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Abstract

Computer vision workloads are increasingly deployed at the edge,
driving demand for efficient, reconfigurable accelerators that bal-
ance accuracy, performance, resource utilization, and power con-
sumption. While Convolutional Neural Networks (CNNs) and Vi-
sion Transformers (ViTs) dominate current vision pipelines, the
MLP-Mixer is a deviation by utilizing an all-MLP architecture while
achieving competitive accuracy. However, the alternating Token-
and Channel-mixing structure of MLP-Mixer introduces frequent
tensor transpositions, resulting in irregular memory access patterns
that pose significant challenges for efficient hardware implementa-
tion, particularly on resource-constrained edge platforms.
Field-Programmable Gate Arrays (FPGAs) are well-suited for
edge deployment due to their energy efficiency and runtime recon-
figurability, but their limited on-chip memory bandwidth and re-
sources make supporting high-throughput, transpose-heavy work-
loads non-trivial. In this work, we present HMix, the first dedicated
FPGA-based accelerator for quantized MLP-Mixer inference tar-
geting low-power edge applications. HMix introduces a systolic-
array-based dataflow co-designed with a novel "stall-free" transpose
mechanism that enables parallel access along orthogonal matrix
dimensions while minimizing memory bank conflicts. This design
maximizes on-chip arithmetic intensity, and alleviates the perfor-
mance penalties associated with off-chip DRAM accesses.
Additionally, our proposed dataflow reduces the on-chip mem-
ory footprint by 16% compared to naive implementations. Experi-
mental results demonstrate that HMix achieves at least 50% lower
resource utilization compared to previous FPGA-based ViT acceler-
ators, while consuming a fraction of the DSP resources and power.
These results establish HMix as an efficient solution for the deploy-
ment of MLP-based vision models on FPGA-based edge platforms.
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1 Introduction

Computer vision, a subfield of Artificial Intelligence, has gained
momentum in its practical applicability. Computer vision has estab-
lished an utilitarian role in facial recognition, object detection, im-
age reconstruction, and video motion analysis used in applications
such as healthcare, advanced driver assistance systems (ADAS),
quality control in manufacturing, and military surveillance [22, 35].
Another factor leading to the large-scale success of computer vi-
sion is the ability to deploy these models on resource-constrained
low-power FPGAs and embedded systems, which is essential for
real-time applications [8, 16].

The predominant state-of-the-art (SOTA) computer vision mod-
els are based on convolutions (Convolutional Neural Networks
(CNNs) [14, 24, 33]), and more recently, attention-based Vision
Transformers (ViTs) [9, 27, 37]. The CNN structure involves convo-
lutional layers with differing filter sizes and strides, and the feature
map’s spatial resolution typically reduces across successive layers.
Thus, any efficient hardware acceleration of CNNs requires a highly
configurable hardware architecture paired with complex dataflows,
as demonstrated in previous work [5, 6, 10, 20].

ViTs consist of alternating multi-head self-attention (MHSA) and
multi-layer perceptron (MLP) blocks, both primarily implemented
using general matrix multiplications (GEMMs). The MHSA exhibits
quadratic complexity with respect to the input sequence length
(number of image patches) and incurs significant memory traffic
due to attention score computation and softmax operations, making
it memory-bound despite being compute-intensive [11].

The MLP-Mixer [36], a recent computer vision model, aims to
address these bottlenecks. It maintains an isotropic architectural
design (the dimensions of the activation matrix remain the same
across all layers) with a series of alternating Token- and Channel-
mixing MLPs (TM and CM), using residual (skip) connections, Layer
Normalization (LN) [3] and Gaussian Error Linear Unit (GeLU) [15]
activation function (Figure 1).

The advantage that the MLP-Mixer brings to the table over CNNs
and ViTs is its much simpler architecture. The MLP-Mixer has an
isotropic design, where the dimensions of the feature and weight
matrices remain the same throughout [36], potentially supporting
a more straightforward hardware acceleration compared to CNNs.
In addition, the MLP-Mixer model was demonstrated to be signifi-
cantly more resilient to input perturbations compared to standard
CNN models [36], such as ResNet50 [14]. When stacked against the
ViT, the MLP-Mixer replaces the quadratic-complexity MHSA in
the ViT with a linear-complexity Token-mixing (TM) MLP, offering
a more scalable alternative to the ViT.
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Though the MLP-Mixer architecture offers the potential for effi-
cient hardware acceleration, there are certain considerations which
make such an effort non-trivial and challenging, especially for re-
source constrained edge devices. The TM MLP operates along the
patch dimension of the input (Figure 1), while the CM MLP op-
erates on the channel dimension, which effectively necessitates a
transpose of the entire input after each MLP due to the alternating
TM and CM structure. When feeding data to a parallel architecture,
such as a systolic array [17, 21], on an edge FPGA, this transpose
can result in stalls due to limitations in the number of ports of on-
chip block RAMs (BRAM) (two per BRAM block). Moreover, there is
a need for a highly power-efficient and lightweight implementation
of this transpose operation when targeting such edge devices.

Optimizing resource utilization, BRAM footprint, power con-
sumption, and maximizing the arithmetic intensity of data trans-
ferred from off-chip memory (DRAM) must be addressed jointly
with the chosen dataflow. Previous work on accelerating Vision
Transformers [18, 26, 28, 30, 34, 40, 41] is not optimized for inferenc-
ing MLP-Mixers in edge environments. These designs are resource-
and power-intensive or lack efficient mechanisms to support the
frequent tensor transpositions required by the Token- and Channel-
mixing operations in MLP-Mixer. This gap motivates HMix, a hard-
ware accelerator designed for efficient, quantized MLP-Mixer infer-
ence on resource-constrained edge platforms.

HMix utilizes the systolic-array architecture to achieve optimal
parallelism in the MLP layers, while providing power and resource
efficiency. To supply the necessary bandwidth of data for both
the TM and CM MLPs operating on orthogonal dimensions of the
activation matrix, we propose a "stall-free" transpose mechanism
co-designed with the data access flow, with very minimal hardware
and power overheads. Inspired by [4] and [30], we implement a
general matrix multiplication (GeMM) dataflow that enables a 16%
reduction in the BRAM footprint compared to a naive general matrix
multiplication (GeMM) for MLP layers. With quantized implemen-
tation playing a key role in efficient low-power implementation
on an FPGA, we provide an end-to-end quantized implementation,
including the non-linear operations (GeLU and Layer Normaliza-
tion). The results demonstrate that our design consumes a fraction
of DSPs and power, achieving at least a 50% reduction in resource
utilization compared to other ViT accelerators. We also show com-
petitive energy efficiency (fps/W). In summary, the following are
our contributions to this work:

o We propose HMix, the first dedicated MLP-Mixer accelerator
for efficient quantized inference on the edge.

e We implement an efficient dataflow for the MLP-Mixer that
minimizes hardware utilization and power consumption.

e We implement an efficient "stall-free" transpose unit to meet
the bandwidth requirements of the systolic array, catering
to the irregular data-access pattern of the MLP-Mixer.

e We provide a complete end-to-end quantized implementation
of MLP-Mixer, including non-linear GeLU activation and
Layer Normalization.

The remainder of the paper is organized as follows. Section 2
covers the background, and Section 3 presents the motivation for
our work. Section 4 decribes our data flow and hardware design.
Section 5 discusses the results, and Section 6 concludes the paper.
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2 Background
2.1 MLP-Mixer

Processing of images using machine learning models involves identi-
fying patterns (i) between different spatial locations and (ii) between
features at a particular spatial location. The MLP-Mixer achieves
this by using two types of MLPs: Token mixing (TM) and Channel
mixing (CM).

The overall architecture of one layer of the MLP-Mixer architec-
ture is described in Figure 1. The input image is first broken down
into patches, and several filters are applied to each patch to encode
the image into an activation table. This input table is then passed
to the mixer stage.

In this work, we primarily consider the B/16 MLP-Mixer, with
12 mixer layers. Both the Token and Channel mixing MLP are two
layered, with the output dimension equal to the input dimension,
thus ensuring an isotropic flow of the input dimensions. The Token-
mixing MLP (operating on the patch dimension) has a hidden-layer
dimension of 384, and the Channel-mixing MLP (operating on the
channel dimension) has a hidden-layer dimension of 3072. Both
MLPs involve a GeLU activation layer after the first layer.

Each MLP operation is preceded by a layer normalization of the
previous output. There is a residual connection at the output of
each MLP. The output after the final mixer layer is passed through
a classifier head, whose dimensions depend on the target dataset.
In this work, we use the Imagenet1k [32] dataset with 1000 classes.

2.2 Inter-layer GeMM Computation

Generally, most GeMM optimizations focus on the operations of
a single neural network layer. The work in [4] proposes an opti-
mization between the layers of a neural network, or an inter-layer
optimization, where the computed activation from the first layer
in the MLP is broadcast to compute partial sums of the following
layer. The advantage stated in [4] is that with sufficient hardware
support, the computation of the two layers can be pipelined. How-
ever, in this work, we have used this scheme to reduce the resource
utilization and on-chip BRAM footprint, as discussed in Section 4.1.
This method essentially overlaps the execution of the two layers of
the MLP, fitting the two layered MLP structure of the mixer.

2.3 Quantization

Quantization replaces single-precision floating-point GEMM oper-
ations with lower-precision integer arithmetic, reducing operand
bit-widths and intermediate storage [12, 13]. This increases arith-
metic intensity, improves compute throughput, and reduces mem-
ory bandwidth and power consumption, while typically preserving
model accuracy [19, 23, 25].

In this work, we use the symmetric quantization methodology,
which we elaborate. The objective is to use inputs and weights of
INTS8 precision for multiplications, while accumulating in INT32
precision. The symmetric representation of a real number Ris S X g,
where S represents another real number, called the scale factor,
and q being the quantized counterpart, is an integer quantity. Now,
consider two real numbers I = Sy-qr and W = Syy - qyy representing
the input and weight in a matrix multiplication. An output element
in the resultant matrix is given by the following equation:
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Figure 1: The architecture of one MLP-Mixer layer. The complete model involves the cascading of multiple layers, thus requiring

alternate Token Mixing and Channel Mixing operations.

Out(i, j) = 1 - Sw ), a1 k) - qur (k. J) (1)
k

At the end of this computation, the resultant is a 32 bit inte-
ger. This has to be reduced to INT8 precision before forwarding
it for next layer computation. This is done using the following
re-quantization method [19, 23]:
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Snet

@

This effectively converts the ratio of the scaling factors into a
multiplication by an integer b followed by a left-shift of ¢ units.

3 Prior Work & Motivation

There have been several attempts to build hardware accelerators
for ViT and its derivatives, and CNNs in the existing literature [5,
18, 26, 28-31, 34, 39-41]. Although these models are the SOTA in
terms of accuracy, the MLP-Mixer offers its own set of merits, as
highlighted in Section 1, while providing performance close to the
accuracy of the SOTA, especially as the size of the dataset used to
train the model increases [36]. Therefore, in this work, we provide
the first attempt at a dedicated hardware accelerator for MLP-Mixer.

The overall architecture of one mixer layer is highlighted in Fig-
ure 1. As discussed in Section 1, the operations involve an irregular
dataflow, with a transpose operation after each MLP. However, the
BRAMs of typical edge FPGAs (e.g. Ultrascale ZCU106[1]) can only
support this parallel read operation along one input-matrix dimen-
sion for a given data placement scheme due to port restrictions and
bank conflicts.

We considered mapping the MLP-Mixer onto prior ViT accel-
erators, and we observe that none of them could fully exploit the
Mixer’s structure for efficient computation and resource utilization,
nor support the data layout transpositions between the TM and
CM MLPs. The works [26, 28, 40] do not enable a mechanism to
regularly change the data layout without stalling the hardware
pipeline. Although the dataflow of [41] can be transpose friendly,
and the transpose unit in [18] is a possible solution, both these de-
signs consume much more power than desired for our target edge
setting. Although [30] is extremely power efficient and considers
the arithmetic intensity of the on-chip data, there is no mechanism
for high-bandwidth transpositions.

To address these limitations, we propose a transpose unit, co-
designed with the dataflow, that ensures the required bandwidth of
data is supplied to the compute unit every cycle without any stalls.

To target resource constrained edge devices, we propose a design
that significantly reduces power consumption and resource utiliza-
tion compared to other works. Moreover, our aim with this work
is to provide a complete end-to-end efficient quantized hardware
implementation of the MLP-Mixer, including the non-linear activa-
tions and operations. To achieve these goals, we have considered
optimizations on several fronts, maximizing the arithmetic intensity
of data transferred from off-chip, minimizing the BRAM footprint,
and minimizing the power and resource utilization through the
dataflow selection.

4 Design of HMix

In this section, we describe our proposed design in detail. Firstly, we
look at the design choices through which we arrive at our dataflow.
Following that, we describe the detailed architecture of our systolic
array, and the transpose mechanism using the staggered dataflow
pattern of a systolic array. Lastly, we describe the design of the
non-linear units (GeLU and Layer Normalization).

4.1 Dataflow Design

The HMix dataflow is designed to optimize the MLP-mixer on
several fronts by considering the typical hardware accelerator setup
of a CPU offloading the inference to an FPGA at the edge. Our
dataflow and design are motivated by analyzing the considerations
of the following:

(1) Arithmetic Intensity of model parameters and input image
transferred from the off-chip DRAM to the on-chip BRAM.

(2) Minimizing the on-chip BRAM footprint, which is key in the
deployment on memory-constrained edge devices.

(3) Minimizing LUT utilization, BRAM accesses, and DSP usage,
resulting in reduced power consumption.

(4) Ensuring sufficient bandwidth to feed the processing core
for both the input and its transpose, considering the TM and
CM MLPs, while preventing stalls.

(5) A simple and uniform dataflow across the design, in keeping
with the motivations of the model [36].

We gradually develop the design through each of the consid-
erations, while considering the three types of GeMM dataflows
described in Figure 2. These dataflows are chosen as representatives
for three different reuse patterns in GeMM computation, reusing a
weight column while sliding through all rows of the input matrix
to compute the output one column at a time Figure 2a, reusing
an input row by sliding across the weight columns Figure 2b, or a
balance between the input and weight reuse, accumulating partial
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Figure 2: GeMM dataflows for different data reuse patterns.

sums (psums) of the output matrix, increasing the accesses (for suc-
cessive accumulations) Figure 2c. We have also considered previous
work based on systolic arrays [18, 28, 34] and processing element
(PE) array [30, 39] for our analysis.

Initially, it is imperative to understand and estimate the memory
footprint of the model, which includes the input and model param-
eters. We consider variant B/16 of the MLP-mixer, which has a total
of 59 million parameters, and consider the Imagenet1k dataset [32].
Table 1 shows the memory requirement of the input, hidden activa-
tion, and the weights associated with an MLP operation. To ensure
item 5, we consider the same dataflow for both CM and TM MLPs.
From Table 1, it is evident that the CM operation (particularly the
weights) strains the on-chip memory BRAM resources on relatively
small-scale FPGAs, such as the Ultrascale ZCU106 [1] used in this
work, if the dataflow requirements are not carefully considered.
Therefore, we consider optimizing the CM MLP while choosing the
dataflow, by ensuring the tiled reuse for the weight matrix.

Table 1: Layerwise memory requirements for B/16 mixer.

Layer (Input image - 224 x 224 x 3) | KiloBytes (KB)
Size of input matrix 147
TM - Total weight size 147
TM - Hidden activation layer size 288
CM - Total weight size 4608
CM - Hidden activation layer size 588

Another observation in the MLP-mixer is that, similar to ViT, it
has an isotropic design (the size of the activation matrix remains
constant throughout the model) and the output of one TM/CM
MLP is the input to the successive CM/TM MLP. Moreover, the
input size is 147 kB, as shown in Table 1, which can easily be
accommodated on the on-chip BRAM. To maximize the arithmetic
intensity (item 1) and minimize the memory requirements for the
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weights, we choose to implement the scheme in [30], where one
tile of the weight matrix is transferred on-chip and is reused until
all its corresponding operations are complete. This results in the
reduction of reuse opportunities for inputs, which would not be an
issue as the entire input matrix is always on-chip.

Based on the discussion in the previous paragraph, we eliminate
the second dataflow (Figure 2b). Before choosing between the first
and third options (Figure 2a and Figure 2c), we highlight a key
constraint that arises when accumulating psums in a quantized
implementation.

Accumulation constraint: Section 2.3 talks about the symmet-
ric quantization, which we apply in our work. Since the dot products
involved in computing the GeMM are accumulated in 32 bits, they
require requantization, which involves multiplying by a scaling
factor and then performing a left shift, with these two parameters
being fixed offline. This procedure was described in Section 2.3.
The caveat is that this procedure will not work for dataflows that
partially accumulate the output matrix, as left-shifting a premature
psum (accumulated as 32 bits) would result in the loss of the value.
Therefore, they must be stored as 32-bit integers in memory. With
this constraint, the third dataflow (Figure 2c) would require more
than 2 MB to store the hidden layer for the CM MLP. Another con-
straint is that optimizations like [4] cannot be applied to psums of
the hidden layer, since a non-linear GeLU operation requires the
final accumulated value to be used. Therefore, we also eliminate the
third dataflow (Figure 2c) and adopt the first weight reuse scheme
(Figure 2a).

Next, we optimize item 2 by considering either a regular GeMM
layer computation (Figure 3a) or by employing the inter-layer
scheme described in [4] and Section 2.2 (Figure 3b), in keeping
with the dataflow in Figure 2a. We analyze the maximum BRAM
footprint required for each of these. The MLP-mixer involves a
residual connection between the output of each MLP and the out-
put from the preceding MLP (Figure 1). There is also a requirement
of computing the LayerNorm of the output of the preceding MLP,
which is then fed as input to the current MLP. When we consider
the regular GeMM with high weight reuse pattern, the maximum
BRAM footprint is equal to twice the input memory footprint added
that of the hidden layer as depicted in Figure 3a. However, if we
employ the optimization in [4], there is scope of a 17% reduction
in the BRAM footprint. Since the psum of the second layer of the
MLP is accumulated over multiple iterations, we can ensure the
psum of the first iteration is added directly to the output of the
previous MLP (Figure 3b). This would reduce the BRAM footprint
to that of the input plus the output of the MLP. The constraint
mentioned in the previously holds here for psum accumulation.
Therefore, the output psum cannot be requantized to INT8 until
the final accumulation.

Finally, we address item 3 and item 4. The number BRAM ac-
cesses and DSP utilization from item 3 can be optimized using a
Systolic-array-based compute unit. A systolic array is inherently
built for optimal data reuse, once the data is fetched from the BRAM.
Both the inputs and weights are fetched once from BRAM, but their
flow is orchestrated such that the fetched unit of data is used for
multiple computations. We address reducing the LUT consumption
in Section 4.2, by utilizing just one systolic array capable of comput-
ing both the Output and Input stationary schemes to handle both
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Figure 3: Two types of dataflows for GeMM.

MLP layers for our dataflow. Moreover, the staggered data access
pattern of the systolic array enabled us to introduce a "stall-free
transpose" unit with minimal resource overhead (Section 4.3), ad-
dressing item 4 concerns due to the repeated transpose operations.

In conclusion, we choose a systolic-array based architecture
employing the [4] dataflow. This translates to an Output Stationary
scheme for the first MLP layer, followed by an Input Stationary
scheme for the second MLP layer. Figure 4 describes the detailed
hardware architecture of HMix.

4.2 Systolic-Array Design

HMix uses a systolic array based architecture, to reduce the number
of BRAM accesses for fetching data, while also providing the neces-
sary parallelism for GeMM computation. As explained in Section 4.1,
HMix employs the methodology of [4], where the computed results
of the intermediate layer are forwarded for use in the computation
of the second layer of the two-layer MLP structure recurring in the
MLP-Mixer architecture (Figure 1).

For the first MLP layer, the results are computed using an output
stationary scheme [38], where the input tile consisting of a set
of rows in the input matrix and weight tile consisting of a set of
columns in the weight matrix is pumped in perpendicular directions
of a systolic array, orchestrated in a fashion where the correct set
of input and weight tuple for multiplication in GeMM meet at a
processing element in the same clock-cycle, and their product is
accumulated in an accumulator register.

The accumulated values of the first MLP layer should now be
forwarded for computations on the second MLP layer, through the
GeLU unit which we describe later in subsubsection 4.4.2. However,
since the number of accumulated values in a systolic array grows
as the square of the size of the systolic array, all these values (256
for a 16x16 systolic array of size 16) cannot be drained out at the
same time due to the constraints on the number of wires (256 X
32bits each) and the availability of GeLU units. Therefore, we use a
shifting operation between adjacent accumulators belonging to the
same row of the systolic array. This shifting mechanism follows the
"cyan" datapath in Figure 5, where the weight and input registers
are flushed with zero at the end of pumping the respective tile into
the systolic array.
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From Figure 4, the Systolic array feeds the GeLU block, which
consists of 16 individual GeLU units working in parallel. An obser-
vation we made was that this same shifting logic can actually be
used for computing the values of the next MLP layer. The output
of GeLU, through the re-quantization module, is fed in the same
systolic array through the input shifting scheme already used for
output stationary operation ("Red" in Figure 5). At the end of this,
the same systolic array can be used with the hidden layer now
occupying the input registers and the weights of the second layer
being pumped in, effectively using an input stationary dataflow.
The product of an input and weight is forwarded through the "cyan
connection to be added with the product of adjacent input and
weight, with the output of the last column of the systolic array
being the accumulated partial sum (psum) that will be stored in
memory (accumulated with the previous psum).

This enables us to use a single systolic array for the entire MLP
computation, resulting in resource and power efficiency, while also
adopting a dataflow which minimizes on-chip BRAM utilization.

4.3 Data Access and Transpose

In this section, we describe the data access scheme for handling
both the Token and Channel mixing MLP, co-designed with the
dataflow described in Section 4.1. This scheme is designed to handle
the irregular data access pattern in the MLP-Mixer, due to the
alternating Token and Channel Mixing (TM and CM) operations,
each computing on orthogonal dimensions of the input matrix,
while working with the constraint of the number of ports available
on BRAMs. The considerations for optimizing this operation are
(i) minimizing latency, to prevent stalls in the systolic array (ii)
minimizing overhead of buffers, required for re-ordering the input
from row major to column major (transpose) and (iii) minimizing
any overheads by the address generator in the controller (Figure 4),
due to reading different addresses from different BRAM banks for
re-ordering.

The scheme we develop is highlighted in Figure 6 for a simple
example of a 4 X 4 systolic array, for both the TM and CM MLPs. A
4% 4 systolic array requires 4 rows of input and 4 columns of weight
matrices to be pumped in, with 4 new inputs and 4 new weights
every cycle for complete utilization without stalls. We observe that
delaying the address by one cycle for each successive BRAM block
provides both the staggered data access ([38]) and the ability to use
just a single address from the address generator (AGU in Figure 4)
to meet the bandwidth requirements.

The "red" arrow depicts all the data items required to be pumped
in the same clock cycle. There are four BRAM blocks (B0, B1, B2,
and B3) each storing a row of the input matrix. The CM MLP takes
the input as rows, while the TM MLP takes the input as columns.

We can observe that the address used to read the data from the
first BRAM bank (B0) is the same address required to read data
from the adjacent BRAM bank (B1) the next cycle. This essentially
implies that just one address line can be used to read data for both
the CM and TM data access. Further, we can observe that for CM,
the order of data items read (B0, B1, B2 followed by B3) is the same
order required to be fed into the systolic array (Figure 6a). However,
for TM, the the data items must be re-ordered every cycle. This is
achieved through a Transpose Unit (TU in Figure 4) that shuffles the
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data read every cycle. This unit ensures the "stall-free" transpose
mechanism. We show this scheme in Table 2, where the input into
each row of the systolic matrix is in the format (BnAm/BpAq) before
and after the permutation respectively, where Bp and Bn represent
the output of one of the BRAM banks and Am and Aq represent
the address of the data element in that bank. The R’s in Table 2
represent the output of the Transpose Unit where Ri represents
position i in the output order. This scheme ensures all the three
initial considerations for the transpose unit — minimum latency
(single cycle buffering), minimum buffers (16 for a 16x16 systolic
array) and just one address line from the address generator. The
transpose unit will be disabled during the CM operation. Moreover,

since it can be coupled to the dataflow, the same unit can also
be used to write to the output BRAM (OBRAM) during the TM
operation seamlessly.

Table 2: Data permutation for TM for successive cycles.

Cycle R1 R2 R3 R4
Cycle 1 | (BOA0/BOAO) (—/-) (—=/-) (—=/-)
Cycle 2 | (BOA1/B1A0) | (B1AO/BOA1) (=/-) (—=/-)
Cycle 3 | (BOA2/B2A0) | (B1A1/BIAL) | (B2A0/BOA2) (—/-)
Cycle 4 | (BOA3/B3A0) | (B1A2/B2A1) | (B2A1/B1A2) | (B3A0/BOA3)
Cycle 5 (=) (B1A3/B3A1) | (B2A2/B2A2) | (B3A1/B1A3)
Cycle 6 (=) (=) (B2A3/B3A2) | (B3A2/B2A3)
Cycle 7 (—/-) (—/-) (—/-) (B3A3/B3A3)

The weight matrix is loaded in tile-wise, and does not involve any
transpose operations. For both the TM and CM, one set of columns
of the weight matrix is loaded in, and reused until all its correspond-
ing operations are completed. The fetching of the subsequent set
of the weight columns is overlapped with the computations.

4.4 Other components

4.4.1 Residual Connection. The MLP-Mixer, similar to ViT, has
a residual connection, in this case after each TM and CM MLP
(Figure 1). As described in Figure 3b, we accumulate the latest
psum from the systolic array into the memory where the output
of the previous MLP are stored, effectively achieving the residual
addition while also saving memory. However, there is a caveat that
the scaling factors for the quantized implementations are not the
same for the psum and previous layer output for direct addition.
Therefore, we scaled up the previous output to 32 bits before adding
them to the psum. Note that this is required only for the first set of
psums, and not for further accumulations.

The outputs of the systolic array are 32 bit psums, with PSUM =
Sin - Sw - p representing their symmetic-quantized format. S;, and
Sw are the scaling factors of the hidden activation after GeLU, and
the weight matrix, respectively, and p is the accumulated partial
sum in INT32. However, the output of the previous MLP layer can
be represented as Out = Soyt - 0, Where Soyt is the scaling factor
and o is the INT8 value.
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Algorithm 1 Quantized GELU

Input: gucc, Sacc : quantized input and scaling factor
Output: gery, Sger * quantized output and scaling factor

1: function I-POLY(q, S) >qS =x
b
2: qp < g
c
s g g
4: Sout — aSz
5: Gout < (q + qb)z +qc
6: return qous, Sour > GoutSour ~ a(x +b)? + ¢
7: end function

: function I-ERF(q, S) >qS=x
: a,b,c «— —0.2888, —1.769, 1

10: Gsgn» g < sgn(q), clip(|gl, max = —b/S)
11: qr, SL — I-POLY(q, S)

12: Gout> Sout < 9sgnqL, Sp

13: return qous, Sour

14: end function

15: function I-GELU(q, S)

16: Gerfs Serf — I-ERF(‘], S/\/E)

17: q1 < Ll/serfJ

18: Gouts Sout < CI(CIerf +q1), SSerf/2
19: return qour, Sour

20: end function

N-Ja-}

> GoutSour = erf(x)

>qS=x

> QOutSout ~ GELU(X)

21: qgetus Sgetu — IF-GELU(ace: Sace)

To tackle the addition of residual (skip) connection, we use re-
scaling in Equation 3. Since we are re-scaling from an 8 bit into a
32 bit value, we use the inverse procedure of what was described
in Section 2.3, since S, - Sw would be of a smaller magnitude than
Sout, We can effectively translate the operation into a multiplication
of o with a fixed-point scaling factor b, and then right-shifting by a
value c. This operation is performed by the SCALE unit in Figure 4.

Sout

Sin . SW
4.4.2 GelU. The Gaussian-error linear unit (GeLU) [15] is a non-
linear activation function that is applied on the activation of the first
layer in both the TM and CM MLP. With our aim to implement the
entire inference operation in the quantized domain, we adopt the
SOTA GeLU implementation from [23]. This entails a polynomial
approximation for the gaussian error function (erf) involved in the
GeLU computation. The entire algorithm for quantized computation
of GeLU activation is described in Algorithm 1. This operation is
handled by the GELU unit in Figure 4, which comprises of parallel
GeLU operations equal to the size of the systolic array.

Out =Sy - Sy - |

]+ 0=S8in-Sw-((b-0) <<¢) (3)

4.4.3 Layer-norm. The layer-norm [3] is involved before every
MLP operation in the MLP-Mixer (Figure 1). This normalization
operation is performed along the channel dimension of the input
matrix, irrespective of whether it is TM or CM. This operation poses
two major hurdles to the integer-only implementation theme. One is
the square root operation, and the other being the repeated divisions
involved. The overall formula for the layer-norm operation is:
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Let the input x be represented by the quantization parameters S
and g. Then, the quantized mean can be represented by the param-
eters % and <, g;. For the standard deviation, we expand the the
above formula into:

1 C S C C
S 2_c2l =2 2 _ 32
7=\c (in Cp ) =\ (chi (D) ) &)
i=1 i=1 i=1

The standard deviation can now be calculated in one pass of the
input row, where both the sum of squares and mean is calculated si-
multaneously. The computation for square root follows the method
proposed in [7] and adopted by [23]. Finally, the layer-norm of an
input is calculated as:

Cq- X1
\/ (czC ¢t - (2L, 0?)

To efficiently handle the division with minimal hardware, power

and latency overhead, we make use of the fact that the standard
deviation is constant across an entire row. Therefore, we calculate

)Z‘:

(6)

the scaled reciprocal of the standard deviation as (Z%:b) . The scaling
is later adjusted during requantization. The layer-normed values
are calculated through another pass across the input matrix row —
subtracting the mean and multiplying with the scaled reciprocal.

5 Evaluation and Results
5.1 MLP-Mixer Quantization

Here, we outline the challenges faced in the quantization of MLP-
Mixer B/16 model pre trained on Imagenet-1k [32]. We observe
that merely performing a post-training quantization resulted in a
significant accuracy drop on the Imagenet-1k validation dataset.
Therefore, we explored the method of quantization-aware fine tun-
ing, using the Imagenet-1k training dataset for the same. In the
forward pass, the same setup as the quantized inference is used.
However, this is not feasible during back-propagation as there is a
requirement for all the functions to be differentiable, which is not
the case for multiple floor functions used for quantization of non-
linear operations like GeLU and Layer normalization. To implement
this, straight-through estimators provided by the JAX framework
is utilized, which replace the quantized implementations with the
regular real valued functions for backpropagation. The accuracy
drop was observed to be minimal after finetuning for a few epochs.

5.2 Hardware Evaluation

We evaluate HMix with respect to hardware utilization and power
consumption. We also consider on-chip memory accesses and con-
sumption compared with naive implementations. Our experiments
are based on the synthesis on Ultrascale ZCU106 FPGA ([1]), using
AMD’s Vivado suite [2], at 200 MHz.

HMix breakdown: Table 5 presents a breakdown of the modu-
lar utilization of the HMix accelerator. The results show that the
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Table 3: Memory accesses and storage requirements for the Channel-mixing operation, for different dataflow architectures.

Dataflow Compute Size

Memory Accesses

Memory Size (kB)

Input Weight Output Total Input Weight Output Total

PE-array based 16 X 16 924M 57M 0.75M  981M 294 2 588 882

Output-Stationary 16 X 16 57M 57M 0.75M  115M 294 24 588 904

Proposed 16 X 16 29M 57M 57M 143M 147 24 588 759

Table 4: Comparison of HMix with Vision Transformer accelerators.
Accelerator Device Precision Model Params (M) Freq.(MHz) BRAM/DSP/LUT/FF FPS FPS/W FPS/DSP
ViA [40] Alveo U50 FP16 Swin-T 28 300 1002/2420/258k/257k - — -
Auto-ViT [26] ZCU102 W8 A8 DeiT-B 86 150 —/2066/128k/— 25.9 2.76 0.12
Hybrid SA [34] ZCU102 W8 A8 ViT-B/16 86 - 637/2185/169k/166k 19.5 1.62 0.009
OBS [41] VC707 INT38 TNT-S 24 200 1024/2048/156k/77k 67.6 5.41 0.033
ME-ViT [28] Alveo U200 — DeiT-B 86 300 288/1024/192k/132k  23.98 2.57 0.023
Group Vector [18] ZCU102 W8 A8 ViT-tiny 22 300 648/1268/144k/168k  86.95 2.94 0.068
HMix (Ours) ZCU106 W8 A8 Mixer-B/16 59 200 232/150/77k/40k 3.64 2.81 0.024
proposed transpose units incur hardware overhead of only 12% (all 102 L - 4 = : =

three TU in Figure 4 combined) of the total LUT consumption. This
transpose implementation enables stall-free data movement during
TM and CM operations. This directly satisfies one of the primary
design constraints targeted by HMix (item 4).

Table 5: Hardware utilization of individual components.

Module LUTs | BRAMs | DSPs
Top (Overall) 77736 232 150
Systolic Array (With additional logic) | 56980 0 0
Controller (AGU) 432 0 2
Layer-norm 5640 0 48
GeLU 2848 0 96
IBRAM 79 48 0
OBRAM 240 168 0
WBRAM 0 16 0
Transpose at IBRAM output 1380 0 0
Transpose at OBRAM input 4119 0 0
Transpose at OBRAM output 4119 0 0

Dataflow Analysis: Table 3 compares the HMix dataflow with
two other representative dataflows to highlight memory utilization
per MLP operation. The PE-array-based dataflow represents the
row-based compute unit described in [30, 39]. The second dataflow
represents a generic systolic-array-based output stationary scheme
for GeMM. The memory size represents the peak value during the
CM MLP while the memory accesses are also computed for the CM
MLP. It can be seen that the constraint item 2 is met, with up to 16%
reduction in BRAM utilization compared to a naive implementation.
Resource and Power: The main objective of HMix is to meet
the resource utilization and power consumption constraints for
edge deployment. The analysis in Figure 7 demonstrates the ef-
fectiveness of our design from the power perspective. Our design
consumes an order of magnitude less power with just 1.28W. This
can be attributed to the limited use of DSPs. Furthermore, from
Table 4, HMix demonstrates a competitive efficiency of 2.81 fps/W.
Although HMix trails in efficiency against OBS [41] and Group
Vector [18], their observations are made on models of much smaller

B a9 90 Sk
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Figure 7: Power consumption comparison. The values on the

bars represent the absolute power values.

scale. Moreover, HMix demonstrates substantially higher efficiency
than inference on the Jetson TX2, which achieves only 0.64 FPS/W
for the DeiT-B model [26].

6 Conclusion

The MLP-Mixer is an alternative to the standard CNN and ViT
based models for vision applications, involving a simple and reg-
ular dataflow without the involvement of quadratic-complexity
attention in ViT. In this work, we propose HMix, the first quantized
hardware accelerator for MLP-Mixer and show an efficient design
with low power consumption and resource utilization for embedded
applications. As part of the implementation, we propose an effi-
cient "stall-free" transpose unit with minimal hardware and latency
overhead. We also ensure that the quantization has minimal effects
on the inference accuracy by implementing a post-quantization
fine tuning on the ImageNet dataset. With the growing utility of
computer vision in applications, this work evaluates the hardware
acceleration of a novel model to investigate its potential benefits,
while tailoring the hardware for efficient inference.
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