Abs

<< Sm
a

<< S
norm

norm

>> Scut

+/-

Acc

B A

dw_convin_ain_b pos_enc

out

8 bit

σ(x)
LUT

in
 (s

co
ns
t)

Bit select

out

Buffer

MAC Array
64x64

m
ean

Acc

(a) (b) (c)

(d)

(e)

Fig. 2: Hardware Architectures: (a) System-level architecture of the design with all modules; (b) Normalization module; (c)
Single processing element of the MAC array; (d) Softmax module; (e) Gated linear unit (GLU) module.

For the input feature extraction, we compute Mel coefficients
with a frame stride of 10ms, followed by 6× convolutional
sub-sampling. At the output, we use an autoregressive decoder.
The encoder comprises N = 12 conformer blocks and ReLU
as an activation. The exploration is based on the LibriSpeech
dataset [20]. With this baseline setup, we achieve a word error
rate (WER) of 2.58%, as detailed in Table I.
Common values for the feature dimension d are 144, 256,
or 512, with dff = 4d [2]. For our baseline implementation
with d = 512, this leads to a large dimension of dff = 2048.
To reduce memory requirements, we trained the network with
dff = 512. As shown in Table I, reducing dff from 2048 to
512 increases WER slightly to 2.95% (Conformer C1-FP).
Computing square roots for layer normalization in integer-
quantized networks presents significant challenges for efficient
hardware implementations [14], [15]. We replaced the layer
normalization in the conformer with a MA normalization. As a
further optimization, we utilize only the first p = 50% of input
tensors for the mean computation and omit the bias in the final
linear mapping. As shown in Table I, conformer architecture
C2-FP substitutes the default normalization with a floating-
point MA norm without bias, resulting in a slight WER
increase to 2.65% compared to the baseline. Adjusting dff to
512 and using only half of the inputs for mean computation
maintains the WER, as shown with architecture C3-FP.
Further exploration involved post-training quantization for an
integer-only design [21]. Matrix-matrix multiplications were
performed using INT8 format, biases were quantized to align
with the scaling factors. Retaining nonlinear functions in
floating-point form resulted in a WER of 3.32% (C3-INT8).
This C3-INT8 network is utilized as the baseline for subse-
quent hardware implementations.

IV. HARDWARE IMPLEMENTATION

The system-level architecture is shown in Fig. 2a. It can
either execute individual modules, transformer, or conformer
block operations. We use three register files depicted in gray
to store activations, the input and activation memory, and a
buffer. For the hardware implementation, we use a sequence
length of s = 64. Aligning s with s = dh facilitates hardware-
friendly tiling and maximizes MAC array utilization. Consid-
ering the feature extraction, this supports an input length of
approximately 3.8 s, consistent with streaming ASR methods
using chunked attention [22].

a) Memories: The input and activation memories consist
of s register files with 1R/1W macros, each containing d
memory words. Two distinct read/write access patterns are
employed. The first pattern is shown in Fig. 3 where each
shade indicates the simultaneous access in one cycle. Each
row corresponds to a dedicated register file, allowing parallel
reading and writing of s words. The second pattern is similar
but incorporates tiling into h sections along dimension d.

b) Normalization: The integer MA module is depicted
in Fig. 2b. It comprises the MA computation (top) followed
by the normalization (bottom) involving a division and the
multiplication by γ. Normalization cancels out pre-existing

d

s

...

...

Fig. 3: Memory access scheme.
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Fig. 4: Default output-stationary dataflow for matrix-matrix
multiplications (left), flow for 1D depthwise convolution
(right), the numbers indicate indices in the 2D arrays.

quantization scaling factors. However, intermediate results are
requantized using scaling factors that are integer powers of 2
resulting in shift operations as shown in Fig. 2b. Extensive
exploration atop the C3-INT8 network (Table I) determined
the shift values S as Sma = 2, Snorm = 7, and Scut = 8,
achieving a WER of 4.18% for dev-clean.

c) MAC Array: The MAC array comprises 64 × 64
processing elements (PEs). Each PE has several inputs as
depicted in Fig. 2c. An output stationary design is used, with
the output data stored in the accumulator (Acc). This requires
the design to load every weight only once. Additionally,
the output stationary flow allows us to exploit a transposing
characteristic when feeding back the output of the MAC array
to its input at the top (see Section V). The gray modules
are clock-gated registers. Each of the two input operators
for the multiplication, A and B, have two possible inputs,
depending on the operation mode. For the linear layers that
require a standard matrix-matrix multiplication, input activa-
tions are applied to in a, weights to in b. The alternative
inputs are dw conv used to support depthwise convolution
and pos enc for the positional encoding. For the standard
matrix multiplication, data is applied starting from the top-left
PE, propagating through the array to the bottom right corner
as shown in Fig. 4 (left). After 64 cycles, 64 INT8 words of
activations and weights each are applied in every cycle. A and
B are forwarded each cycle to the right and the bottom PE. For
the depthwise convolution, the input activations of each row i
from the left are broadcasted to all PEs of column i (Fig. 4,
right). The weights are propagated by one PE each cycle.
For the positional encoding, each row of QT is multiplied with
its individual s×s matrix. For this, the rows of the MAC array
are enabled consecutively while the weights are directly being
applied to this active row.

d) Softmax: Implementing a hardware-friendly solution
for the softmax function, including its exponential component,
was crucial. Typically, each of the 12 conformer blocks in
the network has a unique scaling factor associated with the
inputs to the softmax, presenting challenges for integer-based
implementations tailored to each block. Post-training network
exploration demonstrated that employing a shared scaling fac-

tor (qconst) across all conformer blocks is feasible, facilitating
the use of a single shared integer LUT. Moreover, previous
methods involved identifying and subtracting the maximum
input value to confine exponential outputs within (0, 1] [13],
[15], necessitating double reading of activations. The adoption
of a constant scaling factor offers an additional advantage by
allowing the use of a fixed maximum value.
Exploring various configurations resulted in a WER of 3.48%
for C3-INT8 (Table I), with max = 32. The LUT is designed
to output 10 bit words. A shared buffer stores these values
during accumulation and retrieves them for final division. Out-
puts are rounded, truncated, and clipped, effectively producing
a fixed-point representation (Bit selection). The resulting hard-
ware module is depicted in Fig. 2d.

e) GLU: The GLU function is implemented similarly to
the softmax, utilizing an 8 bit LUT with a shared scaling factor
across all blocks. The architecture is depicted in Fig. 2e. Given
that the input to the GLU is s× 2d, managing access patterns
is essential to minimize memory usage. Thus, tiling is applied
to output matrices as 64×64 blocks in an alternating fashion.
We re-use the buffer to store tile t. Then, the corresponding
second tile t+h is computed for the sigmoid function. These
values are combined with previously stored ones and then
forwarded to be stored in tile t within the activation memory.
This approach achieves a WER of 3.75% for C3-INT8.

f) Bias & Requantization: The requantization module is
inspired by SwiftTron [14], featuring multiplication followed
by bit selection. We enhanced this module by incorporating an
initial addition to accommodate bias and rounding to the near-
est value during requantization. Additional linear operations,
such as batch normalization in the convolution module [23],
can also be merged into this module.

V. DATAFLOW

The architecture, along with its control logic, provides high
versatility. A hierarchical structure of finite-state machines
is controlled by instruction words at the input, allowing
flexibility in processing order and enabling operations to be
skipped. This adaptability allows the accelerator to support
various networks beyond the specified conformer. In Fig. 5,
the timing diagram for an entire conformer block operation is
presented with s = 64, d = dff = 512, and h = 8. The design
can be equivalently scaled to other dimensions by adapting
the MAC array and memory sizes as all the key operations
stay the same. The design ensures that the weights for fully
connected, convolution and attention operations only need to
be accessed once per inference.

a) Feed Forward Module: The first fully connected layer
multiplies input A ∈ Rs×d by weight matrix W ∈ Rd×dff .
Here, W is divided into h tiles Wi ∈ Rd×dh , i ∈ {1, ..., h},
producing output Oi ∈ Rs×dh . After requantization and
activation, these tiles are stored in the activation memory.
The second fully connected layer is computed similarly but
passes its output through a residual connection back to the
input memory.
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b) Multi-Head Self-Attention Module: In the MHSA
module, heads are processed sequentially. Fully connected
layers for Q, K, and V follow similar procedures as above,
however, tiling is not necessary as the split into heads achieves
equivalent effects on the dimensions. For each head i, the
computed matrix Qi is stored in the buffer. Positional en-
coding computation follows Section IV, storing results in the
activation memory’s i-th tile. Upon completing computation
of Ki, we exploit the transposing characteristic of the output-
stationary array when feeding back its output directly to its
top input. Ki is fed back in such a way while Qi is read from
the buffer and applied to the left input of the array, computing
QiK

T
i . Outputs are combined with the previously calculated

positional encodings using the adder in the requantization
module. The results are forwarded to the softmax module
while the MAC array already computes V T

i using the nor-
malization outputs from the top input and transposed weight
matrices from left. The softmax outputs - the attention scores
Ai - are delayed until Vi is computed and then multiplied with
Vi, yielding AiVi. Outputs are stored again in the activation
memory’s i-th tile. This process is repeated across all heads.
The outputs of the heads are concatenated and forwarded to
a final fully-connected layer. After the residual connection,
results are stored back in the input memory.

c) Convolution Module: The dataflow for the pointwise
convolutions is similar to that of fully connected layers, except
for the first pointwise convolution’s output dimension Rs×2d.
This output is directed to the GLU and requires a different
execution order for the tiles to match the previously described
GLU computation (Section IV). Once outputs are stored in the
activation memory, depthwise convolution follows, concluding
with the second pointwise convolution.

d) MA Computation: The MA computations indicated
by X in Fig. 5 refer to the complete execution of the MA
operation. After this initial computation, the mean is stored
in the clock-gated register and the outputs are recomputed
whenever required for the subsequent tiling steps. Data is read
from input memory and combined with the mean during this
process.

VI. RESULTS

The proposed architecture was designed in System Verilog
and implemented using 22 nm FDSOI technology. Synthesis
was performed with Genus, while place-and-route (P&R) was
executed using Innovus. Power consumption analysis was
conducted with Voltus. The layout can be seen in Fig. 6. The
design was simulated after P&R with 250MHz at 0.65V with
data from an ASR reference network.
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Fig. 6: Layout of ConfASR with input memory (top), buffer
(center), and activation memory (bottom).

The area breakdown (Fig. 7, left) reveals that the design
is dominated by the MAC array (51.9%) and memory units
(35.2%). The power (Fig. 7, right) shows a similar trend with
the MAC array contributing with 78% and the memories with
13.3% to the total power.
There have been various works on accelerators for attention-
based networks, mostly transformers without the conformer
extensions. Therefore, we first show a high level comparison
of existing accelerators for attention-based networks in Tab. II.
While designs that support normalization, feed forward, atten-
tion, and softmax operations provide the key functionalities for
standard transformers, the conformer also requires positional
encoding inside each block, depthwise convolution, and the
GLU function. ConfASR is the only accelerator to support all
the required operations while keeping power and normalized
area in a similar range due to the optimized modules and a high
degree of hardware sharing. We introduced hardware sharing
at several stages, including the use of a single MAC array,
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Fig. 7: Area (left), power (right) breakdown in percent.



TABLE II: Overview of accelerators for attention-based networks.

Design HPCA’20
[12]

SOCC’20
[15]

ISCA’21
[24]

ISSCC’21
[25]

ISSCC’22
[26]

VLSI’22
[27]

IJCNN’23
[14]

ISLPED’23
[13]

ISCAS’23
[16]

This
work

Name A3 - ELSA FlexASR - - SwiftTron ITA - ConfASR
Implementation Synthesis FPGA Layout Tapeout Tapeout Tapeout Synthesis Layout FPGA Layout
Tech. (nm) 40 16 40 16 28 5 65 22 16 22
#PEs 2x64 64x64 528 4x16x16 4x8x16 16x64 Various 16x64 32x64 64x64
Embeddings
(s× d)

320 × 64
(per head)

64× 512 512 × 64
(per head)

- - 384×1024 256×768,
224×224

64× 256 64× 512 64× 512

W/A Format FXP4.4 INT8 FXP6.3 FP8 INT12 INT4 INT8 INT8 INT8 INT8
Act. functions FXP4.4 FXP FP16 FP8 INT12 FXP INT32 INT8 INT8 INT8
Network MemN2N,

BERT
Transf. BERT LSTM +

Attention
(GPT-2) BERT-L. RoBERTa,

DeiT
I-BERT Transf.,

ResNet
Conformer

Task WikiMovies,
SQuAD

BLEU SQuAD,
RACE

LibriSpeech (LLM) SQuAD GLUE,
ImageNet

Image
Class.

ImageNet LibriSpeech

Operations
Normalization 3 3 3 3 3 3
Feed Forward 3 3 3 3 (3) (3) 3
Attention 3 3 3 3 3 3 3 3 3 3
Pos. Encoding 3
Softmax (3) 3 (3) 3 3 3 3 3 3 3
Depthw. Conv. 3 (Stan.) 3
GLU 3

Freq. [MHz] 1000 200 1000 573 510 1760 143 500 200 250
Area [mm2] 2.08 - 2.15 8.84 6.82 0.153 273 0.407 - 1.19
Norm. Area 0.63 - 0.65 16.7 4.21 2.96 31.3 0.173 - 1.19
w/o memory 0.14 - 0.37 - - - 31.3 0.137 - 0.77
Voltage [V] - 0.85 - 0.8 1.1 0.67 - 0.80 0.85 0.65
Power [mW] 110 16700 1470 214 273 50.6 33640 121 16900 359

sharing the buffer between MAC array, softmax, and GLU,
and reusing the LUTs by exploiting shared scaling factors.
Compared to a fully-flat design like SwiftTron, the normalized
area with this hardware sharing is reduced by 26×.
For a better comparison, we further analyzed specific sub-
modules. To verify the benefits of the optimized normalization,
we implemented alternative integer realizations. The proposed
MA approach reduces the latency by 25% compared to an
implementation with bias and 100% for the mean. Compared
to an also common implementation with a root mean square
normalization with binary search for the square root, our
approach reduces area by 30% and energy by 37%.
Compared to the optimized softmax module in ITA [13], our
implementation with the constant maximum and the shared
memory reduces the area by 30% when normalized to the

TABLE III: Comparison with Other ASR Platforms.

FlexASR
[25]

Apple Wat.
S7 (Neural
Eng.) [28]

Nvidia
H100
[29]

CPUa,b ConfASRa

Technology 16nm 7nm 4nm 10nm 22nm
Dataset LibriSp. Custom LibriSp. LibriSp. LibriSp.
WER (%) 9.4 4.76 - 4.95 4.95
Laten. (s) 0.018 0.19 0.0146 9.33 0.00402
Power
(mW)

214 263 7 · 104
- 7 ·105

2890 359

RT factor 0.56 0.19 0.0183 2.46 0.00106
RT power
(mW)

120c 50c 1280 -
12800c

7100 3.16

a For 12 block encoder
b Reference implementation block- and headwise sequentially on a

single core of a Intel Xeon Gold 6326 CPU @2.90GHz, power
normalized by 64 cores

c Normalized with Real-Time (RT) factor

same number of parallel computations.
Looking at the impact of these modules on the total design,
we see that the optimized normalization and softmax occupy
only 2% and 3.1% compared to contributing with 25% and
17% to SwiftTron [14]. This efficiency is also reflected in the
power consumption (Fig. 7).
For an application-specific evaluation, we perform an ASR-
only system-level comparison in Tab. III with results for real-
time operation of ConfASR including all 12 conformer blocks.
ConfASR with its conformer specific architecture, shows a
competitive WER when combining all previously introduced
techniques, while decreasing latency. Compared to FlexASR,
latency can be reduced more than 4×, which leads to an
execution that is more than 900× faster than required for real-
time streaming operation. Power during real-time operation is
reduced about 16× compared to the Apple Watch S7.

VII. CONCLUSION

In this work, we presented ConfASR, an advanced con-
former accelerator capable of executing all operations within
a conformer block. We proposed a comprehensive dataflow
utilizing a single MAC array, featuring optimized normal-
ization, nonlinear functions with shared scaling factors, and
inherent transposing in the MAC array’s feedback path. This
architecture and dataflow are also applicable to other trans-
former networks. ConfASR was implemented and simulated
using 22 nm FDSOI technology. Our optimizations achieved
more than 4× reduction in latency compared to other ASIC
implementations while supporting more functionality. The
real-time power consumption is reduced by 16× compared
to previous works.
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