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Abstract

State-space models (SSMs) combine attention-like parallelization with RNN-
like inference efficiency, using internal states with linear update and output
functions, similar to RNNs but without non-linearities in the update func-
tion. Linear Recurrent Units (LRUs), a type of SSM, are well-suited to key-
word spotting due to their ability to handle long-range dependencies. How-
ever, hardware acceleration for LRUs remains unexplored and presents chal-
lenges due to high hardware cost components such as the GELU, LayerNorm
and complex multiplication. This work modifies the LRU model architec-
ture to enable a more efficient hardware implementation and designs an
accelerator tailored to the modified architecture. We propose the GRELU,
a new activation function well-suited to inference on hardware. The mod-
ified model architecture achieved an accuracy of 95.5% @ 35 keywords on
the Google Speech Commands dataset. The accelerator’s vector unit sup-
ports complex operations and reductions, with respective overheads of only
19.1% and 27.2% over basic operations. Our results demonstrate the pro-
posed hardware accelerator’s efficiency and effectiveness at keyword spot-
ting applications.

iii






Contents

1 Introduction 1
2 Background 5
2.1 Recurrent Neural Networks . . . . . . . .. ... ... .... 5

2.2 State-SpaceModels . . . . . . ... Lo oL 6

2.3 Quantization . . . . . . . ... 8

2.4 Systolic Matrix Multiplication. . . . . . . . .. ... ... .. 10

3 Hardware-Software Co-Design 13
3.1 Network Architecture . . . . . . ... ... ... ... ..., 14

32 GRELU . . . . . . . . e 15

3.3 GLUActivation Function . . . . . . ... ... ... ..... 16

3.4 LRU Simplification . . . . . . . ... ... ... 0. .. 17

3.5 Matrix Multiplication Quantization. . . . . . . .. ... ... 18

4 Hardware Architecture 19
4.1 OVerview . . . . . . v v vt e e e e e e e e 19

42 VectorUnit . . . . . . . . . . . oo 22

43 MatrixUnit . . . . . . ... e 24

5 Results 27
5.1 ExperimentalSetup. . . . .. ... ... ... ... ... 27

5.2 Design Space Exploration. . . . . . ... ... ... ... .. 29

5.3 Resource Utilization . . . . .. ... ... ... ....... 29

5.4 Hardware Architecture Characteristics . . . . . . . ... ... 32
5.4.1 Power UsagebyComponent. . . . . . . .. ... ... 32

5.4.2 Special Function Overhead . . . . ... ... ... .. 33

5.4.3 ApproachtoLayerNorm . . . . . ... ... ...... 33

5.4.4 Hardware-friendly Activation Function . . . . . . . .. 34

5.5 Comparison with otherworks. . . . . . . .. ... ... ... 34

6 Conclusion 37
Appendices 38
A Model Training Parameters 39






Introduction

In recent years, the transformer architecture [62] has found widespread use
in sequence modelling tasks, such as classification based on video, audio, or
text sequences. However, this has been tied to an exponential increase in
compute demand [58]. This is partly due to a transformer’s complexity scal-
ing quadratically in relation to sequence length [62]. In contrast, traditional
architectures such as Recurrent Neural Networks (RNNs) offer linear scaling
at the cost of temporal stability and slower training [35].

Neural architectures under the state-space model (SSM) umbrella ad-
dress the aforementioned limitations by offering attention-like training par-
allelization together with RNN-like inference efficiency. SSMs model se-
quences based on an internal state, and linear update and output functions
[25]. It is therefore in principle very similar to an RNN, with the main dissim-
ilarity being the lack of a non-linearity in the update function. At the same
time, it inherits similar weaknesses to the transformer architecture, such as
an inability to perform state tracking [47]. One architecture under the SSM
umbrella is the linear recurrent unit (LRU). This architecture uses the RNN
as a starting point to arrive at an SSM architecture [51]. Nonlinearities in
the hidden state are removed, with stacking and an added gated linear unit
(GLU) used to maintain expressiveness in the network. See Section 2.2 for
more details.

Several hardware accelerators have been developed for RNN and RNN-
like network architectures. Spartus [17] is a field-programmable gate ar-
ray (FPGA)-based long short-term memory (LSTM) accelerator with support



2 1. Introduction

for temporal and spatial sparsity. Laika [20] is an application-specific inte-
grated circuit (ASIC)-based LSTM accelerator focusing on very low power
consumption. OCEAN [9] is an RNN accelerator with support for on-chip
learning. ReckOn is a spiking RNN (sRNN) accelerator which implements
on-chip learning with minimal hardware overhead [16].

Following the recent introduction of the LRU architecture, hardware
design based on its characteristics is still at a nascent stage. This architecture
has been found to have significant advantages in performance compared to
RNNs, especially in tasks with long-range dependencies [51]. Additionally,
due to its capability for training parallelization, the LRU may facilitate the
deployment of more complex models on hardware accelerators. Therefore,
the research question of this thesis is formulated as follows:

To what extent can the LRU be co-optimized with hardware to allow for
power-efficient and capable sequence modelling?

In order to answer this question, we focus on keyword spotting with
the LRU. In keyword spotting, spoken words are classified based on an audio
recording. The reason why this task is a good fit for hardware and the LRU is
two-fold. Firstly, high power efficiency (over 16 GOP/s/W for FPGA [59]) is
desirable in edge inference [53], which dedicated hardware can more easily
meet. Secondly, keyword spotting can present long sequence lengths (10k+
elements [57]), due to sampling frequency or simply recording length. Due
to its aforementioned long-range performance characteristics, this second
requirement is well suited to the LRU.

As part of our process, we first investigate the impact of quantization on
accuracy and identify non-essential components of the network for the given
task. Based on this optimized architecture and the unique computational re-
quirements of the LRU, we propose an accelerator containing a vector unit
with support for element-wise operations, complex multiplication and re-
ductions with a high degree of hardware reuse. This allows for inference
on real-time unprocessed speech data with sub-60 microsecond latency per
sample. The main contributions of this work are:

» the GRELU, a GELU-RELU activation function hybrid well suited to in-
ference in hardware,

* LRU-specific vector unit !, allowing for the implementation of LRU op-
erations via efficient hardware reuse.

Iproven in an end-to-end accelerator.



The accelerator achieves an accuracy of 95.5% @ 35 keywords on the
16kHz 35-way Google Speech Commands dataset. Meanwhile, hardware
overhead for complex operations is only 19.1% and 27.2% for reductions,
showcasing the vector unit’s hardware reuse.

This thesis is organized into a series of chapters. Chapter 2 starts by pre-
senting pre-requisite information on both LRU- and hardware-related con-
cepts. Then, Chapter 3 covers hardware-algorithm co-design with the LRU
neural architecture. Motivated by these optimizations, Chapter 4 describes
the architecture of the accelerator and its components. In Chapter 5, soft-
ware and hardware results are presented and discussed. Finally, the thesis is
concluded in Chapter 6, summarizing an answer to our main research ques-
tion and presenting an outlook on future work.






Background

2.1. Recurrent Neural Networks

In traditional feed-forward neural networks (FNNs), information flows in a
single direction, while avoiding any cycles or loops [72]. In contrast, recur-
rent neural networks (RNNs) are a class of neural architectures where the
same network weights are repeatedly applied to some time-varying input.
At each time step, the network produces both an output and a hidden state.
The output depends on both the input and the hidden state, which is why the
network is considered recurrent.

An advantage of an RNN over an FNN is the ability to efficiently handle
temporally long inputs. The hidden state acts as memory for the RNN, and its
output being defined on a per-time-step basis means real-time usage is feasi-
ble. In contrast, to achieve a similar effect with an FNN, it would be necessary
to buffer each sequence in order to approximate the effects of memory, pre-
cluding real-time usage and introducing memory overhead. Alternatively, if
an FNN with a small input size is used, and is applied to a window of the
input, then this causes the network to ignore medium- and long-range time
dependencies [23].

The RNN architecture was first introduced in [14], now known as the
vanilla or Elman RNN. For input x;, the hidden state h; is defined as in [48]:

h; = 0 (Ux; + Why_), 2.1)

where o is a nonlinear activation function, while U € R™*" and W € R"™*"™
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are the weight matrices for the input x; € R” and hidden state h; € R, re-
spectively, at timestep ¢.

As shown in Equation 2.1, the W matrix is multiplied with each hidden
state successively in order to arrive at a given timestep. In backpropagation
through time (BPTT), a gradient is then carried through each hidden state
from last to first [66]. The derivative of Equation 2.1 includes the matrix trans-
pose WT. Therefore gradient calculation involves repeated application of WT.
If the eigenvalues of W are greater than one, then the gradient will grow expo-
nentially. Conversely, if eigenvalues are less than one, then the gradient will
shrink exponentially. This is why the vanilla RNN suffers from the explod-
ing/vanishing gradient problem, where gradients either grow exponentially
and cause numerical instability (exploding gradients) or shrink to near zero
and impede learning (vanishing gradients) [3].

Additionally, due to the non-linear effect of the activation function o, it is
not possible to parallelize training of RNNs. Hidden states must be evaluated
in sequence [23].

2.2, State-Space Models

State-space models are defined as mathematical representations of dynamic
systems and have recently been the subject of interest as alternatives to tra-
ditional RNNs and attention-based models [24]. They are defined by a state
update (h;) and output (y;) equations:

hl =Ah,j_1 +th, (22)
y: = Ch; +Dx;, (2.3)

where h; € R™ is the state vector, X; € R is the input vector, ¢ the timestep,
and A€ R™™ BeR™ K CeRF™, DeRFF are weight matrices.
SSMs offer the following advantages compared to traditional RNNs:

* Parallelization. Due to the use of linear equations for the state update,
sequential inputs can be evaluated in parallel. This is possible via the
use of a prefix sum [6, 55], which computes the sums of all possible pre-
fixes for a given sequence. For example, the prefix sum of a sequence
lay, ay,...,an] is a1, a1 + az,...,a1 + az + ... + a,]. See Figure 2.1 for an
example on how a prefix sum may be computed in parallel.

» Efficient inference. Sequential evaluation of inputs is still possible, re-
sulting in a high degree of data locality and real-time operation for
streaming use cases.
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Figure 2.1: Example of algorithm for parallel computation of prefix sum [50].

* Temporal stability. The state update equation can be defined such
that temporal stability is preserved. High-order polynomial projection
operators (HiPPO [26]) matrices, used in S4 [25], dynamically project
functions onto a basis of polynomials, ensuring recent information is
emphasized, which helps maintain stability over time. Another exam-
ple is exponential parameterization in the LRU [51], which involves pa-
rameterizing of the recurrent matrix A with a complex exponential to
ensure the hidden state’s norm does not grow much larger than one
over time (see Equation 2.6).

Recent deep learning work has explored the use of SSMs for sequence
modeling. We refer the reader to [24] for an overview of existing models. We
now focus on one of these models, the linear recurrent unit (LRU) due to
its simplicity and potential for online learning [76] (Online learning not ex-
plored in this work).

Linear Recurrent Unit
The LRU [51] is an SSM which incorporates concepts from both SSMs and
RNNs. It is defined by the following equations:

ht Zﬂ,Oht_l +Y®BX[ (24)

\ Re[Cht] + DX;, (25)

here A,y € C™, Be C**, C e €™k, and D € R*** are parameters, while h e
C™, andy,xe€ R are states or activation vectors. ® represents element-wise

multiplication. y is a learnable normalization parameter. In order to ensure
temporal stability, A is parameterized as

lo . plo,
VI8 et 8

A=e"® , (2.6)
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Example of IRM: the linear recurrent unit (LRU)
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Figure 2.2: Illustration of LRU within a complete neural architecture [76]. See Section 2.2 for
definition of the parameters in the figure.

where v/°€ and 0!°8 are learnable parameters. This ensures the magnitude
of A remains below 1, therefore ensuring temporal stability [76]. See Figure
2.2 for an illustration.

Gated Linear Unit
The architecture integrating the LRU as shown in Figure 2.2 makes use of the
gated linear unit (GLU), defined as:

GLU®X) = (Wx+b)oo(Vx+c), 2.7

where o is the sigmoid function, © the element-wise product, x an input vec-
tor, and W, b, V, and c learnable parameters.

2.3. Quantization

Most neural network training is done using floating point numbers. How-
ever, the bit width of numerical types used in an accelerator’s computations
can have severe implications on bandwidth, storage and resource utilization
requirements. Hence, it is often beneficial to use lower-precision numeric
formats where possible. The process of mapping "full-precision" 32-bit IEEE
floating point numbers to lower-precision floating or fixed-point numbers is
called quantization [27].
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There are several types of quantization. These include uniform quantiza-
tion [28, 75, 18] and non-uniform quantization [33, 63, 71, 40, 70]. See Figure
2.3 for visual examples. When performing uniform quantization, values are
mapped to equally spaced points, such as when using fixed-point values. On
the other hand, non-uniform quantization maps values non-uniformly. For
example, quantization to a lower precision floating-point format is a form of
non-uniform quantization, since floating-point numbers have greater reso-
lution as they approach zero. In the case of neural networks, non-uniform
quantization may be advantageous if it better fits the distribution of weights
or activations [37].

Another important aspect to consider when performing quantization is
how quantization is handled during training. Three main methodologies ex-
ist:

* Post-training quantization (PTQ) [42, 65]. Training is performed at full-
precision and network weights are only statically quantized afterwards.
This approach can be useful when non-quantized pre-trained weights
are available, as a set of weights trained for full precision may be used
as-is. However, this often results in a performance penalty compared
to full-precision operation.

* Quantization-aware training (QAT) [36, 41, 73] quantizes forward acti-
vation values and weights during training, while preserving full preci-
sion in back-propagated gradients. Replacing the gradient of a quan-
tization function in this way is called the straight-through estimator
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Figure 2.4: Graphical representation of the straight-through estimator.

(STE) [4]. See Figure 2.4 for a graphical representation. Since quantiza-
tion is accounted for during training, the gap with full-precision oper-
ation is typically much lower compared to PTQ.

* Quantized training (QT) [74]. Quantization is applied to all values,
including back-propagated gradients. Since no full-precision opera-
tions are performed during inference or training, this approach is most
amenable to on-chip learning. However, such training is more diffi-
cult to achieve due to issues such as numerical instability and a lack of
dynamic range.

2.4. Systolic Matrix Multiplication
First introduced in [39], systolic architectures make use of regular, rhyth-
mic data flow between processing elements (PEs), their basic building block.
Each PE performs computation, with inputs and outputs wired only to its
neighbouring PEs. Such architectures are characterized by high throughput
and low propagation delay due to the lack of global data transfers. However,
due to the need to propagate signals over time they may suffer from high la-
tency compared to combinatorial or sequential designs.

In the past decade, systolic architectures have been used in several com-
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Figure 2.5: Example of a 2x2 systolic array for matrix-vector multiplication. Each processing ele-
ment (PE) takes as inputs one activation (blue arrow) and one weight (red arrow), and one partial
sum (yellow arrow, assumed zero for first column). The product of the weight and activation is
added with the partial sum and output as a new partial sum, as well as passes the activation
downwards. PE operations take one cycle between input and output in this example. Buffers
(green) are inserted in order to ensure products are added to the correct partial sums. The final
set of partial sums represents the result of the matrix-vector multiplication.

mercial deep learning accelerators [10]. See Figure 2.5 for an illustration
of a systolic array for matrix-vector multiplication. One such accelerator is
Google’s TPU [34]. The first version of this accelerator uses a 256 x 256 sys-
tolic array to perform matrix multiplication. Latency is substantial and pro-
portional to the product of PE rows and columns. To address this, an ac-
cumulator memory is used in order to accommodate for batch sizes on the
order of hundreds of elements. This allows utilization to remain high despite
the latency:.

The LRU model in this work does not make use of convolutional opera-
tors. Thus the main operation to be accelerated is not matrix multiplication
but matrix-vector multiplication. However, a systolic architecture is still use-
ful for matrix-vector multiplication due to the reuse of vector values, and in
order to achieve a high frequency.






Hardware-Software Co-Design

We first consider our selected task and its requirements. In order to perform
inference on unprocessed 16kHz samples, an accelerator must be able to
process a new input vector every 60 us. An additional metric to improve is
power consumption, with the goal of better efficiency relative to comparable
accelerators. Therefore, our optimizations focus on the following points:

¢ simplifying the complexity and number of operations performed by
the model,

¢ reducing the memory requirements of the network weights.

Task and Dataset
The inherent temporal stability of the LRU makes it well suited to sequence
modeling tasks with long sequence lengths. An example of such a task
is keyword spotting without length-reducing pre-processing, such as Mel-
Frequency Cepstral Coefficients (MFCC). Length-reducing pre-processing
refers to techniques that transform the input data into a more compact form,
often by reducing the number of time steps while retaining essential informa-
tion. MFCC is a popular method in speech processing that extracts features
representing the short-term power spectrum of sound.

We choose to operate on the Google Speech Commands (GSC) dataset.
This dataset presents an immediately practical use case for the model: key-
word spotting. Additionally, we have the ability to operate on raw audio data,

13
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Figure 3.1: Modified LRU architecture. Adapted from Figure 2.2. Quantized blocks are under-
lined in green. We used an MLP in place of a GLU and simplified several components out of the
LRU’s output function.

with 16,000 KHz 1-second audio samples typical in the dataset. This prop-
erty allows the LRU to showcase its strengths on long-range dependencies.
We perform 35-way keyword classification, taking the last output of the net-
work as the result. Only the last output is taken as this represents the time
when the hidden state contains the full context of the input.

3.1. Network Architecture

The baseline architecture follows what is proposed in [51]. This consists of
a linear decoder followed by several layers of: layer normalization, a linear
recurrent unit (See Section 2.2), a gated linear unit (GLU) [11], and a linear
decoder with a skip connection to the layer norm. Finally, a linear decoder
and argmax is used to perform classification. The dimensions of the network
follow [55] with six layers, 192 hidden dimensions, and 128 output dimen-
sions. This configuration achieves a baseline accuracy of 91.3%.

The findings in this section build upon the baseline architecture and re-
sult in the configuration shown in Figure 3.1 with the parameters summa-
rized in Appendix A.
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Figure 3.2: ReLU (left) and GELU (right) functions (top) and derivatives (bottom). ReLU does not
allow gradients to propagate across negative activations due to its derivative there being equal
to zero.

Activation Function | Precision Change
Baseline (GELU) 0.0 %
ReLU -1.7%
GRELU +2.6 %

Table 3.1: Precision change in relation to baseline of activation functions. GRELU outperforms
GELU and ReLU despite equal computational complexity to ReLU during inference.

3.2. GRELU

Our first optimization concerns the use of GELU. This activation function
uses multiplication and one of either the error function, the hyperbolic tan-
gent, or the sigmoid function, depending on the approximation used. These
functions have a non-trivial hardware cost to implement [60, 7]. Therefore
we aim to replace the GELU with a simpler alternative in order to improve
hardware implementation cost.

We first investigate the use of the ReLU. This activation function has a
very low computational cost [67], requiring only a single comparator and
multiplexer in a hardware implementation. However, when used in the base-
line in place of the GELU it causes an accuracy deficit of 1.7%. Therefore a
solution is required to recover the lost accuracy.

Our contribution is to create a custom activation function, the GRELU,
which uses the ReLU for the forward pass, and the GELU’s gradient for the
backward pass. See Figure 3.2 for a visualization of the functions and their
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Optimization Precision Change
Baseline (GLU) 0.0 %
GLU with GRELU +3.5%
MLP +3.5%

Table 3.2: Precision impact in relation to baseline of alternatives to GLU. The MLP consists of
a linear layer, GRELU activation function, and a second linear layer. The MLP has the same
positive impact as GLU with GRELU despite a lower computational complexity.

derivatives. The GRELU is especially well-suited to our use-case, as train-
ing is performed off-chip and inference is performed on-chip. Therefore the
hardware cost is identical to the ReLU. With this scheme, we recover the lost
accuracy and further achieve an increase of 2.6%. See Table 3.1 for a sum-
mary.

A possible explanation of the GRELU'’s performance may be related to the
exact nature of the ReLU and inexact nature of the GELU. When evaluated on
a floating point number, the GELU may introduce a finite computational er-
ror [22]. The ReLU on the other hand outputs either zero or the original input,
thus always being exact. As we only consider the last output for the purposes
of classification, hidden states must be updated 16,000 times, thus making
the accuracy-preserving nature of the ReLU valuable. During the backwards
pass, we do use the output at each time step to propagate the loss, thus mak-
ing computational accuracy over time less important, while also benefiting
from GELU'’s ability to propagate gradients through negative activations.

3.3. GLU Activation Function

The gated linear unit (GLU, see Section 2.2) as used in the baseline archi-
tecture includes a sigmoid function, giving it a high requirement in terms of
hardware resources [60]. Therefore we focus on removing the need for a sig-
moid function in these units. One possibility is to simply replace sigmoid by
a less costly alternative such as the GRELU. Since the GLU is often used as
a more expressive alternatives to the simpler multi-layer perceptron (MLP)
[11], another alternative is to replace the GLU by an MLP. In Table 3.2 we
show the impact of these alternatives. We find both achieve nearly the same
accuracy increase, likely thanks in part to the use of the GRELU, and thus opt
to use the simpler MLP.
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Table 3.3: Parameter count and precision change when dropping matrices from the LRU’s up-
date and output functions. Dropping both only reduces the accuracy by -1.2% while reducing
memory requirements to 60.7%.

= Vector Parameters
Decoder

MLP

Figure 3.3: Parameter count per neural network component. Most are concentrated on dense
layers, the MLP and B. Thus quantizing these will have the largest impact.

3.4. LRU Simplification

In order to remove unnecessary parameters, we experimented with remov-
ing matrix multiplications from the LRU’s output function. The idea is to
simplify the output function as much as possible, restricting all computation
within the LRU to the recurrent part. In Equation 2.5, C can be omitted by
setting the output dimension equal to the hidden dimension. The D part of
the equation can simply be omitted. In other words, C can be made equal to
the identity matrix and D to the zero matrix. Table 3.3 shows the impact of
these changes. Given the low accuracy drop relative to the parameter count
change, we decide to remove both of these matrices.

The low impact of these omissions may be explained by the sequence and
structure of the network. D provides a direct path between input and out-
put, which may become less valuable given the long-range task and therefore
higher reliance on the hidden state. Since the LRU is soon followed by a lin-
ear layer in the form of the MLP, this could be seen as assuming the role of
C.
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Matrix weight quantization Precision
32-bit IEEE floating point (Baseline) 0.0%
16-bit brain floating point -0.30 %
16-bit IEEE floating point +0.21 %
16-bit posit (E=2) -4.47 %
8-bit posit (E=2) -84.15 %
8-bit floating point (E=4, M=3) +1.31%

Table 3.4: Impact on network precision when applying quantization based on several number
formats. Both the weight matrices and input activations are quantized, to simulate the usage of
operations done at the quantized precision. See [29, 33] on the posit number format. E and M
refer to exponent and mantissa size respectively. We choose 8-bit floating point due to its high
performance and 4 x size reduction compared to full precision.

3.5. Matrix Multiplication Quantization

Our final optimization concerns quantization of operations in the neural net-
work. Most parameter count is concentrated on the fully connected layers
and LRU matrix B, as seen in Figure 3.3. Therefore, minimizing weight ma-
trix parameter bit count reduces the memory impact of 97.1% of the parame-
ters. Additionally, we find a factor of 100x more operations originating from
matrix multiplication compared to vector operations in the modified archi-
tecture. This means a reduced processing rate for vector operations is ac-
ceptable, thus permitting a greater amount of hardware resources to be used
per vector operation even at the cost of throughput.

Based on these observations, we resolve to make use of quantization
only for network weights and inputs to matrix-vector multiplications. Inputs
are quantized as otherwise full size multipliers would be required, nullifying
the hardware resource count advantage of quantization. Outputs of matrix-
vector multiplication need not be quantized as it is possible to accumulate to
a larger bit width and convert to full precision outputs before passing results
to the vector unit. These quantized parts of the network are underlined in
Figure 3.1.

We test this quantization scheme on various number formats. Table 3.4
shows the results of our experiments. Based on this, We choose 8-bit float-
ing point with a 4 bit exponent and 3 bit mantissa. This number format has
the advantage of maintaining a good level of precision. At the same time, its
mantissa can be multiplied using a 6-input lookup table (LUT), as discussed
later in Section 5.3.



Hardware Architecture

An FPGA-based accelerator was developed based on the optimizations dis-
cussed in the previous chapter, and the computations required as illustrated
by Figure 4.1. The accelerator is for the most part general purpose, able
to flexibly implement models based around fully-connected layers. How-
ever, the positive results of the quantization experiments specific to the LRU
model in the previous section justify a mixed-precision implementation be-
tween matrix and vector operations. Additionally, the vector unit is extended
to implement all of the LRU’s vector operations. This chapter discusses
the architecture of the various components of the accelerator, including the
LRU-specific design decisions.

4.1. Overview

At a high level, the accelerator is divided into a control unit, vector memory,
matrix unit and vector unit. Figure 4.2 illustrates the different components
of the accelerator. Dedicated vector and matrix parameter memory is used
in order to allow for concurrent accesses, see Brainwave for a similar concept
[15].

The control unit contains the registers from Table 4.1. When a command
is dispatched by setting the corresponding register bit, the very long instruc-
tion word (VLIW) command is split into several smaller commands, which
are then queued by the different parts of the accelerator. This allows for up
to 16 commands to be queued at once, saving CPU waiting time, and allows
for high frequency by registering the path from the control unit to the other

19
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Encoder

Mean

Hidden State

Real Part

Decoder
Vector Parameter
Vector Operation
Matrix Parameter

Matrix-Vector Operation

Output

Complex Vector Operation

Reduction Operation

Figure 4.1: Diagram showing computations as performed by our simplified LRU architecture,
representing the operations the accelerator must implement and their order. Note the six
stacked layers.
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AddressOffset | RegName Description Width | Section | FieldName 3/1 ‘l::ls:: Field-Description
0x0000 STATUS Status 32 [ storeldle RO 1'b0 | Store unit idle
[0] ready RO 1'b0 | Command FIFO not full
R RHS for vector unit (0 = parameter, 1 = duplicate lhs, 2 = reduction registe
[27:25] | vecRhs w 30 | 1, 3 = previously loaded vec value, 4 = constant register, 5 = complex ident
ity)
[24:20] | blockCount \f\/ 5'b0 | How many vector blocks or MAC rows to load
0x0004 CONTROL Control K e e B R OREREEE T T T PP EEEPPEEEEPPTTRTRREE
[19:12] | lhsAddr \:{V 8'b0 | LHS address (Vector memory)
[11:1] rhsAddr \]IIV 11'b0 | Vector unit RHS address (Vector mem or parameter address)
. w1 9
[0] dispatch P 1'b0 | Send command to FIFO
A ' R .
0x0008 MAC Matrix ‘:1‘“ contr 3 [13:9] macCols w 5'b0 | How many MAC columns to load
[8:0] dmracparamAd \]}v 9'b0 | Address of MAC blocks to start loading
[13] :;eACC“mRS \]}v 1'b0 | Use reciprocal square root upon finalizing accumulation
. R . Vector computation. (000 = add, 001 = mul, 010 = accum, 011 = complex re
[12:10] | vecMode w 30 100 = complex imaginary part, 10 omplex full)
0x000C ZONTROL Control 2 | N |
91 vecLhs w 1'b0 | LHS for vector unit (0 = mac, 1 = vec)
(8] storeRelu VI:I 1'b0 | Apply RELU before storing results
[7:0] storeAddr \:]\{I 8'b0 | Address where to store results
0x0010 CREG Constant register 32 [31:0] creg \I;V 32'b0
0x0014 | RREG Reductionregiste | 55 | [31.0] | rreg RO | 320

r

Table 4.1: Registers exposed by accelerator. These are used by the host CPU to issue commands.
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unl

i Matrix Unit

Legend

Memory
wiid Control
/ Compute
Figure 4.2: High level architecture of the accelerator. Unlabeled rectangles represent FIFOs. The

black outline represents the boundary of the accelerator. Our design allows for acceleration of
LRU networks.

Control Unit

components. The inability to register such paths may have halved the de-
sign’s maximum frequency.

This control paradigm was chosen mainly due to its ease of implementa-
tion and use, as it requires no additional finite-state machines (FSMs) at the
control unit level to send commands and is straightforward to program for.
However, another consideration was to ease the transition to a more efficient
control paradigm, such as the use of an instruction buffer. Since all units re-
ceive commands independently, only the control unit would need to be mod-
ified. This would decrease the need for CPU to accelerator communication
on the order of 1000x. However, it would necessitate additional synchro-
nization features such as waiting on the completion of a previous operation
before starting the next. In our design, such a change would only represent
the addition of several dozens of LUTs.

Care is taken to ensure each command corresponds to a complete vector
or matrix-vector operation, easing the bandwidth required between CPU and
accelerator. Each of these commands begins with a source vector and targets
a destination vector in vector memory. The exception are vector accumu-
lation operations whose target is the reduction register (RREG). This further
simplifies the programming model.

4.2. Vector Unit

The vector unit was designed to implement all vector computations in our
simplified LRU architecture. See Figure 4.3 for an illustration. Due to the
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A32/A8

P32/A32/RREG A32/A8 P32/A32/IRREG A32/A8 P32/A32/RREG A32/A8 P32/A32/RREG

|
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A == A

Figure 4.3: Four-input example of reconfigurable vector unit. Red labels show cycle delay for
each type of operation. "Imaginary part" and "Real part" inputs are used as inputs for complex
number multiplication and are both set to false in the case of real numbers. The datapath for
simple operations is denoted in blue, for complex operations in green, and for accumulation in
orange. The vector unit implements all vector operations used in the LRU.

variety in required operations, and the non-overlapping nature of their exe-
cution, our design efforts focused on finding a suitable architecture with as
many shared components as possible. This led us to a layered architecture,
where successive layers are used to implement different operations, utilizing
the resources of layers below. The following operations are implemented:

» Simple operations. This covers element-wise multiplication and addi-

tion. The vector unit uses only the first level of multipliers or adders.

Complex multiplication. In order to perform complex multiplication,
the vector unit uses the first level multipliers together with the second
level adders. Depending on the option selected, the vector unit pro-
duces either the real or imaginary part of the result.

Summation. This is used in order to sum a vector, mainly for the
implementation of normalization operations as in LayerNorm [1]. It
makes use of either the first level multipliers or adders, the second
stage adders, and an adder tree leading to a floating point accumulator.
The output of the accumulator includes an optional reciprocal square
root stage, useful for computing reciprocal standard deviation. When
accumulation is complete, the reduction result can be used as an input
to the vector unit, denominated reduction register "RREG".
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Figure 4.4: Matrix unit. Vector inputs flow from top to bottom. Partial sums from left to right.
Delay registers are added in order to correct weight and vector input arrival timing. This design
was chosen to optimize for register-to-register delay while reaching a reasonable compromise
on latency.

Given the variability in latency of the different types of operations, one
key problem to solve was conflicts between operations and orderedness of
results. For example, if an operation with a longer latency would be issued
right before an operation with lower latency, then either their outputs would
conflict or the lower latency operation would output its result first, i.e. out of
order. We solve this by employing a set of counters to generate backpressure.
These counters are set every time an operation is accepted and ensure no
operation can enter whose latency is lower than the remaining cycles for the
last operation. In this way, full throughput is preserved for operations with
the same latency, and results of the vector unit are always in order.

Some additional minor components are required to support complex
multiplication. Since the vector unit produces results at half-rate for com-
plex multiplication and requires input values to be available for two cycles, a
fill buffer is used in the output path of the vector unit in order to gather com-
plex results. Another unit in the input path repeats inputs twice in the case
of complex operations.

4.3. Matrix Unit

The matrix unit is used in order to accelerate matrix-vector multiplication
operations quantized according to Section 3.5 and is shown in Figure 4.4.
One key concern is to allow for high operating frequency despite the long
worst-case critical path between input and result in a regular multiply-
accumulate array. Therefore we make use of a systolic architecture. However,



4.3. Matrix Unit 25

since our implementation performs unbatched matrix-vector multiplication,
then weight reuse and therefore weight stationarity cannot be exploited [56].
Regardless, register-to-register paths are shortened compared to a combina-
torial design. Additionally, since input sources to each PE are fixed, block
rams are positioned near their corresponding PEs. This greatly reduces the
amount and length of wiring to matrix parameter memory.

An important point mentioned in Section 3.5 is the ability to pass full
precision results to the vector unit. This implies the results of matrix-vector
multiplication should be accumulated into registers of higher precision. We
identify the following solutions:

¢ Floating-point accumulator, where the partial sums would be accumu-
lated into the higher precision required by the vector unit. This neces-
sitates the use of a floating-point adder, which for 32-bit floating point
requires on the order of hundreds of LUTs and pipelining if frequency
is to be on the hundreds of MHz. The pipelining presents a further
issue as it implies a delay between output and result but in accumu-
lation every input depends on the previous result. This can be solved
by way of stalling, reducing throughput. Alternatively, several indepen-
dent sums can be allowed to be in flight and reduced after the last input
is received [2], adding latency and resulting in an unpredictable result
due to floating point’s non-associativity;

¢ Kulisch accumulator [38], where partial sums are first translated into
fixed point and then accumulated. Due to the use of fixed point, this
type of accumulator is always associative and exact. However, for a 32-
bit floating point it requires the use of a 554 bit fixed point number,
therefore in some cases requiring complex schemes in order to achieve
acceptable frequency [61].

We choose the Kulisch accumulator due to its greater resource efficiency.
Our partial sums result from the product of two 8 bit floating-point num-
bers, each with an exponent range of 27 to 271, and 3 mantissa bits. Since
multiplication involves the addition of the exponents and multiplication of a
mantissa, we can fit the result of multiplying two of these numbers exactly in
an exponent range of 2!'4 to 272° and 6 mantissa bits. This gives us a fixed-
point number size of 40 bits, able to represent any such product exactly. An
adder for such a fixed-point number can be formed from cascading five 8-bit
adders in our chosen FPGA architecture. This represents a lower requirement
compared to the hundreds of LUTs needed for a floating point accumulator.
Given the relatively small size of this exact representation, we also use it for
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the partial sums. Therefore, the results of our matrix-multiplication block are
always exact given 8-bit floating point inputs.

In order to allow for greater flexibility in the design space of the accelera-
tor, we support differing input and output sizes for the matrix unit. However,
vector memory must provide inputs to both the matrix and vector units, and
is therefore sized according to the output size of the matrix unit, which is the
input size of the vector unit. Therefore, we solve this issue by placing a fill
buffer in front of the matrix unit. Values from the vector memory are con-
verted into 8-bit floating point numbers and read into the fill buffer until an
entire vector has been processed. Then this vector is read from the fill buffer
several times to complete the matrix-vector operation and vector memory
does not need to be active during this time.



Results

5.1. Experimental Setup

We implement an end-to-end accelerator in SpinalHDL and evaluate it using
our modified LRU model (See Chapter 3). We perform classification on the
Google Speech Commands dataset [64], including all 35 labels and operating
on 16 KHz sound files. Our design is synthesized using Vivado 2023.2! and
targets a Xilinx Zynq ZCU104 development board at 350 MHz. Our design
resides in the programmable logic (PL) and is sent commands from the on-
chip Cortex A53 CPU via memory-mapped IO using the Pynq? framework.
All network weights are stored directly in the PL.

In order to validate the design, we store layer-by-layer outputs of the net-
work as computed by the JAX® implementation. Then, the same computa-
tions are performed on the PL and check for an exact match. Our flow is
illustrated in Figure 5.1.

Important Note on Power and Energy Statistics

Power estimation was performed without the use of signal switching statis-
tics due a lack of support for SAIF export when using Vivado’s XSI for sim-
ulation. Therefore power and energy statistics should only be taken as an
indication of actual accelerator characteristics.

Ihttps://www.xilinx.com/products/design-tools/vivado.html
’https://www.pyng.io/
3https://github.com/google/jax
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Figure 5.1: Tool flow for validation and experiments. SpinalHDL is the hardware definition lan-
guage used to define the accelerator and its components. It is then compiled to Verilog, a more
primitive hardware definition language parsable by the Vivado synthesizer. The synthesis step
maps the Verilog code to the primitives provided by the FPGA technology. Place and route (P&R)
maps these elements onto physical resources on the FPGA device. This can then be used to cre-
ate a bitstream, the proprietary binary file used by the FPGA to determine the configuration of
its components and the connections between them. Once the design is loaded on the FPGA, we
validate the design by running the model end-to-end on the FPGA and comparing the output
for each layer to the results of a reference JAX implementation. Beforehand, we also perform the
same process via behavioural simulation with Verilator, an open source Verilog simulator.
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Figure 5.2: Scatter plot comparing operations per second with power usage for various config-
urations of the form (rows,columns). Despite resulting in the same amount of matrix PE’s, a
jump between (8,32) and (16,16) takes place due to the vector unit’s size being determined by
the number of rows. A vector PE operates on 32 bit floating-point numbers versus the matrix
unit’s PE of 8 bits, thereby using more resources. Based on these results we choose 8 rows and 32
columns. !Lacks activity annotation.

5.2. Design Space Exploration

Two important variables in the performance of our accelerator are the di-
mensions of the matrix and vector unit. Therefore, we perform a design space
exploration in order to find the optimal configuration in terms of GOP/s/W,
while still running our task in real time.

Figure 5.2 shows the result of our exploration. We choose 8 rows and 32
columns, as this configuration attains the minimum power usage while still
allowing for real-time inference on our task.

5.3. Resource Utilization

Table 5.1 shows the overall resource use of the accelerator, with Figure 5.4
showing the corresponding device view and Figure 5.3 breaking down BRAM
usage by component. Note the usage of only 16 DSPs. This is due to the use
of 8-bit floating-point numbers. With a 3-bit mantissa, only a 3-bit multiplier
is needed for floating-point multiplication. This allows us to use a 6-input
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Resource Amount | Percentage

CLB LUTs 62285 27.03%
CLB Registers | 40805 8.86%
CARRY8 1975 6.86%
F7 Muxes 1108 0.96%
F8 Muxes 401 0.96%
F9 Muxes 0 0.00%
18K BRAM 352 52.08%

URAM 0 0.0%
DSp 16 0.93%

Table 5.1: Resource utilization of our accelerator on ZCU104 FPGA. The accelerator has a low
resource requirement compared to the total available.

Matrix Parameter Memory Vector Memory

Vector Parameter Memory

Figure 5.3: BRAM use broken down by component. Despite being quantized, most memory use
is concentrated in matrix parameters, used for fully-connected layers.
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Figure 5.4: Device view highlighting resources used as shown by Vivado. The FPGA resources
in use by the design are colored light blue, with the unused elements colored black. The design
uses 27.03% of LUTs and 52.08% of BRAM.
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Operation Latency \ Throughput ‘
Matrix-vector multiplication 41 8
Complex parameter-vector multiplication 7 4
Vector-parameter multiplication 2 8
Vector-parameter addition 5 8
Vector-vector addition 5 4
Vector summation 35 N/A

Table 5.2: Latency and throughput of various operations. Latency is given in cycles and through-
put in output elements per cycle. Low latency helps to minimize stalling when performing back-
to-back dependent calculations.

Matrix Unit Matrix Operations

Vector Unit Vector Operations

Figure 5.5: Proportion of power usage for each component of the accelerator (left) and propor-
tion of cycles spent on each type of operation (right). The matrix unit and it’s operations domi-
nate in both categories. Note that power usage was calculated without activity annotation.

lookup table in its place. Therefore, the DSPs are only used in the vector unit,
with two DSPs needed per 32-bit floating-point number.

5.4. Hardware Architecture Characteristics

Latency is made an important concern due to our objective of real-time in-
ference. Excessive latency is undesirable as it may necessitate the use of bar-
riers to wait for previous results. Latency and throughput numbers are given
in Figure 5.2. In the case of vector summation the dimension of the result is
always one, and if the next operation requires the result (which is the case
in our implementation), then a pipeline stall of 35 cycles is incurred as the
accumulator finishes its work.

5.4.1. Power Usage by Component

Figure 5.5 shows the relative power usage of each component in the accel-
erator and compares it to the amount of cycles taken up by each type of op-
eration. The matrix unit has a slightly disproportional power usage to cycle



5.4. Hardware Architecture Characteristics 33

Base operations (Add & multiply)

19.1%

Complex multiplication Reduction

Figure 5.6: LUT utilization ratio of base and special functions of the vector unit. Functionality
additional to the base operations has a lower resource requirement thanks to hardware reuse.

use ratio. Nevertheless, this is necessary in order to achieve real time infer-
ence. In order to address this, the matrix unit’s columns could be enlarged
and its rows (corresponding to the vector unit’s size) could be made smaller.
This would close the gap, but at the cost of higher power usage, and no ben-
efit towards satisfying the accelerator’s throughput requirements (See Figure
5.2).

5.4.2. Special Function Overhead

Figure 5.6 compares the hardware overhead of complex multiplication and
reduction with respect to the vector unit’s base operations. Complex multi-
plication requires the use of one additional adder per two elements. Reduc-
tion makes use of the hardware for addition and complex multiplication, and
in addition requires an adder tree. Therefore, the hardware use for reduction
has a logarithmic dependency on vector unit size and would be lessened in
wider vector units.

5.4.3. Approach to LayerNorm
Since the use of LayerNorm is common in transformers-based architectures
[13, 52, 8], hardware acceleration approaches have been developed for it.
SwiftTron [46] addresses the issue by generating one LayerNorm unit per vec-
tor output. Inputs into the LayerNorm unit are directed into an accumula-
tor, whose output can optionally be processed by a square root unit. The
main differences with our approach is that this is a separate unit not reusing
hardware components. Additionally, since we target real-time inference, we
are unable to use a LayerNorm unit per output, as the presence of batching
makes possible in SwiftTron.

In [44], an approach to layer normalization is proposed where the reduc-
tion for LayerNorm is computed at the same time as the corresponding out-
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put becomes available. Additionally, variance is reformulated as to not de-
pend on the mean. The first part of this approach is compatible with our
accelerator, as accumulation can be performed as an output becomes avail-
able. The second part is also possible, but would require double the amount
of adders due to two reductions being calculated at once.

5.4.4. Hardware-friendly Activation Function

In this work we proposed the GRELU, a GELU-ReLU activation function
hybrid using ReLU in the forward pass and GELU in the backward pass.
[31] proposes two new activation functions with simple implementations in
hardware and comparable performance to GELU: DNR and PWL. Our ap-
proach is more efficient during inference, due to the extreme simplicity of the
ReLU activation function. However, if on-chip training is desired, the gradi-
ents of DNR and PWL are more easily implemented in hardware.

5.5. Comparison with other works

In this section, we compare our accelerator to other works. Most existing
keyword-spotting accelerators target ASIC platforms and use networks with
different computational requirements compared to the LRU, Therefore, we
split our comparison between accelerators which are implemented in a sim-
ilar technology and mainly accelerate fully-connected layers, and accelera-
tors targeting the Google Speech Commands Dataset.

Table 5.3 compares our accelerator to others with computationally sim-
ilar workloads. We achieve competitive GOP/s/W, achieving 2.64x the
runner-up’s performance though lacking activity annotation in our case. This
is mostly due to our use of 8-bit floating point which does not require use
of limited DSPs, as discussed in Section 3.5. Another contributing factor is
our accelerator’s maximum frequency, which at 1.4x the runner-up’s perfor-
mance allows higher throughput with the same amount of hardware compo-
nents. However, this in turn contributes to our accelerator using the highest
amount of power, further exacerbated by the inclusion of vector operations,
as discussed previously in Section 5.4.1. This is at 1.2x compared to another
floating point design, and 204 x compared to a fixed point design.

Table 5.4 compares our accelerator to other designs implementing key-
word spotting on the Google Speech Commands dataset. We achieve the
highest classification accuracy, at a 0.2% lead compared to runner-up [30].
However, this comes at a cost, as [30] only uses 20% of the memory and 0.8%
of the power. This can be explained by differences in the two network archi-
tectures. While we operate on the full 16,000 samples and must apply our
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y | 2022 [30] 2023 [59] Ours
Platform Zynq 72020 Zynq ZCU104 Zynq ZCU104
Maximum Fre- | 50 200 350
quency (Mhz)

Numeric Preci- | 8-bitfixed point | 16-bit brain | 32-bit/8-bit
sion floating point floating point
Memory (KB) 100 990 488

Power  usage | 209 3364 [4278]2
(mW)

Efficiency 25.6 15.895 ~ 7012
(GOP/s/W)

Table 5.3: Accelerator compared to other works also mainly accelerating fully-connected lay-
ers and implemented on a similar technology. Our design demonstrates best in class efficiency
and maximum frequency, with competitive power usage to other floating point accelerators.
1 Calculated at the maximum frequency. 2Lacks activity annotation.

network weights on each sample, [30] uses MFCC to reduce the number of
samples to 62 and due to the convolutional nature of TENet, only applies
its weights once. On the other hand, this larger amount of total computa-
tions in our accelerator means the time to process the last sample and thus
final output latency is only 5us, 0.04% of the runner-up [32]. The only other
accelerator not using MFCC is [69]. However, this accelerator also uses a con-
volutional architecture thus being able to compute some of the intermediate
activations ahead of time but still requiring the last sample in order to com-
pute much of the tree. Note also that our accelerator classifies the dataset’s
full 35 keywords compared to the rest of the works compared only classifying
10, and accuracy may change depending on the number of labels used.
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2020 [5] 2020 2022 2023 2023 Ours
[21] [30] [69] (32]

Network | TC- LSTM TENet6 BTCN CTN LRU

Struc- ResNet8

ture

Platform | 22nm 65nm Zynq Cyclone | 22FDX Zynq
(ASIC) (ASIC) 77020 \% (ASIC) ZCU104

(FPGA) (FPGA) (FPGA)

Numeric | 6/8-bit 4-bit 8-bit - 8-bit 32/8-bit

Preci- fixed LUT/8 fixed fixed floating

sion point bit fixed | point point point

point

Minimum| 0.25 0.25 0.09 - - 200

Real-

Time

Fre-

quency

(Mhz)

Memory | 76 65 100 56 132 488

(KB)

Accuracy | 93.09 90.87 95.36 90.3 93.3 95.50

(%)

Keywords| 10 10 10 10 10 35

Latency 100 15 100 19.3 11 0.005

(ms)

Power 0.0082 | 0.0106 209 156.9 0.193 [2444.6)12

Usage

(mW)

MFCC Yes Yes Yes No Yes No

Table 5.4: Accelerator compared to other works implementing keyword spotting on GSCD. In-
formation not available is denoted with "-". Latency denotes the time between the last sample
being received by the accelerator and a classification output being emitted. Our design achieves
best in class accuracy, latency and keyword amount. ! Calculated at the minimum real-time fre-
quency. 2Lacks activity annotation.



Conclusion

In this work we aim to explore possible avenues for LRU hardware-software
co-design in order to allow for power-efficient and capable sequence mod-
eling. To this end, we present an LRU accelerator focusing on power effi-
ciency when performing keyword spotting on raw audio data. We perform
several optimizations to the model including the use of an MLP instead of
a GLU, the removal of low-impact components in the LRU’s output and hid-
den state functions, quantization of weight matrices, and the use of our novel
GRELU activation function. Our hardware accelerator is able to perform all
operations required for our modified LRU network, efficiently implementing
complex multiplication and LayerNorm using a single novel vector unit ar-
chitecture. This first LRU accelerator paves the way for future work centered
around LRU hardware acceleration.

Compared to other similar accelerators, we achieve state-of-the-art ac-
curacy, latency, and maximum frequency, at 95.5% @ 35 keywords, 5 us, and
350 MHz respectively with comparable efficiency at = 70 GOP/s/W. However,
other metrics lag behind other accelerators such as power consumption and
memory requirements, at 488 KB and 2.44 W respectively. That being said,
possible avenues for future work include:

* on-chip learning using an online learning rule such as in [76], which
would extend the usefulness of the accelerator by allowing it to fine-
tune on a speaker or learn new keywords,

* block floating point formats, such as proposed in [54], in order to fur-
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6. Conclusion

ther reduce weight size and computation complexity, with a further 2x-
4x memory use reduction possible,

temporal and spatial sparsity, such as proposed in [43, 12] in order to
reduce the operation count requirement for real time inference by up
to 100x and thereby improve energy efficiency,

application on datasets with larger sample size, such as [45, 68, 49], as
these could benefit from the LRU’s suitability to longer-scale depen-
dencies, and thus extend an LRU accelerator’s edge over those imple-
menting other model architectures.



Model Training Parameters

] Name Value
Hidden Dimensions 128
Model Dimensions 96
Batch Size 16
Epoch 100
Learning rate 2e-3
Learning factor 3
Layers 6
Normalization Type LayerNorm
Optimizer Adam
Dropout probability 0.1%
Dense Layer Quantization Format | float8_e4m3fnuz
LRU A minimum 0.99
Weight decay 4%
Learning Rate Scheduler Cosine Annealing
LRU Components B, A
Activation Function GRELU
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