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Abstract

Large Language Models (LLMs) are currently dominating the field of Artificial Intelli-
gence (AI) applications, but their integration for edge computing purposes is rather lim-
ited due to computational complexity and power consumption. This thesis addresses this
challenge by investigating the integer-only acceleration of transformer models on FPGAs,
focusing on the BERT architecture. We demonstrate that by removing the floating-point
operations from the inference pipeline, especially from non-linear functions like GELU,
Softmax, and Layer Normalization, we can improve the performance without sacrificing
accuracy.

Our pipelined, batched architecture processes multiple sequences in parallel and op-
timizes the FPGA resources. We achieve a 2.6x throughput improvement over a single-
sequence inference and at least 10x speedup over the offloading to CPU approach. The
results of the experiments show that our implementation has comparable accuracy to the
floating-point models for the GLUE benchmark tasks with INT8 quantization. These
findings reveal that integer-only transformer inference on FPGAs is a feasible way of im-
plementing complex language models on resource-limited edge devices, with the potential
for new privacy-conscious, low-latency Al applications.
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Chapter 1

Introduction

Large Language Models (LLMs) have revolutionized the Natural Language Processing
(NLP) and Artificial Intelligence (AI) applications across numerous domains. While sig-
nificant research efforts have focused on training increasingly large models, attention is
now shifting toward efficient inference. This thesis addresses the challenge of accelerat-
ing transformer model inference on Field-Programmable Gate Arrays (FPGAs) through
integer-only computation.

Transformer-based language models have achieved remarkable performance in various
natural language processing tasks [33, 9]. However, their computational and memory
demands present challenges for practical deployment. While quantization techniques have
successfully reduced the precision of linear operations (matrix multiplications) to 8-bit or
4-bit integers, most implementations still rely on floating-point arithmetic for nonlinear
functions like GELU, Softmax, and Layer Normalization. This mixed-precision approach
limits the full the potential of quantization benefits, as floating-point operations consume
significantly more power than their integer counterparts - up to 30x for addition and 18.5x
for multiplication operations compared to FP32 [7].

While power efficiency is a critical concern even in data center environments, the need
for efficient inference becomes even more pressing in edge computing scenarios. Language
models are increasingly being deployed on edge devices, since it enables operation with
limited network connectivity reduces expenses by eliminating constant cloud service fees,
and enhances privacy since data remains on the device. FPGAs are especially suitable
for the acceleration of edge Al because they are reconfigurable, energy-efficient, and can
implement custom data paths that are optimized for a particular workload. In contrast
to ASICs, FPGAs can be reprogrammed after fabrication, enabling rapid updates as Al



workloads evolve, without costly hardware redesign.

For inference with quantized language models, nonlinear functions present a unique
challenge. While linear operations (matrix multiplications, additions) can be straightfor-
wardly implemented with integer arithmetic, nonlinear functions like GELU, Softmax and
Layer Normalization traditionally require dequantization to floating-point. Recent work
has demonstrated that replacing floating-point operations with integer-only polynomial ap-
proximations can significantly improve inference speed. I-BERT [17] showed speedups of
2.4x-4.0x on GPUs without accuracy loss through end-to-end integer computation. How-
ever, the application of integer-only nonlinear functions for FPGA acceleration remains
largely unexplored. Building on the approach introduced in I-BERT for GPUs [17], we
demonstrate that integer-only nonlinear function implementations are not only feasible
but highly beneficial for FPGA acceleration, offering advantages in inference speed with
minimal additional hardware resources.

Beyond arithmetic optimizations, improving system-level throughput is also crucial.
We explore batching techniques that enable parallel processing of multiple input sequences,
further improving throughput for applications where multiple inference requests must be
processed simultaneously.



1.1

Thesis Contributions

This work presents the following contributions:

Implementation and evaluation of integer-only nonlinear functions (GELU, Softmax,
Layer Normalization) on FPGAs that can be integrated into various transformer ar-
chitectures. Our implementation shows the benefits of executing nonlinear functions
on FPGAs, achieving more than 10x speedup compared to offloading them to CPUs
with only 10% of additional hardware resources.

A novel batching approach for FPGA-based transformer inference that enables par-
allel processing of multiple input sequences. Our pipelined architecture with four
channels achieves a 2.6x throughput increase across different operating frequencies
over a single sequence inference.

Comprehensive evaluation of the performance, resource utilization, and accuracy
tradeoffs of integer-only inference on GPUs, Apple chips, and FPGA boards and de-
sign space exploration demonstrating the scalability of the proposed approach across
different FPGAs and frequency targets.

1.2 Thesis Outline

The remainder of this text is organized as follows:

Chapter 2 presents background on transformer models, quantization techniques, and
the I-BERT architecture that serves as the foundation for our work.

Chapter 3 reviews prior works on inference acceleration of transformer models on the
FPGAs, and on techniques for implementing nonlinear functions.

Chapter 4 describes the implementation of integer-only nonlinear functions using
polynomial approximations, architecture design, batch processing, and optimizations
made to reduce resource utilization and latency.

Chapter 5 presents experimental results, including performance comparisons across
different hardware platforms, and a resource utilization analysis.

Chapter 6 summarizes the contributions and findings of the thesis, discusses limita-
tions, and outlines opportunities for future work.



Chapter 2

Background

This chapter introduces background concepts essential to our work. We begin with the
transformer architecture and its attention mechanism, followed by BERT and the concept
of pre-training. We then explore quantization methods for neural networks. Finally, we
discuss I-BERT’s integer-only inference strategy [17].

2.1 Transformer Model

The Transformer model, which was introduced in the seminal paper “Attention Is All You
Need” by Vaswani et al. [33], outperformed previous state-of-the-art models in natural
language processing (NLP) tasks and laid the foundation for the emergence of modern
pre-trained LLMs (e.g., BERT, GPT family, Llama, etc.).

Prior to this work, NLP tasks were primarily addressed by networks based on recur-
rence, such as Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM),
and Gated Recurrent Units (GRUs). The main limitation of recurrence-based networks is
that the input data has to be processed sequentially, one time step at a time. The current
hidden state of a recurrence-based network is computed as a function of the previous hid-
den state and the current input. This sequential processing constrains the parallelization
opportunities of the model and makes it difficult to learn long-term dependencies due to
the vanishing gradient problem. The lack of parallelization makes the training process of
recurrent networks very slow.

The Transformer model, based on an encoder-decoder architecture, was proposed to
replace recurrence-based networks through the introduction of an attention mechanism

4
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Figure 2.1: Architecture of the Transformer model. Figure adopted from [33].



that could process entire sequences at once. This parallelization property improves the
training time of the model and also helps it learn long-range dependencies better than
previous architectures.

2.1.1 Architecture

First, the input sequence, which can be text or any sequential data, is tokenized. Tok-
enization is the process of mapping each element of a sequence (e.g., a word, syllable, or
punctuation mark) to a unique integer using a predefined dictionary.

Then, each token is mapped into a vector by using its integer value as an index to a
lookup table, called an embedding matrix. To preserve the information about the relative
order of the sequence elements, the authors in [33] proposed to compute positional encod-
ings for each token based on its positional index in the sequence. The input embeddings
and positional encodings are summed to produce an input matrix, which is then passed to
the Encoder.

The Encoder is a stack of N identical layers, where each layer consists of two sub-
layers: a multi-head self-attention module followed by a fully connected feed-forward net-
work. Residual connections are employed around each of the two sub-layers, combined with
layer normalization. The output of the final Encoder layer is connected to the multi-head
cross-attention module of all Decoder layers. This multi-head cross-attention module of
a Decoder layer is placed between the masked multi-head attention module and the fully
connected feed-forward network. The masked multi-head attention module prevents the
decoder from attending to future tokens during training. The output of the last Decoder
layer is passed to a linear layer and a softmax function, which produces the final output of
the model.

2.1.2 Attention Mechanism

Attention is a mechanism that is designed to learn contextual information from depen-
dencies between tokens of a sequence. For example, in the sentence “The Windows com-
puter was stuck on a blue screen because it was updating”, the word “it” refers back to
“computer”, demonstrating how attention helps the model understand these contextual
relationships between tokens.

Attention is a function of a query, a key, and a value. The mechanism can be considered
as a search process that matches the query with the key and returns the value.



Scaled Dot-Product Attention

Scaled Dot-Product Attention has three inputs: a query @, a key K, and a value V.

It computes the dot product of the query and key vectors, scales the result by a constant,
applies a softmax function to the result, and then multiplies the result by the value vectors.
The dot product can be seen as a measure of similarity between the query and key vectors,
and the softmax function is used to normalize the result. The output of the softmax
function is a vector of “probabilities” that can be used to compute the weighted sum of
the value V' vectors to generate the output.

In practice, the query, key, and value inputs are represented as matrices, where each row
corresponds to a separate token in the sequence. The attention mechanism computes the
dot product between the query vector of a given token and the key vectors of all tokens,
capturing pairwise similarity scores. Optional masking is applied at the softmax input
by adding “infinity” to the positions that should not be attended to. Thus, the softmax
function will output zero probability for those positions.

Multi-Head Attention

In the multi-head attention module, the input I is supplied to three linear layers, which
produce the query @, key K, and value V matrices. Each linear layer has a different set
of weights and biases, Wg, Wi, Wy, bg, bx, by. The authors in [33] propose to replicate
these three linear layers and a scaled dot-product attention A times to construct h attention
heads, and then concatenate the results.

Splitting the attention mechanism into multiple heads enables the model to “attend”
to information from different representation subspaces and learn different aspects of the
input sequence at the same time [33].

In the multi-head self-attention module, the query, key, and value matrices are
derived from the same input matrix I.

In the multi-head cross-attention module, the query matrix @) is derived from the
output of the Decoder layer, and the key and value matrices K and V are derived from
the output of the Encoder layers.



2.2 BERT Model

Bidirectional Encoder Representations from Transformers (BERT), which was proposed
by Devlin et al. in 2018 [9], was among the first pre-trained transformer-based models to
surpass existing methods on several major NLP benchmarks of that time.

2.2.1 Architecture

BERT is an encoder-only model that has an identical architecture to the Encoder part
of the Transformer model in Fig. 2.1. The authors in [9] designed BERT to have the
same model size as OpenAl GPT for comparison purposes. While GPT is a decoder-only
model, it has the same architecture as the Decoder part of the Transformer model, but
without the multi-head cross-attention module since it does not have an Encoder part. The
difference between BERT and GPT is that BERT uses bidirectional self-attention, which
is the same as the multi-head self-attention module in the Transformer model, while GPT
uses masked self-attention where every token can only attend to tokens to its left. The
masked self-attention is needed when the goal is to generate a a new sequence of tokens.

Another subtle difference between BERT and the original Transformer model is that
BERT uses a GELU activation function instead of ReLU in the feed-forward network.

2.2.2 Concept of Pre-training

The main idea of having a pre-trained model is to learn a general language representation
that can be later fine-tuned for a downstream task. BERT was the first model [9] that
enabled fine-tuning for a specific task with just one extra output layer.

The model achieves this through an innovative “masked language modeling” (MLM)
pre-training objective, where random words in the input are masked, and the model must
predict missing words in a sentence by looking at the surrounding context in both the left
and right directions. BERT also introduces a “next sentence prediction” task during pre-
training, enabling the model to understand whether two sentences naturally follow each
other in the text.

Pre-trained on a massive corpus of unlabeled text including the BooksCorpus (800M
words) and Wikipedia (2,500M words), BERT learns deep contextual representations that
can be fine-tuned for various downstream tasks. The authors achieved state-of-the-art
results on GLUE benchmark tasks, including question answering, named entity recognition,
and natural language inference.
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Figure 2.2: Symmetric quantization maps the input range [— max(|z|), max(|z|)] to quan-
tized range [-127, 127] for 8-bit quantization. Red dots represent example mappings from
the input range to the quantized range.

2.3 Quantization

Language models are trained using floating-point arithmetic for two main reasons: to
make loss functions smooth and differentiable, and to ensure precise gradient calculations
for accurate parameter updates during backpropagation. In order to do inference of a
network, quantization is performed to reduce the number of bits used to represent the
model weights and activations. This saves memory and increases the inference speed.

2.3.1 Quantization Methods

In this section, we focus on the quantization of real-valued (floating-point) tensors to integer
values. There are two commonly used linear quantization methods based on the range of
the input tensor: symmetric and asymmetric.

Symmetric Quantization

Symmetric Quantization uses a symmetric range around zero, simplifying computations
but potentially wasting representation capacity.

As shown in Fig. 2.2, the maximum of the absolute value of the input tensor determines
the input range that maps to the quantized range:

q = Quantize(z, S, M) := Clamp (Round(%), —M, M) (2.1)

Clamp(z, a, b) := min(max(z, a), b) (2.2)

where z is an input, ¢ is the quantized output, S is the quantization scaling-factor, Round(-)
denotes rounding to the nearest even integer, and M is the largest quantized value when



255

Figure 2.3: Asymmetric quantization maps the input range [min(z), max(x)] to quantized
range [0, 255] for 8-bit quantization. Red dots represent example mappings from the input
range to the quantized range.

quantizing to b bits:

M=2"1—-1 (2.3)
e.g., for 8-bit quantization, M = 127. The scaling factor is determined as follows:
max(|z|)
g — max{jr}) 2.4
=t (2.4)

Asymmetric Quantization

Asymmetric Quantization adapts to the actual value distribution, potentially providing
better accuracy at the cost of more complex computations.

As shown in Fig. 2.3, in contrast to the symmetric quantization, here the actual mini-
mum and maximum values of the input tensor determine the input range that maps to the
quantized range:

x
S

where z is the zero point, which is the quantization offset that maps the minimum value
of the input tensor to 0 in the quantized space:

2 = Round (min(x) ) (2.6)

q = Quantize(z, z, S, M) := Clamp (Round( ) — 2,0, M) (2.5)

S

M 1is defined as:
M=2"—1 (2.7)

The scaling factor is determined as follows:

max(z) — min(z)

M

S:

10



2.3.2 Quantization Strategies

There are two primary strategies for quantizing neural networks related to the training
process:

e Post-Training Quantization (PTQ) lowers the precision of a pre-trained model
without retraining. It requires minimal fine-tuning or calibration using a small
dataset. While simpler to implement, PTQ may lead to accuracy degradation [10].
The main reason for accuracy degradation is usually due to outliers in the activations
[38, 8]. However, there are techniques to improve the accuracy of PTQ by applying
strategies to tackle the outliers in activation quantization [38].

e Quantization-Aware Training (QAT) employs quantization during the train-
ing process, allowing the model to learn to compensate for quantization errors. As
demonstrated by [10], QAT typically achieves better accuracy compared to PTQ but
requires full model retraining.

From the equations above, we see that the scaling factor is input-dependent. For
weights and biases, this is set once training is complete. For activations, the minimum and
maximum values can be calculated “online” during inference or “offline” using a calibration
dataset.

e Online Dynamic Quantization: The quantization parameters are dynamic and
change during inference. Scaling factors are calculated during inference for each
tensor. While this prevents clipping issues, it introduces additional computational
overhead.

e Offline Static Quantization: The quantization parameters are fixed and do not
change during inference. Scaling factors are pre-computed using calibration data.
This approach is more efficient but may suffer from clipping if runtime values exceed
the calibrated range.

2.4 I-BERT

[-BERT is a model based on the pre-trained RoBERTa [21] that performs an end-to-end
integer-only inference [17]. A key idea is that all the nonlinear functions (GELU, Softmax,

11
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Figure 2.4: I-BERT Quantization

and Layer Normalization) are replaced by their integer-only polynomial approximations.
The INT8 I-BERT model leads to similar accuracy as the FP32 baseline model with 2.4x-
4.0x speedup in inference time on a T4 GPU. This indicates that it is possible to implement
complex neural networks with all integer arithmetic without compromising the model per-
formance. We use this strategy to implement integer-only inference on FPGAs.

Many hardware platforms, including FPGAs and edge devices, excel at integer arith-
metic but perform floating-point operations inefficiently. While traditional quantized neu-
ral networks convert weights and activations to integers, they still retain floating-point
operations in critical components, particularly in nonlinear functions. These floating-point
operations create computational bottlenecks, requiring offloading to CPUs or dedicated
hardware resources, limiting the efficiency gains from quantization. As shown on the left
side of Fig. 2.4, the nonlinear operations are kept at FP32 precision for simulated quan-
tization approach, where the activations are dequantized to FP32 precision before the
nonlinear operations.

The uniform use of integer arithmetic enables more efficient memory access patterns
allowing activations to stay fully on-chip. However, performing all operations with integer-
only arithmetic presents unique challenges, particularly for nonlinear functions. While
linear operations like matrix multiplication maintain their properties under quantization

12



MatMul(¢S) = S - MatMul(q), nonlinear functions like GELU, Softmax, and LayerNorm
do not follow this pattern [15, 39]. For instance, GELU(¢S) # S - GELU(q). Therefore,
nonlinear approximations should be carefully analyzed to ensure the correct transformation
of the inputs and scaling factors.

[-BERT matrix multiplications use INTS8 precision with INT32 accumulation, while
nonlinear operations maintain INT32 precision to preserve accuracy. After nonlinear op-
erations, requantization is performed to bring the precision back to INTS8 for subsequent
computations [39]. Static quantization is used, where scaling factors are precomputed
during training and fixed during inference.

24.1 GELU

Gaussian Error Linear Unit (GELU) is a nonlinear activation function used in the BERT
model [33]:

GELU(z) = 2 - = {1 +erf (iﬂ (2.9)

2 V2
2 x
where erf(x) = —/ exp(—t?)dt 2.10
@)= == [ ewir) (210)
where erf(x) is the error function. I-BERT [17] approximates erf(z) using a second-order
polynomial L(x):
L(z) = sgn(z) [a(clip(|z|, max = —b) + b)* + 1] (2.11)

where a = —0.2888 and b = —1.769, and sgn(z) denotes the sign function. Note that
clip(|z|, max = —b) limits the input to the range [—1.769, 1.769], which is justified since
erf(z) approaches 1 and —1 for values of x outside this range. Replacing erf(x) with L(x)
in Equation 2.9, the integer-only i-GELU is defined as [17]:

1 x
i-GELU(z) =2 - |1+ L | — 2.12
=g |ten () o2
clip(|z|, max = —b) is implemented as min(|x|, —b), and given that z = ¢S, where ¢ is the

quantized input and S is the scaling factor:

. . . b
min(|¢S], —b) = min(S|q|, =b) = 5 min(lq|, - =) (2.13)
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because S > 0 is a positive scalar parameter fixed for inference. Then we can rewrite
Equation 2.11 as:

L(gS) = sgn(¢S) [a(min(S|g|, —b) + b)* + 1] (2.14)
= sgn(q) [aSZ(min(|q|, —%) + %)2 +1 (2.15)
—as*sgn(g) min(ld, ~)min(al, )+ 2) + G+ x| (210)
= a5? - 5gn() [¢min(Gmin + 200) + ¢c] (2.17)

where gin = min(|g|, —%), and ¢, = &, and ¢, = 2—22 + —&. Finally, we can implement the
integer-only i-GELU function as:

i-GELU(¢S) = ¢S - % [1 +L (q%)} (2.18)
=q5S- % [1 + %52 -581(q) [Gmin (Gmin + 24) + qc]:| (2.19)
= % q [% + 581(q) [min (Gmin + 2q1) + qc]] (2.20)
= ang ~q (g1 +580(q) [guin(Gmin + 25) + ¢c]] (2.21)

where ¢; = #, and % can be considered as an output scaling factor. Note that ¢, and
qe are calculated using S/v/2 as the scaling factor. All the scaling factors are fixed once
the training is done and nonlinear function coefficients are pre-computed for the inference.

Algorithm 1 shows the final integer-only implementation used for the hardware imple-
mentation of the i-GELU function. On line 6, there is a shift operation by constant £ to
avoid overflow. The values of ¢; and the output scaling factor are also updated due to this
shift operation. The dataflow is shown in Figure 2.5.

Note that scaling factors might change when passing through a nonlinear function:
GELU(qinSin) = i—GELU(qin) . Sout (222)

2.4.2 Softmax

Softmax normalizes an input vector x using the exponential function:
exp(z;)

Z?:l exp(z;)

14
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Algorithm 1 Integer-only GELU Approximation

function I-GELU(qgy,)
: Qsgn — Sign(Qin)

1:

2

3 Qmin < min(|qin|a _Qb)

4: qr, < (qmin + 2qb)Qmin + qc
ik Qerf < Gsgn * 4L

6: Gert < Jext >>> k

7 Gout — Gin ° (Qerf + QI)

8: return guy

9: end function

@ -qy 2qy, = qc k qq
L ]
s )—omin >[ (Cada et )—(ada et oot )4 ada o mut vt
|

Figure 2.5: Dataflow of the i-GELU function

First, the maximum value is subtracted from each element to make the input to the
exponential function a non-positive value, thus, limiting the output range to be within
[0, 1]:

exp(z; — max(zx))

e
ijl exp(x; — max(x))
The following decomposition is used to represent the non-positive real number ¥ = x; —
max(z) [17]:

(2.24)

Softmax(x); =

T=uz; —max(z) = (—In2)z+p (2.25)

where 2z is a non-negative integer (quotient) and p is a real number in the interval (—In 2, 0]
(remainder). This decomposition enables efficient computation of the exponential function
using integer arithmetic:

exp(Z) = exp((—In2)z + p) (
= exp(—In2)” - exp(p) (
= (1/2)7 - exp(p) (2.28
= exp(p) >>> z (
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The value of exp(p) in the reduced range can be approximated using a second-order poly-
nomial [17]:

L(p)=a(p+b)?*+c (2.30)
where a = 0.3585, b = 1.353, and ¢ = 0.344. Replacing exp(p) with L(p) in Equation 2.29,
we get the integer-only approximation i-exp [17]:

i-exp(Z) := L(p) >>> z (2.31)

where z = |—%/In2] and p = ¥ + zIn2. This can be calculated with integer arithmetic.
Given that © = ¢S, where ¢ is the quantized input and S is the scaling factor, we can
rewrite z:

S
z= {_QEJ (2.32)
S fp_bits —fp_bits
= a5 2777) 2 ] (2.33)
S : .
=0 15 << fp_bits | >>> fp_bits (2.34)
= —¢* qm2.nv >>> fp_bits (2.35)

where the real-valued ratio % is approximated similarly as in Equation 4.6:

S qin2_inv
In?2 - 9fp_bits (236)
S :
Qn2inv = 7 << fp_bits (2.37)

In2
and the value of fp_bits is chosen as 30 for the inference which is sufficiently large to
preserve accuracy while maintaining the coefficients in INT32 precision.

Note that right arithmetic shift essentially replaces floor operation. Similarly, for = =
qS, the remainder p is computed as:

o
oo
5o

p=qS+zIn2

In2

:S(Q+Z'q1n2>
:qu

~—~~ —~
w
Nej

~— ~—  ~— =
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Figure 2.6: Dataflow of the i-exp function

where g = %, and ¢, = ¢+ 2 - Q2. Similar to L(x) in Section 2.4.1, when p = ¢,S, L(p)

is expanded as:

L(p) = L(gyS) = a(gpS +b)* + ¢ (2.42)
, b, b c

= aS” |qy(qy + 23) + 5 + Y (2.43)

= aS? [gy(gp + av) + 4] (2.44)

where ¢q, = 2% and ¢, = g—z + —&z. Then, i-exp can be computed as:

irexp(z) = L(p) >>> 2 (2.45)
=aS?[q >>> 7] (2.46)

where ¢, = q,(q, + @) + g. Output scaling factor is aS?, which can be dropped since a and
S parameters are the same for all input vector elements and scaling factor gets canceled out
in the softmax normalization as can be seen in Equation 2.24. Final i-exp implementation
is shown in Algorithm 2.

Algorithm 2 Integer-only Exponential Approximation

1: function I-EXP(¢;,)

2 Z 4= —(in * Qn2_inv >>> fp_bits
3: 4p < Qin + 2 dn2

4: @ (G + @) @+ qe

5: Gout < q >>> 2

6 return g
7: end function

Algorithm 3 shows the integer-only implementation of the Softmax function. On line
4, gexp 1s the output of i-exp function represented in INT32. On line 5, gyeq is the INT16
result of requantizing gexp, With S,eq and fp_bits following Equation 4.7. On line 7, factor is
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Figure 2.7: Dataflow of i-Softmax function

computed as an unsigned 32-bit integer division of dividend by ¢gum, where dividend is a
fixed constant value of 23° and g, > 0. The constant 23 is chosen to retain computations
within INT32 precision while providing sufficient dynamic range for gg,,. In this way, we
compute the factor once and use it for all the elements of the input vector, as shown in
line 8. Shifting the result by k = 30 — out_bits bits compensates for the multiplication by
dividend from line 7 and ensures that the final result is in out_bits = 8 bits.

Algorithm 3 Integer-only Softmax Approximation

1: function I-SOFTMAX(gi,)

2 fmax < Max(Gin)

3 Ghat < Qin — Qmax

4 Gexp < 1-€XD(qhat)

5: Qreq < Qexp Sreq >>> fp_bits
6 Gsum < Z Qreq

7 factor «— |dividend /qsum |

8 Gout < (Greq - factor) >>>k
9: return guu

10: end function

2.4.3 Layer Normalization

Layer Normalization standardizes the input values across the feature dimension, i.e., each
row vector x of the input matrix, followed by weight scaling and bias addition:

LayerNorm(x;) = Xia_ ’ufy + (2.47)

where p is the mean of an input vector of size N, and o2 is the variance, computed as:

|
p= ; x; (2.48)
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0% = %Z(m — 1) (2.49)

We observed that the variance calculation in Equation 2.49 needs two sequential passes
over the input vector: the first pass to find the mean, and the second pass uses the mean
to compute the variance. We optimize the variance computation to just a single pass by
reformulating the Equation 2.49 as:

N
1
ot =5 (@i —p)? (2.50)
=1
1 N
_ 2 2
= N;(”Cf — 2z + 1) (2.51)
1 [ N N
= v =20y @i+ Ny’ (2.52)
Li=1 =1
1 [ N
— 2 2 2
=5 le —2Nu? + Ny (2.53)
L[
— 2 2
= le — Ny ] (2.54)
1 - N N
1) LR 259
Li=1 =1

In this way, we can compute the sum of the input elements to get the mean and the sum
of the squared input elements in one parallel pass instead of two sequential passes.

For x = ¢S, we can compute the mean as:

S N
n = N ZQZ =9 Gmean (256)
=1
ofp bits N .
Gmean = ( N ) : Z qi| - 2—fp,b1ts (257)
=1

where division by a known parameter N implemented as a multiplication by its inverse.
Similarly, for variance calculation:

3?2 [ & al 2
0'2 = N Z %2 — Gmean Z qgi| = N * Qvar (258)
=1 =1
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Figure 2.8: Dataflow of i-LayerNorm function

For a real valued x = ¢S, we can rewrite Equation 2.47 as:

S —
LayerNorm(qS) = a - ’u'y + 5 (2.59)
S - S * Ymean
=270 e 4 g (2.60)
/ g2
N Qvar
S — Ymean
_ S ) g (2.61)
g2
N Gvar
S NOCEY: (2.62)

V an.I"

— N~y {m 4 qﬁ} (2.64)

var

where g3 = \FLNV’ and v/ N+ is the output scaling factor.

Algorithm 4 shows the integer-only implementation that uses bit shifts to handle scaling
and prevent overflow. We shift the input by k bits to avoid overflow when accumulating the
squared input elements, which is later compensated by shifting gsq by k bits. Similar to
the Softmax strategy, instead of element-wise division by gsq, we compute a single factor
and multiply it with the centered input r.
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Algorithm 4 Integer-only Layer Normalization

1:
2
3
4:
5:
6
7
8
9

10:
11:
12:
13:
14:

function 1-LAYERNORM(¢;y)

Qshift <= Gin >>>k

Qsq < Gshift * Gshift

Gsum — z (in

Gsum_sq < D Gsq

Gmean < Gsum * Niny >>> fp_bits
T < Qin — Gmean

Gmean_mul <~ ¢mean * Jsum

Qmean_sq < Gmean_mul > > > 2k
Qvar — QSuqu - Qmeanjq

st — ([V/@var)) <<<k

factor < |divident/ggq |
Jous < (7 - factor) + ¢
return qu,¢

15: end function
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Chapter 3

Related Work

This section reviews recent efforts in accelerating transformer-based models on FPGAs. It
covers architectural strategies for mapping transformers to reconfigurable hardware, and
the various methods used for hardware implementation of nonlinear functions like Softmax,
GELU, and Layer Normalization.

3.1 Transformer Quantization

Bhandare et al. [3] proposed a post-training quantization method for the pre-trained
Transformer model [33], reducing weights and activations to 8-bit integers while preserving
accuracy. Nonlinear functions were retained in 32-bit floating-point precision, as lower
precision was argued to significantly degrade performance. Zafrir et al. [10] extended the
work in [3] by introducing quantization-aware training for the BERT models, achieving
4x compression with minimal accuracy loss. Similar to [3], they kept nonlinear operations
in FP32 precision but quantized both weights and activations of all linear layers to INT8
during the fine-tuning phase. This approach allowed the model to learn to compensate for
quantization errors during training.

Mixed-precision quantization was used in [1], [11], [20], [30], and [19] to accelerate
Transformer models on FPGAs. They quantize weights to INT4/6/8 but keep activations
in 16-bit fixed-point representation or FP16. In contrast, fixed-point representation was
used throughout the design in both [19] and [16].

[-BERT [17] applies similar quantization-aware training strategy and symmetric quan-
tization scheme as in [10] for the pre-trained RoBERTa model [21], but keeps integer
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precision throughout the design. Several works deploy integer-only inference. SwiftTron
[25] implements I-BERT in a 65nm CMOS technology node using the ASIC design flow
with Synopsys Design Compiler. I-ViT [23] applies integer-only methodology to Vision
Transformers through a GPU-based implementation.

3.2 FPGA-based Transformer Accelerators

Often, nonlinear operations in FPGA-based neural networks are offloaded to CPUs with
only matrix multiplications being accelerated. For example, Auto-ViT-Acc [22] offloads
Softmax and GELU activations to the host CPU when accelerating Vision Transformers.
They perform matrix multiplications on the FPGA using 3/4/8-bit fixed-point weights and
activations. VAQF [30] also implements a Vision Transformer by decreasing the weight
precision to binary (41/-1) and using 6/8-bit integer activations. While they offload scal-
ing, Softmax, and GELU activations to the host CPU, they maintain layer normalization
on FPGA using 16-bit fixed-point precision.

Other works map nonlinear functions on-chip using fixed-point arithmetic. FTRANS
[19] and NPE [16] both use 16-bit fixed-point representation and apply piecewise linear
approximations for nonlinear functions. NPE [16] argues that lookup-based methods for
nonlinear operations demand large and memory-intensive LUTs. LTrans-OPU [1] proposes
a complex two-step approach to nonlinear functions: first training neural networks to ap-
proximate them, then convert these networks into piecewise linear functions implemented
through 16-entry LUTs. While they use 8-bit quantization for weights and activations in
matrix multiplications, their approach requires dequantization to fixed-point before non-
linear computations.

In some recent work, nonlinear functions are kept in floating-point precision on an
FPGA. Flight LLM [11] and Pushing [20] accelerate LLaMA2-7B model on an FPGA by
keeping nonlinear functions in FP16 precision. Zeng et al. [11] target both the Alveo U280
and the Versal VHK158, demonstrating improvements over NVIDIA GPUs in single-batch
inference tasks. They compute matrix multiplications in INT8 precision. In contrast, Li
et al. [20] deploys on the KV260 board, uses 4-bit weight quantization, and converts them
to FP16 before multiplication. The outputs of matrix multiplications remain in FP16 for
nonlinear functions. They employ on-chip INTS8 quantization for some intermediate results
to save memory.

Prior works on FPGA-based accelerators highlight the importance of always-on-chip
inference schemes [19], [20], [11] and the resource-intensive nature of LUT-based approaches
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[16], [1]. However, many designs lack crucial details about precision conversion between
linear and nonlinear functions [20], [11] or omit detailed descriptions of their exponential
function implementations [1], [20]. Furthermore, most hardware-focused works do not
consider integration with quantization-aware training techniques [19], [16].

3.3 Nonlinear Functions

There are also LUT-based approaches to approximate nonlinear functions. Sun et al. [31]
propose a VLSI architecture based on SMIC65nm technology for Softmax. Their “Basic-
Split” approach decomposes exponential calculations into smaller basis components stored
in LUTSs in 32-bit fixed-point precision. Du et al. [11] target 65nm ASIC design and adopt a
hybrid fixed-point approach that combines LUTs for exponential calculations and modified
Maclaurin series with equal-interval LUTs for natural logarithm. Chen et al. [5] further
optimize Softmax implementation using a hybrid method in 16-bit fixed-point precision:
LUTs with exact restoring array dividers for the Most Significant Bits (MSBs), and Taylor
expansion with logarithmic dividers for the Least Significant Bits (LSBs). They reduce
resource utilization by more than 10 times compared to [31] with an increase in maximum
absolute error from 0.399 to 0.447.

In contrast to fixed-point approaches, Belano et al. [2] implement Transformer-based
models on ASIC in floating-point precision. Their SoftEx accelerator computes Softmax
and GELU functions using floating-point exponential approximations. Their system oper-
ates with BF'16 precision for inputs and outputs and uses FP32 for internal accumulation in
Softmax. Whereas, I-ViT [23] implements all nonlinear functions (Shiftmax, ShiftGELU,
[-LayerNorm) using integer arithmetic and shift-based operations, achieving a 3.7-4.1x
speedup over FP32 models on GPUs.
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Chapter 4

Implementation

This chapter describes the implementation details of the inference accelerator. We first
describe the model’s computation flow in Section 4.1 to provide an overview of all the
operations needed for inference. Then, we discuss each building block of the accelerator
in the following sections using a bottom-up approach. Finally, we discuss the architecture
design in Section 4.3 and optimizations made to reduce the resource utilization and latency
in Section 4.4, as well as the batch processing approach for parallel sequence processing in
Section 4.5.

4.1 Model Computation Flow

The model’s computation flow is shown in Algorithm 5, and the output matrix shapes
are commented on each line, where N is the input sequence length, F is the embedding

size, and V is the vocabulary size. Embedding and vocabulary sizes are model-specific
parameters. For the [-BERT base model, £ = 768 and V' = 50265.

Algorithm 5 Model End-to-End Computation.

1: function MODEL(X{okens)

2 Xembed A Embedding(xtokens) > (N7 E)
3 Xhidden <~ EnCOder(Xembed) > (N7 E)
4: Xiogits < LanguageModelHead (Xpidden) > (N, V)
5 return X

6: end function
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For example, the following input sequence “Sun was shining, and <mask> were singing,
and kids’ joy was filling the air. Dogs’ <mask> were echoing as the day’s work began.” has
exactly 32 tokens: [0, 8816, 21, 21003, 6, 8, 50264, 58, 6970, 6, 8, 1159, 108, 5823, 21,
8794, 5, 935, 4, 18619, 108, 50264, 58, 29303, 25, 5, 183, 18, 173, 880, 4, 2|. Tokens 0 and
2 are special tokens that indicate the beginning and the end of the sequence, respectively.
Token 8816 encodes the word “Sun”, 6 is for the comma punctuation mark “,”, 21 is for
the word “was”, and so on. Token 50264 indicates the special masked token <mask>, which
the model will predict by understanding the context around it in the sequence.

For this masking task, the LanguageModelHead is selected to be a linear layer that
transforms the encoder output into a logits matrix where each row is of vocabulary size.
Logits can be considered as the unnormalized probabilities of the vocabulary tokens for
each position in the sequence. We apply argmax to Xjgits to find the index with the largest
value in each row of the matrix. These indices correspond to the predicted token values
in our vocabulary. Finally, predicted integer tokens are decoded back into words using the
model’s vocabulary, e.g., masked positions 7 and 22 in the above example sequence might
be decoded back to “birds” and “voices”, respectively.

Algorithm 6 Encoder Computation

1: function ENCODER(Xembed)

2 Xhidden A Xembed > (N7 E)
3 for(+ 0to L —1do

4: Xhidden EncoderLayer(Xhidden) > (N, E)
5 end for

6 return Xy;qden

7: end function

In the model’s computation flow, shown in Algorithm 5, we accelerate the main En-
coder function on the FPGA, as it is the most time-consuming part of the model (80-90%
of measured runtime on both the CPU and GPU), and leave the rest of the processing
steps, specifically the embedding and language model head, to the host CPU. The Encoder
function is shown in Algorithm 6, where L is the number of layers, H is the number of
attention heads, d = E'/H is the size of each attention head, and F' is the hidden dimension
size of the feed-forward networks. For the I-BERT base model, L. = 12, H = 12, d = 64,
F = 3072. We store the model parameters off-chip and supply them to the accelerator
through the AXI interface. Input embeddings are also supplied through the AXI interface,
and the Encoder output is received from the FPGA once the last layer is computed and
passed to the LanguageModelHead on the host CPU. We send the weights only once and
keep all the activations on-chip (except for the slicing case in Section 4.4.1).
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Figure 4.1: Computation flow of a BERT encoder layer.

Algorithm 7 Encoder Layer Computation

1: function ENCODERLAYER(X)
2 for h < 0to H—-1do
3 Qh%XWQh—Fth I>(N,d)
4: Kh<_XWKh+th > (N,d)
5: Vi, (—XWVh —|—th > (N,d)
6 Sh%Qth D(N,N)
7 Py, softmax(\s/—%) > (N, N)
8 Cy +— PV, D(N,d)
9: end for
10: C + COHC&t(Cg,Cl,...,CH_l) > (N7 E)
11: A CWigt + bast > (N, E)
12: A « LayerNorm(A + X) > (N, E)
13: G(-AW{ﬂ-beﬂ > (N,F)
14: G <+ GELU(G) > (N, F)
15: O + éWffz + b > (N, E)
16: O LayerNorm(O + A) > (N, E)

17: return O
18: end function
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Parameter Dimension
X (N, E)
Wth WKh’ WVh (E? d)

bQy.: bk, b, (Ld)

Watt (E; E)

batt (17 E)

Wit (E, F)

bin (1, F)

Wi (F,E)

b (1, E)

Table 4.1: Dimensions of model input and parameters.

In Algorithm 7, the weights and biases of the EncoderLayer function are layer-specific.
The layer index is omitted for brevity. The dimensions of the parameters are shown in

Table 4.1:

4.2 Linear Layer

The first building block of our accelerator is a Linear layer that consists of matrix multi-
plication and bias addition:
Y =XW+b (4.1)

where X is the input matrix, W is the weight matrix, and b is the bias vector.

Matrix multiplication is implemented using a systolic array, and bias vector addition is
done within the subsequent requantization unit.

4.2.1 Systolic Array

A systolic array is a 2-dimensional grid of processing elements (PEs) connected to each
other in a nearest-neighbor fashion. The array has a parameterizable dimension of N1x N2,
which enables scalability to larger designs. Each PE performs a multiply and accumulate
(MAC) operation on a pair of elements from the input matrices, essentially performing a

dot product on a row of the first input matrix X and a column of the second input matrix
Ww.
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Input matrices X and W are stored in N1 and N2 memory banks respectively, such
that the systolic array can read N1 rows of X (one element per row) and N2 columns of W
(one element per column) in parallel every cycle. New elements from X and W are supplied
to the leftmost column and topmost row of the array respectively. Each PE gets a new
pair of X and W every cycle and passes them to the right and bottom PEs respectively.
The W matrix is vertically split into column-wise blocks, and stored in double-buffered
memory banks to overlap the transfer of the weight matrix with the block multiplication.
Once a PE completes a dot product, the accumulator is reset and the result propagates
horizontally to the right until the rightmost PE, where it gets written into the output
memory bank.

The systolic array is a data-flow architecture that avoids frequent memory accesses and
enhances the reuse of the input data. It is a highly parallel design where computations
are performed simultaneously on all PEs. Data movement is local, which reduces routing
costs and improves timing.

The systolic array design is mainly adapted from the ECE327 Digital Hardware Systems
course laboratories of the University of Waterloo.

4.2.2 Requantization

The systolic array receives quantized inputs in INT8 precision and accumulates the re-
sults in INT32 precision for better accuracy. Requantization performs conversion of the
accumulator data type to match the input precision for the next matrix multiplication,
e.g., the accumulator is converted from INT32 to INT8. We fuse bias addition with the
requantization process since they are both vector operations applied to a matrix row.

Given an integer g3» and its scaling factor S3o, from Equation 2.1, we can express the
real value x3s as:

T32 = (32532 (4.2)
Similarly, given an integer g and its scaling factor Sg, we can express the real value xg as:
Ty = qgSg (4.3)

When changing the precision of an integer, we need to ensure that the real value remains
the same: x3, = xg. Therefore, we can derive the following equation:

(32532 = (858 (4.4)
S32

= — 4.5

ds S 432 (4.5)
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The ratio of real-valued scaling factors is approximated using the Dyadic Numbers concept
(32]:
532 - a
Sy 2
where a and b are integers. Thus, requantization can be implemented using integer addition,
multiplication, and bit shift operations:

(4.6)

}/:i,j = Clamp (((Xz,j + bj) X mj) >>>T4, —M, M) (47)

where X, ; is the input matrix element at row ¢ and column j; b;, m;, and r; are the
elements of the bias, requantization multiplier, and shift amount vectors, respectively;
M is the maximum representable value in the output precision; and >>> denotes the
arithmetic right-shift operation. Requantization module is fully pipelined and can accept
an input every cycle. All the vectors are stored on-chip and are read fully N times, where
N is the number of rows in the input matrix.

4.3 Accelerator Architecture

We construct the Encoder layer from Figure 4.1 in Section 4.3.4 by first dividing it into
three main modules: Attention Head in Section 4.3.1, Linear Layer followed by Layer
Normalization in Section 4.3.2, Linear Layer followed by GELU in Section 4.3.3.

4.3.1 Attention Head

The Attention Head module implements the self-attention mechanism described in Sec-
tion 2.1.2. The input tensor X € Z™*F undergoes three parallel matrix multiplications
with the weight matrices Wy, , Wi, , and Wy, (each € ZF*?) implemented using systolic
arrays, where N is the number of tokens, E is the embedding dimension, and d = E/H is
the dimension of the attention head, and H is the number of heads. These multiplications
produce INT32 results Qp,, K, and Vj, (each € ZN*4). To pass the results into the next
matrix multiplication, we first requantize them back to INTS8 representations @), K;, and
V). The attention context C},, which is the result of multiplying P, and V}, also undergoes
a requantization from INT32 to INTS8. Note that the Softmax accepts INT32 input and
produces INTS8 output.

The attn_head module employs a total of five systolic array multipliers, visualized
as red multiplication circles in Figure 4.2. Each of the systolic arrays can be configured

30



WQh P
EN E
(x) Qn ﬁga @y,
W, - ]
Ky,
—
! g g g
X @ Ky, —'%—' Kj —'@—’ Sh —'é" B, —'@—’ Ch —'% cy,
- =) @ =
Wy, _
EN E -
&V g %
&)
attn_head

Figure 4.2: Dataflow of the attn_head module

to unique N1 x N2 dimensions depending on the input matrix sizes. The outputs of
the systolic arrays are stored in memory banks. Once the multiplications are finished,
the results are streamed to the next module and systolic arrays can accept the next set
of inputs. Systolic array output is stored in N1 memory banks and is transferred from
parallel banks to serial streams. The Softmax module is fully pipelined and can accept a
new input every cycle. It accepts input vectors (S), matrix rows) as a stream, one element
per cycle, and produces an output stream of one element per cycle.

4.3.2 Linear Layer and Layer Normalization

The mm_1n module, shown in Figure 4.3, performs a linear transformation and a requanti-
zation followed by a residual addition and a Layer Normalization. There are two instances
of the mm_1n module in the encoder layer: one for the multi-head self-attention output
processing (Self Output) and one for the feed-forward network (Layer Output) shown on
lines 10-12 and 15-16 of Algorithm 6, respectively.

The residual input is stored in row-major order in a circular buffer where it can be
written while getting read. Matrix addition is performed as a simple adder module with
two streaming inputs. Similar to the Softmax module, the Layer Normalization module is
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Figure 4.4: Dataflow of the mm_gelu module

also fully pipelined and can accept a new input every cycle. It accepts an input stream
from the adder and produces an output stream that goes through a requantization and
then to the next stage.

4.3.3 Linear Layer and GELU

The mm_gelu module, shown in Figure 4.4, performs a linear transformation and applies
a GELU function followed by a requantization. Here, the requantization after a matrix
multiplication is just for a bias addition. The GELU module is fully pipelined consumes an

INT32 input stream and produces an INTS8 output stream that goes through requantization
to INTS.
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Figure 4.5: Dataflow of the encoder module

4.3.4 Encoder

Figure 4.5 shows the encoder module that stitches all the instances of the attn_head,
mm_1n, and mm gelu modules. It consists of four modules: Attention Head, Self Output,
Intermediate, and Layer Output. It handles the external AXI4-Stream interface: supplies
the input stream to the corresponding modules (by demultiplexing it into four modules if
there is only a single channel AXI) and produces the final output stream after iterating
through all the layers.

4.4 Architecture Optimizations

The following Subsections 4.4.1, 4.4.2, 4.4.3, and 4.4.4 describe the optimizations applied
to the architecture where only a single AXI input port is available to send the weights
stored in the off-chip memory to the FPGA. In Section 4.5, we discuss the design with 4
AXT input ports to perform pipelined batch processing.

4.4.1 Slicing

The initial design without all the optimizations was aimed at the case where all of the
activations could not be kept on-chip and had to be written back to off-chip memory. There
are two major memory consumers in the encoder layer: activations and weights. Since the
weight matrices were already vertically split into column-wise blocks (also discussed in
Section 4.4.2) and we store only two blocks of weights in double-buffered fashion (adopted
from the ECE327 labs), the optimization was targeted at splitting the activations. The
idea was to horizontally split the activations with initial dimensions of (Dy, D) into slices
of (D1/S, Ds), where S is the number of slices. When multiplied with a weight matrix
of dimensions (Ds, D3), the result is a matrix of dimensions (D;/S, D3). Splits for the
activations are done horizontally, since a matrix multiplication requires a full row of an
activation matrix and a full column of a weight matrix to compute a single element of
the output matrix. Figure 4.1 shows that attn_head contains a multiplication between
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Figure 4.6: Dataflow of the Slicing optimization

two activations: QK?. By applying slicing, QKT would result in a matrix of dimensions
(D,/S, D;/S). However, Softmax requires a full row of QKT due to the reduction operation
performed on matrix rows. Thus, we apply slicing only to the mm 1n and mm_gelu modules.
So, the lines 10-16 of Algorithm 6 were performed on activations where the first dimension
was sliced to N/S. The slicing strategy needs one layer’s weights to be sent S times to the
encoder except for attn_head where it was sent only once.

Figure 4.6 shows how the inputs to modules are connected with respect to the AXI
interface. First, the input embeddings and attention weights are supplied to attn_head
without slicing. Then, the attn_head output is written back to off-chip memory, since the
following modules operate on just a single slice of the activations. Once the attn_head
finishes computing all the heads, its outputs C}, are concatenated and sliced to be sent to
the next module. Now the rest of the encoder layer executes one slice of the activations at
a time. Note that the sliced activation is provided from the off-chip memory only to the
Self Output module and the next modules receive their input data from the output of the
previous modules following the dataflow shown in Figure 4.6.

4.4.2 One Systolic

From Figure 4.2, we can see that the three systolic arrays that compute @), K3, and V}, can
operate in parallel if they have input X and all the weights Wy, , Wk, , and Wy, available.
However, to save memory usage, we store only two blocks of weights for a systolic array
in a double-buffered fashion. One block of weights has a dimension of (D;, Dy/B), where
B is the number of blocks. This is done to overlap the weight transfer with the matrix
multiplication. Thus, one AXI input port is exclusively occupied with weight transfer
to just one systolic array while the multiplication is performed. We also strategically
choose the systolic dimensions such that AXI interface is kept idle as little as possible.
Exclusive ownership of AXI port by one systolic array during multiplication limits the
parallel execution of multiple systolic. On the boards, where we have only one AXI input
port, attn_head has only one of the Q;,, K}, and V}, systolics active at a time. This means
we can replace the three systolic arrays in attn_head with one systolic array to compute
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Figure 4.7: Dataflow of the One Systolic optimization

Qn, Ky, and V}, sequentially and save on the valuable resources without any performance
loss. Note that this applies to a systolic array that receive one of the inputs from the
off-chip memory through the AXI interface, and does not affect the systolic computing .S,
and P, that have both inputs coming from activations stored on-chip. The output of the
@KV systolic array is then multiplexed to the next sytolics as shown in Figure 4.7.

4.4.3 Read Residuals

From the Figures 4.1 and 4.3, we can see that mm_1n modules need to read the residuals
from one of the previous inputs to perform addition and Layer Normalization. In Algo-
rithm 6, these residuals are denoted as X and A on lines 12 and 16 for the first and second
mm_1n modules respectively. In a fully pipelined design, residuals are stored in dedicated
circular buffers and supplied directly when X and A matrices are streamed. Residual X is
taken from the AXI interface at the same time when it gets written to attn_head systolic
memories. Residual A is taken from the output of the previous mm_1n module when it
is streamed to the mm_gelu module. Similar to the one systolic optimization, these extra
buffers dedicated to residuals can be removed since there is only one AXI input port and
only one systolic can be active in the whole encoder datapath. Circular buffers would be
needed for the batched design where all the modules can be active at the same time.

Since we do not store residuals separately, they need to be read from the systolic memo-
ries after their matrix multiplications are completed. Residuals X and A are taken from the
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activation memories of the systolics in the attn_head and mm_gelu modules respectively.

4.4.4 Block-wise Output

All the systolic arrays fully store the matrix multiplication output in the output memory
banks. Since the weights are supplied block-wise, the systolic array writes only one block
of the output at a time. Therefore, there is a possibility to save on memory usage by
allocating systolic output memories to store only one block of the output and immediately
stream it to the next module to free up space for the next block. However, this optimization
does not apply to systolic that supply output to nonlinear functions that need to see the
whole row of the matrix. Such nonlinear functions are Softmax and Layer Normalization
as they contain vector reduction operations performed on matrix rows. Fortunately, the
GELU function is an element-wise operation and does not need the whole row of the input
matrix to produce an output. Therefore, we can save on the memory usage by storing only
one block of the output G = XWyy. This optimization gives us a significant reduction
in memory utilization since the G matrix is the largest activation in the encoder layer.
Requantization modules in Figure 4.4 are adjusted to iterate every block size instead of
the whole row size.

4.4.5 AXI Packing

Data is transferred from the off-chip memory to the FPGA through the AXI4-Stream
interface. Almost all of the transfers are for sending the weights. For the IBERT-base
model, the number of elements in the weights matrices is more than 99% of the total
number of parameters including biases, requantization vectors, etc. Therefore, it is crucial
to speed up the weight transfer. After quantization, the weights are represented in 8-bit
precision. We deploy a packing technique to pack the weights into the AXI streams that
can be wider than weights precision, such as 32-bit, 64-bit, 128-bit, or more. We fully
utilize the AXI bandwidth by pre-packing the weights and sending them in parallel. On
the PL side, we unpack the weights of the systolic arrays. Wide transfers increase the
complexity of the memories that store the weights which is addressed in subsection 4.6.1.

4.5 Batch Processing

The pipelined architecture of our accelerator is used to its full potential when a batch of
multiple sequences are processed in parallel. This is achieved by having four AXI ports
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Figure 4.8: Pipelined batch processing

to send data from the Processing System (PS) to the Programmable Logic (PL) since
the encoder layer is divided into four pipeline stages: Attention Head - attn_head, Self
Attention Output - self_out, Intermediate - inter, and Layer Output - layer_out. This
is shown in Figure 4.8. Each of these stages has a systolic array that performs matrix
multiplication of activation with a weight matrix, shown as green rectangles in Figure 4.8.
From the discussion in Subsection 4.4.2, we know that each systolic array, that has an
operand as a weight matrix coming from the PS, takes exclusive ownership of one AXI
port during multiplication. Therefore, we need four AXI ports to have all the systolic
arrays active at the same time. Thus, the upper limit of the batch size is 4 which enables
the maximum throughput of the accelerator.

4.5.1 Pipelined Execution

Tables 4.2 and 4.3 illustrate the execution patterns for sequential and pipelined processing
respectively. In the sequential execution, each sequence (S0-S3) completes all its modules
before the next sequence begins. In contrast, the pipelined execution allows modules to
process different sequences simultaneously, significantly reducing the total processing time.
The reduction in the total processing time is less than 4 times because of the three starting
(1-3) and three finishing (49-51) computation cycles where the pipeline is not fully filled.
The timing diagram for each module’s states is given in Figure 4.10, where (a) shows the
fully sequential design and (b) shows the perfectly balanced pipelined design with batch
processing. We can see that all four stages are active simultaneously in the pipelined design
with batching enabled.

4.5.2 Pipeline Buffers

Simultaneous execution of the four stages requires separate buffers for residuals. The reason
is that the residuals are consumed only after the matrix multiplication is completed. This
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r -~ 48 49 -~ 9 97 ... 144 145 --- 192
SO A S I L
S1 A S T L
52 A S T L
53 A ST L

Table 4.2: Sequential execution pattern showing each sequence (S0-S3) completing all
modules 12 times before the next sequence begins. A, S, I, and L represent Attention
Head, Self Attention Output, Intermediate, and Layer Output modules respectively.

12 3 4 5 -~ 48 49 50 51
SO/A S I L A S I L
S1 A S I L A S I L
52 A S T L A S 1T L
S3 A S I L A I L

Table 4.3: Pipelined execution pattern showing concurrent processing of different sequences
across modules. Each sequence (S0-S3) flows through the pipeline while allowing multiple
modules to be active simultaneously.

means that the previous module, e.g., attn_head, has to wait until the next module, e.g.,
self _out, consumes the residual. This results in attn_head being idle the whole time
when self out is performing multiplication. This is illustrated in Figure 4.10-c, where
attn head always waits for self_out to finish the current sequence to start a new one.
attn_head keeps the residual in its systolic memory until self out consumes it, which
happens almost at the end of self out stage. A similar situation occurs with inter,
which supplies residual to layer out stage. Thus, we put separate buffer storages, as
shown in the Figure 4.9, for residuals to avoid these wasted wait cycles.

We also need to place extra buffers at the outputs of each stage to avoid one module
being idle while it has finished its execution but the next module is not yet ready to receive

| 1 | |

Attention Head Self Output Intermediate Layer Output

attn head| | " [ | [mmedu] T AW

Figure 4.9: Encoder layer with residual and output buffers. Orange boxes represent buffers.
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input. This is illustrated in Figure 4.10-d, where inter keeps the output of sequence
S1, waiting for layer_out to finish processing the previous sequence SO. This waiting
propagates back to self _out stage, which also has to wait until inter sends its output
and can receive a new sequence of S2. To reduce the waiting time due to unbalanced
execution times, we need to buffer the outputs of each stage, so each module can start
processing the next sequence without waiting for its outputs to be consumed for at least
one more sequence. Output buffers are also shown in the Figure 4.9.

Although output buffers seem to be mainly required by the unbalanced pipeline stages,
there is also a potential deadlock situation where temporary storage is needed. For ex-
ample, in the perfectly balanced pipeline shown in Figure 4.10-b, with a batch size of 4,
once layer_out completes processing sequence S0, its output has nowhere to go because
attn_head is not yet ready to accept new data. attn_head is not ready since its output
after processing sequence S3 was not yet consumed by self _out, which is still busy be-
cause of sequence S2, and inter is busy because of sequence S1. To resolve this deadlock

caused by circular dependency, the output of layer_out needs to be stored temporarily in
a buffer.

Residual and output buffers are circular buffers since they are written and read only once
as a stream in sequential order. Both of these buffers need just one read and one write port.
Therefore, we use optimized URAMs, discussed in Subsection 4.6.1, to instantiate these
circular buffers. The depth of the buffers is equal to the input matrix size to accommodate
activations of at least one full sequence.

4.6 FPGA Optimizations

In this section, we discuss the optimizations applied to the FPGA implementation.

4.6.1 Memory Optimizations

The efficient utilization of on-chip memory resources is crucial to be able to fit all the
encoder layer activations on-chip. When synthesizing memories of arbitrary dimensions,
the default Vivado synthesis tool mapping to Block RAMs (BRAMs) and UltraRAMs
(URAMS) can lead to suboptimal resource usage.
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Figure 4.10: Execution Waveforms: (a) fully sequential design, (b) perfectly balanced
pipelined design with batch processing, (c¢) batch processing with wasted cycles due to
absence of residual and output buffers, (d) batch processing with residual buffers, but
without output buffers, (e) batch processing with residual and output buffers



BRAM Instantiation

BRAMS36 is a 36K-bit memory primitive and BRAM18 is an 18K-bit memory primitive.
BRAMSs can be configured with different depths and widths. BRAM36 can be decomposed
into two BRAM18s. To optimize memory resource utilization, we implemented custom
memory mapping strategies. Instead of allowing the synthesis tool to automatically map
memories, we explicitly partitioned them into more efficient configurations. For example,
a naive instantiation of a 3K-depth 32-bit wide memory gets synthesized into 4 instances
of BRAM36 primitives consuming more resources than strictly necessary. Which is a 4K-
depth of 36-bit instead of the desired 3K-depth of 32-bit. We restructured the mapping
to explicitly instantiate three BRAM36 primitives, each configured for 1K-depth and 32-
bit width. We noticed that instantiating 32-bit wide memories is also possible by using
BRAMI18 primitives. The technique is to instantiate a memory with 512x32-bit dimen-
sions. Such finer mapping is beneficial since it reduces memory wastage compared to
1K' x32-bit mapping. It covers the cases where the depth is not a multiple of 1K, e.g., for
1.5K x32-bit memory, we instantiate 3 BRAM18s instead of 2 BRAM36s. Similarly, for
wider but shallower memories, such as those with 24K x8-bit dimensions, the default syn-
thesis would map to 16 instances of BRAM18 primitives. Our approach remaps this to 12
instances of BRAM18 primitives, each configured for 2K-depth and 8-bit width, effectively
storing 16K-bit data per BRAM1S.

URAM Instantiation

URAM is a 288K-bit memory primitive and can be configured with a 4K-depth and a width
of 72-bit. URAMs might not be present on all the FPGA devices. In our datapath, the
best place to use URAMs is for deep circular buffers. For example, residual memory needs
to store 24K x8-bit data which needs 192K-bit storage. The default mapping would be 16
instances of BRAM18s. With the BRAM optimizations, we can remap this to 12 instances
of BRAM18s, each configured for 2K-depth and 8-bit width. When URAMSs are available,
we can save on the BRAMs by further remapping this to just a single instance of URAM.
However, naively instantiating a 24K x8-bit memory synthesizes to 6 URAMSs. Therefore,
we deploy a packing technique to change the width to 64 bits. In this way, our 24K x8-bit
memory is reconfigured to 3K x64-bit memory, synthesizing to just 1 URAM. To correctly
perform the writes, we need to register the 8-bit input data for 8 cycles. Similarly, when
we read from an address, we need to slice the correct 8-bit data from the 64-bit word.
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Merge Double Buffers

We observed that instantiating double buffers for weights as two separate memories is not
effective when the necessary depth is shallow. Therefore, we merge the double buffers into
a single memory by logically splitting it into upper and lower address parts. For example,
two buffers of 384x32-bit are merged into a single 768 x32-bit memory, where the first
buffer has an address range of 0-383 and the second buffer has an address range of 384-
767. This requires separate read and write ports for the upper and lower parts. Although
BRAMSs can have true dual-port configurations, double buffering requires only single write
and read ports since only one buffer is written at a time, and only one buffer is read at a
time.

4.6.2 DSP Packing

We adopted the DSP packing technique from [12] to merge two adjacent PEs in the systolic
array to save on the DSP resources. DSP48E1 and DSP48E2 are multiplier-accumulator
primitives that can be configured as 25x18-bit and 27x18-bit multipliers, respectively,
with a 48-bit accumulator. DSPs have a preadder that can add two numbers and produce
a result that goes as a multiplier operand. Adder operands’ precisions should be limited
to 24 and 26 bits for E1 and E2, respectively, to prevent overflow or underflow. The DSP
equation is given by:

P=(A+D)-B (4.8)

where A and D are preadder operands and B is the multiplier operand. To pack two INTS8
multiplications into a single DSP, we need to reformulate the equation as:

P=A-B+D-B (4.9)

where B would be the common multiplier. Equation 4.9 can be implemented in the systolic
array to merge two vertically adjacent PEs that operate on the same column of the weight
matrix and two rows of the activation matrix, or two horizontally adjacent PEs that operate
on the same row of the activation matrix and two columns of the weight matrix.

We need to ensure that the preadder result contains A and D in the upper and lower bit
positions respectively with enough separation such that the multiplier P can be correctly
split into two different multiplication outputs. This is achieved by shifting the input A by
at least 16 bits since D - B will at most occupy the lower 16 bits of P. It means that the
preadder should be at least 16 + 8 = 24 bits wide which is provided by both DSP types.

42



So, the final DSP packing equation is:

where A, B, D are 8-bit inputs, preadder result of (A << 16) + D has D in the lower 8
bits, and A starting from the 17th bit onwards, and P; and P, are the outputs of the two
multiplications, with P, being the lower 16 bits of P, and P; being the rest.

The caveat with DSP packing is that now the accumulation should be realized outside of
the DSP. With single INT8 multiplication, 32-bit accumulation can be absorbed inside the
DSP logic. However, with packed two INT8 multiplications, 48-bit accumulator precision
is not enough to have two 32-bit accumulations. Therefore, accumulations realized outside
of the DSP might increase the LUT usage. This trade-off should be carefully considered
for the best utilization of the FPGA resources.
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Chapter 5

Results

This chapter presents the experimental results and analysis of our integer-only BERT
implementation. We evaluate both the training accuracy and inference performance across
different hardware platforms.

The chapter is organized as follows. Section 5.1 demonstrates the finetuning process and
accuracy results on GLUE benchmark tasks. Section 5.2 evaluates our FPGA accelerator
implementation, comparing performance with GPU and Apple platforms, and analyzes
resource utilization and design space exploration results.

5.1 Training

We follow the training procedure described in [17] to finetune the I-BERT-base model. We
load the pre-trained I-BERT-base model using the transformers library from HuggingFace’s
model hub with the model path kssteven/ibert-roberta-base. To obtain a model in
integer-only precision, we complete the following steps:

1. Finetune from the pre-trained model in full precision on a downstream task and save
the checkpoint once the desired accuracy is achieved.

2. Change the model configuration file to enable integer-only quantization mode.

3. Continue finetuning from the saved checkpoint on the same downstream task but now
with quantization mode enabled, essentially performing Quantization-Aware Train-
ing/Finetuning to recover the accuracy loss due to quantization.
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Task Description
MNLI-m Determine if a premise entails, contradicts, or is neutral to a hypothesis

QQP Determine if two questions are semantically equivalent

QNLI Determine if a question can be answered using a given sentence
SST-2 Classify the sentiment of a sentence as positive or negative
CoLA Determine if a sentence is grammatically correct

STS-B Predict the semantic similarity between two sentences

MRPC Determine if two sentences are paraphrases of each other

RTE Determine if a hypothesis is entailed by a given premise

Table 5.1: Description of GLUE benchmark tasks

When integer mode is enabled, all the floating-point operations are replaced with their
integer-only implementations, and forward pass during training is performed with quan-
tized weights and activations. For backward passes, weights are still updated with floating-
point precision. Thus, QAT uses Dynamic Quantization for better convergence. Authors
in [17] refer to Yao et al. [39] for more details about the quantization-aware finetuning
method for integer-only quantization.

For the training setup, we use an NVIDIA GeForce RTX 4070 SUPER GPU with
12GB of memory. Finetuning results of the [-BERT-base model on the General Language
Understanding Evaluation (GLUE [31]) benchmark tasks are reported in Table 5.2. For
performance evaluations, we use the standard metrics from the GLUE benchmark. As in
[17], the average of two metrics was used for the following tasks: classification accuracy and
F1 score for QQP [11] and MRPC [10], Pearson Correlation and Spearman Correlation for
STS-B [1], and Matthews Correlation Coefficient for CoLA [36]. Classification accuracy
is reported for the remaining tasks: RTE [0], QNLI [28], SST-2 [29], and MNLI-match
(MNLI-m) [37]. A description of GLUE benchmark tasks is provided in Table 5.1.

Table 5.2 shows the performance of the - BERT-base model. The authors in [17] re-
ported that [-BERT in INTS8 achieves nearly the same performance as its FP32 counterpart.
We reproduce similar results from our finetuning experiments. It is worth noting that the
INTS8 model can even achieve better performance than the FP32 model on some tasks,
such as QQP, SST-2, and MRPC. Figure 5.1 shows that the INT8 models improve their
validation accuracy over training epochs, which confirms the effectiveness of QAT.

We also report the performance of the [-BERT-base model in lower precision modes,
such as INT4 and INT6, on STS-B, MRPC, and RTE tasks. The results are shown in
Table 5.3. Although both INT4 and INT6 models achieve lower performance than the
INTS8 model, the performance drop of INT6 from INTS8 is less than 1%.
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Model Precision MNLI-m QQP QNLI SST-2 CoLA STS-B MRPC RTE

BERT [5] FP32 84.6 71.2 90.5 93.5 92.1 85.8 88.9 66.4
RoBERTa [6] FP32 87.6 91.9 92.8 94.8 63.6 91.2 90.2 8.7
I-BERT [7] FP32 87.8 90.4 92.8 94.6 61.2 91.1 90.9 78.0
I-BERT [7] INTS 87.5 90.2 92.8 95.2 62.5 90.8 91.1 79.4
I-BERT-f FP32 86.2 90.1 91.9 94.8 63.2 90.7 90.1 81.2
I-BERT-f INTS8 86.0 90.3 89.4 94.9 62.1 90.0 91.1 79.4

Table 5.2: Performance comparison of different BERT base models on GLUE benchmark
tasks (higher is better). I-BERT results are taken from [17], whereas I-BERT-f is the
performance result of our finetuning.
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Figure 5.1: Validation accuracy of [-BERT-base model during training on MRPC and
QNLI tasks

Precision STS-B MRPC RTE
FP32 90.7 90.1 81.2
INTS 90.0 91.1 79.4
INTG6 89.0 90.0 78.7
INT4 76.7 75.1 57.8

Table 5.3: Performance comparison of different BERT base models on GLUE benchmark
tasks.
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Platform Tech F (GHz) DDR (GB) DDR Bandwidth (GB/s) L2 (MB)
NVIDIA RTX 4070 SUPER | 5nm  1.98-2.48 12 504 48
NVIDIA Jetson Orin Nano 8nm 1.0 8 68 2-4
Apple M1 5nm 3.2 16 70 12
Apple M4 3nm 3.49 16 100 32

Table 5.4: Hardware specifications of evaluated platforms

Specification Kria KV260 PYNQ-Z1
Device Zynq UltraScale+ MPSoC  Zynq 7000
Technology 16nm 28nm
CPU Frequency 1.33 GHz 650 MHz
DDR 4GB 0.5GB
LUT 175K 71K
FF 234K 106K
BRAM 144, 648KB 144, 648KB
URAM 64, 2.25MB -
DSP 1280 220

Table 5.5: FPGA platform specifications

5.2 Inference

We implement our accelerator on two FPGA boards: PYNQ-Z1 and Kria KV260. Ad-
ditionally, we compare the inference performance across different hardware platforms in-
cluding NVIDIA RTX 4070 SUPER and Jetson Orin Nano GPUs, and Apple M1 and M4
chips. Tables 5.4 and 5.5 provide the key specifications of these platforms.

From Table 5.6, we can observe that the [l BERT-base model exceeds the on-chip ca-
pacity of the FPGA boards. With quantized weights from FP32 to INTS, we reduce the
memory footprint of the I-BERT-base model from 501MB to 150MB.

Model ‘ Layers ‘ Embed. Size ‘ Attn. Heads ‘ Parameters ‘ Memory
[-BERT-base 12 768 12 125M | 501MB
[-BERT-large 24 1024 16 355M | 1.43GB

Table 5.6: Dimensions of I-BERT [17] models in FP32 baseline
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Slices | Runtime (ms)

8 6612
2 2562
1 2424

Table 5.7: Impact of number of slices on runtime performance on PYNQ-Z1

5.2.1 Design Space Exploration

We started our design with the goal of implementing pipelined encoder architecture shown
in Figure 4.1. At the initial stages of the design, we deployed the slicing approach, discussed
in Section 4.4.1, to be able to fit the model on a resource-constrained FPGA on the PYNQ-
71 board. Runtime results of the slicing approach are shown in Table 5.7: all the systolic
arrays are of size 4x4 and the AXI packing factor is 1. We observe that the runtime reduces
with decreasing slices, but the reduction is not linear. For example, a decrease from 8 slices
to 2 slices results in only 1.93x speedup instead of 4x, and only 1.07x from 2 slices to 1
slice. This is because we hit the computation bottleneck: improving communication speed
does not help if we do not increase the systolic array sizes.

We were able to reduce the number of slices to 1, essentially sending the weights only
once to the FPGA, and keep all the activations on-chip mostly due to resource optimiza-
tions, such as the reuse of one systolic array in the Attention Head module, block-wise
output storage, and removal of the separate residual buffers. For example, in the Interme-
diate stage, we multiply an activation matrix with dimensions of (32, 768) with a weight
matrix of dimensions (768, 3072), resulting in an output of (32, 3072). Weights are supplied
in blocks of (768,4). Block-wise output storage allows us to store the output of only one
block at a time (32,4), instead of the entire matrix of (32,3072), resulting in a significant
memory reduction, since the matrix multiplication outputs are in 32-bits.

For our fully on-chip FPGA implementations, we conducted extensive design space
exploration as shown in Table 5.8. We vary the systolic array dimensions, AXI packing
factor, and operating frequency. On the PYNQ-Z1 board, we achieved a 1.93x speedup by
increasing the operating frequency from 50MHz to 100MHz. Further, we optimize through
AXI packing to pack 4 elements into a single AXI transaction and double the systolic
dimensions for (Nipter and Niayer) modules that contain the largest matrix multiplications
achieving 870ms latency. We can see that the latency is directly proportional to the size
of the systolic arrays. However, the largest systolic sizes that can be accommodated are
limited by the available FPGA resources, especially on a small FPGA like the PYNQ-
Z1. The KV260 board, with larger resources than the PYNQ-Z1, enables larger systolic
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Board F (MHZ) Nattn Nself Ninter Nlayer PaCking Runtime (HlS)
PYNQ-Z1 50 4 4 4 4 1 3492
PYNQ-Z1 100 4 4 4 4 1 1812
PYNQ-Z1 100 4 4 4 4 4 1764
PYNQ-Z1 100 4 4 8 8 4 870
KV260 100 8 8 8 8 4 446
KV260 100 8 8 8 8 8 441
KV260 100 8 8 16 16 8 235
KV260 100 16 16 16 16 8 132
KV260 100 16 16 16 16 16 131
KV260 200 16 16 16 16 16 66
KV260 250 16 16 16 16 16 23

Table 5.8: Our FPGA inference designs with different frequencies, systolic array dimen-
sions, and AXI packing.

array dimensions. The largest design with 16x16 systolic arrays and AXI packing of 16
achieves H3ms latency at 250MHz. Note that increasing the AXI packing factor gives
diminishing returns if we do not increase the systolic size. For example, increasing the
AXI packing factor from 4 to 8 on KV260 only reduced the latency by 5ms for the 8x8
systolic array design. This is a compute and communication trade-off that needs to be
balanced considering the available AXI bandwidth. We investigated that a packing factor
of 16 elements with the available 128-bit interface (16 xINT8=128-bit) is sufficient for the
systolic array sizes of 16x16, since we supply one INT8 weight element every cycle to each
systolic column.

Table 5.8 also shows that increasing the systolic array dimensions gives consistent im-
provements in latency, confirming that the matrix multiplications are the main computing
components. This is also the reason why we instantiate only single copies of nonlinear func-
tion units in a module, e.g., instead of supplying a 4x4 systolic array output to 4 Softmax
units in parallel in the Attention Head module, we use a single Softmax unit that accepts
a serialized output from the systolic array output memory banks. It can also be observed
from the dimensions of the activation matrices vs. the weight matrices, e.g., (32,768) vs.
(768,3072). Since the weights are supplied on a stream basis, matrix multiplication takes
at least the amount of time it takes to transfer the whole weight matrix. Thus, the time
to serially send the activations is negligible compared to the matrix multiplication cycles.
Moreover, in our pipelined design, systolic output can be streamed out in overlap while
new inputs are loaded.
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F (MHz) 100 | 200 | 250
Non-Batched design runtime (ms) 131 | 66.0 | 53.0
Batched design runtime (ms) 200 | 100 | 80.0
Non-Batched design throughput (seq/s) | 7.63 | 15.2 | 18.9
Batched design throughput (seq/s) 20.0 | 40.0 | 50.0
Speedup 2.62 | 2.64 | 2.65

Table 5.9: Performance comparison of non-batched and batched designs at different oper-
ating frequencies on KV260.

sN | Cycles
2 374
4 335
8 332
16 | 331

Table 5.10: Attention head execution cycles

Table 5.9 demonstrates the effectiveness of our batch processing implementation with
four AXI ports. At 250MHz, while the non-batched design achieves 53ms latency, the
batched design processes four sequences in 80ms. Although the total latency increased, we
achieved a throughput improvement of 2.6x across different operating frequencies, validat-
ing the efficiency of our pipelined architecture for batch processing.

Table 5.8 shows all the main systolic dimensions that perform multiplication with the
weights. Two systolic arrays in the attention head multiply activations. Their dimension
sN is kept small since their computation is overlapped with the computation of the main
systolic arrays. Table 5.10 shows the number of cycles for the attention head execution
with different sN. We see that after sV = 4, there is almost no improvement since the
attention head execution is dominated by the computation of the main systolic array.

5.2.2 Runtime Comparisons

For comparison purposes, we tried to run integer-only inference on the GPU and Apple
platforms. In Table 5.11, we show the inference performance comparison for different
precision modes. There are three precision modes: full FP32 mode, INT8 weights and
activations cast to FP32, and full INT8 mode. We use the source code from HuggingFace’s
transformers library which was provided by the authors of - BERT in [17]. Although, the
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Precision ‘ RTX 4070 ‘ Apple M1 ‘ Apple M4 ‘ Jetson Orin Nano

fp32 11.2 15.2 10.4 26.7
fp32(int8) 283 546 417 701
int8 624 511 367 1073

Table 5.11: Impact of quantization on inference latency (ms)

source code provides details of implementing integer-only nonlinear functions, all the data
types are still in floating-point precision. Their GitHub page' has a note saying that:
“Our work is still in progress. Currently, all integer operations are executed with floating-
point.”. We modified the source code to remove all the floating-point conversions and use
integer-only data types for all the operations for inference purposes. So, full FP32 refer
to the original source code and FP32(INT8) is execution with “quant” mode enabled, and
INTS refers to our modified integer-only implementation. We notice that INTS inference
latency is higher than both FP32(INTS8) and full FP32. This is because the integer-only
implementation is not optimized with the CUDA-specific kernels. Authors of I-BERT
mention using TensorRT kernels for INTS8 inference that outperform FP32 inference by 2-
3x. However, the source kernels were not provided. Furthermore, they only report relative
speedup without actual latency measurements.

Therefore, for comparisons we use FP32 implementation, and the results are shown in
Table 5.12. For batch size 1, FP32 inference latency ranges from 10.4ms on Apple M4 to
26.7ms on Jetson Orin Nano. Increasing the batch size to 4 improves throughput on all
platforms. They all outperform our FPGA implementation mainly due to larger on-chip
resources, especially the number of cores, on-chip memory, and higher memory bandwidth.
For example, Jetson Orin Nano has 68GB/s memory bandwidth [20], while KV260 has
only 16GB/s at 250MHz with four 128-bit AXI ports.

5.2.3 Resource Utilization

The resource utilization for both single and four AXI designs is detailed in Table 5.13. The
four AXI design show slightly higher resource usage across all the resources (an increase
of at most 8%), except for the DSP utilization which is the same for both designs. We
emphasize that Table 5.13 reports the utilization without the DSP packing optimization.
After exploration of DSP packing, we observed that implementing accumulation outside
of the DSP primitives requires additional LUTs to perform the addition. Thus, we cannot

Thttps://github.com /kssteven418/I-BERT
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Device Latency (ms) Throughput (seq/s)
Batch 1 Batch 4 | Batch 1  Batch 4
RTX 4070 11.2 11.5 89.3 348
Apple M1 15.2 24.8 65.8 161
Apple M4 10.4 16.6 96.2 241
Jetson Orin Nano 26.7 42.7 37.5 93.7
KV260 53.5 80.0 18.9 50
PYNQ-Z1 879 - 1.15 -

Table 5.12: Comparison of inference latency and throughput of different devices

Resource | Available | Single AXI Util (%) | Four AXI Util (%)
LUT 117,120 63,946 (54.6) 63,351 (58.8)
FF 234,240 125,998 (53.8) 135,860 (58.0)
CLB 14,640 14,268 (97.5) 14,575 (99.6)
BRAM 144 97 5 (68.1) 105 (72.9)
URAM 64 41 (100.0) 43 (67.2)
DSP 1,248 1,123 (90.0) 1,123 (90.0)

Table 5.13: FPGA resource utilization for the single and four AXI designs on KV260.

employ DSP packing on KV260 since we are already at the limit of the available CLBs
(97.5-99.6%). However, given more LUTSs, DSP packing can be used to scale our design to
32x32 systolic arrays by using the same number of DSPs.

Resource utilization breakdown of nonlinear functions on FPGA is shown in Table 5.14.
LayerNorm modules consume the most resources, while GELU is relatively lightweight. In
total, nonlinear functions account for only 3.56-10.1% of the total resources of the four
AXT designs, with the highest proportion being LUT usage at 10.1%.

5.2.4 CPU Offloading

We also include a runtime analysis of nonlinear functions in FP32 precision executed on
the ARM CPU of KV260 in Table 5.15. GELU dominates the computation with 37.4ms
due to the largest input size, while Softmax and Layer Normalization contribute 2.9ms
and 2.3ms, respectively. The total time spent in nonlinear operations amounts to 45.1ms
per layer, resulting in 541.2ms across all layers. This means that a design that offloads
nonlinear functions to the CPU needs at least 541.2ms to perform nonlinear operations on
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Module LUT | FF | BRAM | DSP
Softmax 1168 | 1291 0 14
GELU 329 | 394 0 6
LayerNorm1 2719 | 1656 1 10
LayerNorm?2 2719 | 1656 1 10
Total Nonlinear 6935 | 4997 2 40
% of Total Design | 10.1 | 3.68 1.90 | 3.56

Table 5.14: Resource utilization of nonlinear functions on FPGA.

Operation Input Dimensions | CPU Runtime (ms)
Softmax (32,768) 2.9
LayerNorm1 (32,768) 2.3
Gelu (32,3072) 37.4
LayerNorm?2 (32,768) 2.3
1 Layer - 44.9
12 Layers - 538.8

Table 5.15: CPU Offload Operation Runtimes in FP32

a single sequence. This is 10x slower than our FPGA implementation which has a latency
of 53.5ms. The reason is that nonlinear function execution on the FPGA is overlapped with
the output streaming of the systolic arrays. Therefore, implementing nonlinear functions
on an FPGA provides significant speedup compared to offloading to the CPU at the cost
of only 10% of additional hardware resources.

5.2.5 Power Consumption

Table 5.16 compares the power consumption and inference latency of our KV260 imple-
mentation against Jetson Orin Nano and Apple M4. Our design on the KV260 achieves
53.5bms latency while consuming 12W of power. While the Apple M4 achieves lower la-
tency at 10.4ms, it requires higher power consumption at 30W. The Jetson Orin Nano,
operating in two different power modes, demonstrates a trade-off between performance and
power consumption - its high-performance mode achieves 26.7ms latency at 11W, while
the low-power mode operates at 38.4ms latency using OW.
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Device Power (W) | Latency (ms)
KV260 12 53.5
Apple M4 30 10.4
Jetson Orin Nano (Low Power) 9 38.4
Jetson Orin Nano (High Performance) 11 26.7

Table 5.16: Power consumption and latency comparison across different devices, batch size
of 1.

5.3 Comparison with Prior Works

We compare resource utilization and performance numbers of our design with prior works
in Table 5.17 and Table 5.18. We implement the [-BERT-base model which is a finetuned
RoBERTa-base model with an integer-only inference. Thus, we can directly compare our

design with prior works that also implement the RoBERTa-base model [19, 16, 1]. We
have the highest clock frequency of 250MHz among the RoBERTa-base models shown in
Table 5.17. It needs to be noted that power measurements of Pushing [20] are reported

from the Vivado tool, and not measured during the actual board run as we do. As for
the Vivado report, our power consumption for the batched design on KV260 is 5.5W.
This puts our design as the most power-efficient implementation among the listed FPGA
accelerations. In contrast to encoder-based models, Flight LLM [11] and Pushing [20] deploy
decoder-based 7B parameter LLaMA2 model on FPGAs. Pushing [20] shows the highest
clock frequency of 300MHz which is mostly due to their low resource utilization shown in
Table 5.18. They justify using a dot-product approach with only 128 parallel multipliers,
rather than a full matrix multiplication unit, by pointing to the highly vectorized nature
of decoder-based models: during the decode phase, only one token is generated at a time.
However, we notice that their throughput is only 4.9 tokens/s compared to 55.0 tokens/s
of a similar LLaMA2-7B implementation in FlightLLM [11].

We use the least number of resources except for the URAM utilization, after Pushing
[20], compared to the other designs. At the same time, we achieve the second highest
throughput per DSP of 44.5 x 1073, while using significantly fewer BRAMs, LUTSs, and
FFs compared to NPE [16] which has 66.9 x 1073 throughput per DSP. We emphasize
that given more LUT resources, our design can adopt DSP packing to double the systolic
dimensions to reach higher throughput by keeping the same DSP usage. LTrans-OPU [I]
reports the highest throughput (222.0 seq/s) among the RoBERTa implementations but
requires substantial resources (6,144 DSPs, 1,129 BRAMs).

Most of the works accelerate single-sequence inference, except for FTRANS [19] which
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Design Model Platform Freq. (MHz) | Power (W)
FTRANS [19] RoBERTa-base | Xilinx Virtex VCU118 | 170 25

NPE [10] RoBERTa-base | Zynq Z-7100 200 20
LTrans-OPU [!1] | RoBERTa-base | Xilinx Alveo U200 200 -
FlightLLM [11] | LLaMA2-7B Xilinx Alveo U280 225 45
Pushing [20] LLaMA2-7B Kria KV260 300 6.6

Our RoBERTa-base | Kria KV260 250 12

Table 5.17: Platform and model specifications of different FPGA implementations

Design Bsai;zh DSP | BRAM | URAM | FF | LUT (Lniz) (SEE;‘S) TI(“{'O/[;)SP
o] | 1 6531 - ~ [ 507K | 451K | 10.6 | 94.3 14.4
no] | 4 |es31| - - | 507K | 452K | 403 | 99.1 15.2
no |8 |es31| - ~ | 509K | 452K | 79.0 | 101 15.5
0o | 16 |6531| - - | 509K | 453K | 157 | 102 15.6
0] | 1 [2,020] 369 0 | 351K | 192K | 7.40 | 135 66.9
(1] 1 |6144 | 1120 | 0 S| - 450|222 36.1
] | 1 (6345 1,252 | 792 | 943K | 574K | 182 | 55.0' | 8.67
o] | 1 | 201 | 365 | 10 | 105K | 78K | 204 | 4.9! 16.8
Our | 1 | 1,i123] 975 | 41 | 126K | 64K | 535 | 18.9 16.8
Our | 4 |1,023| 105 | 43 |136K | 69K | 80.0 | 50.0 | 445

Table 5.18: Resource usage and performance of different designs: Lat. is Latency (lower is
better), Thr. is Throughput (higher is better), Thr./DSP is Throughput per DSP (higher
is better). Notes: 1 — decoder based models report tokens per second.

reports performance numbers for batch sizes of 1, 4, 8, and 16. Their resource utilization
stays almost on the same level for different batch sizes which is similar to what we observed
in our design. However, their latency increases linearly with the increase in batch size, while
throughput stays almost the same. This suggests that their design processes each sequence
mostly sequentially. In comparison, our design shows a 2.6x throughput improvement for
a batch size of 4 compared to single sequence inference, demonstrating the benefits of our
pipelined architecture for batch processing. We also highlight that our design is easily
scalable given a larger device, and we can anticipate further throughput improvements for
larger designs.

We also compare the resource utilization of different nonlinear function implementations
in Table 5.19. For all the nonlinear operations, NPE [16] and Pushing [20] report the
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Design Unit Data Format | LUT | FF | DSP | URAM | BRAM
NPE [16] Vector 16-bit fixed | 38K | 13K | 32 0 32
Pushing [20] Vector | FP16 29K | 40K | 24 3 6.5
Our Vector INT32 6.9K | bK 40 0 2
Basic-Split [31] Softmax | 32-bit fixed | 18K | 16K | 0 0 0
Booth Multiplier [5] | Softmax | 16-bit fixed | 2K | 1.4K |0 0 0

Our Softmax | INT32 11K | 1.2K | 14 0 0

Table 5.19: Resource utilization comparison of different nonlinear function implementations

resource utilization of their vector units that implement all the nonlinear functions. Thus
we also report the total resource usage of all of our nonlinear units combined. NPE
[16] implements piecewise polynomial functions using 16-bit fixed-point arithmetic, while
Pushing [20] adopts FP16 floating-point arithmetic. Our design uses INT32 arithmetic,
achieving significantly lower resource utilization in terms of LUTs, FFs, and BRAMs.
We use slightly more DSPs due to second-order polynomial functions used for nonlinear
approximations.

For softmax implementations, the Basic-Split approach [31] decomposes exponential
calculations into LUT-based operations using 32-bit fixed-point arithmetic, requiring 18K
LUTs and 16K FFs. Chen et al. [5] design a hybrid exponent unit with 16-bit fixed-point
precision and dedicated Booth multiplier to reduce resource usage to 2K LUTs and 1.4K
FFs. Our INT32 softmax implementation further reduces LUT usage to 1.1K and FF's to
1.2K while utilizing 14 DSPs.
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Chapter 6

Conclusion

6.1 Conclusion

This thesis has investigated accelerating BERT model inference on FPGAs through integer-
only computation. The key contributions of this thesis are:

e Implementation of integer-only nonlinear functions (GELU, Softmax, Layer Normal-
ization) on FPGAs that utilize only 10% of the total design resources. Our on-chip
implementation is at least 10x faster than the CPU offloading approach, achieving
53ms latency at 250MHz for a single sequence on the KV260 board.

e Optimizations to solve on-chip resource limitations, enabling us to keep all the ac-
tivations on-chip. We explored different BRAM/URAM configurations for efficient
synthesis, merged double buffers, and implemented block-wise output storage. We
adopted an AXI packing technique to send multiple 8-bit weights in wider transac-
tions (up to 128-bit), which allowed faster weight transfer. We applied a resource-
sharing strategy to reuse a single systolic array in the attention head module to free
resources for larger systolic dimensions.

e A novel batched, pipelined architecture with four parallel processing stages (Atten-
tion Head, Self Attention Output, Intermediate, and Layer Output). We analyzed
potential pipeline stall cases and placed pipeline buffers to eliminate module idle
times and prevent deadlocks. We achieved a consistent 2.6x speedup in throughput
over a non-batched design on a wide range of operating frequencies.
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These optimizations collectively enabled us to implement a fully on-chip design with
16x16 systolic arrays operating at 250MHz on KV260, achieving 53ms latency for single-
sequence inference and processing four sequences in parallel with 80ms total latency. The
experimental results show that our batched design outperforms the non-batched approach
by processing four sequences simultaneously. Our implementation demonstrates that by
removing floating-point operations and using efficient integer approximations as shown in
[17], combined with our optimization techniques, it is possible to achieve a high throughput
on FPGAs while maintaining model accuracy.

6.2 Limitations and Future Work

Despite the above results, several limitations and opportunities for future work remains:

e Larger models: At present, we have used [-BERT-base model for the analysis, but
integer-only [17] approach can be also applied to larger transformer models.

e Decoder-based models: This work has been performed on the encoder-only model
(BERT). Implementing decoder-based models will enable us to extend the application
of our techniques to generative models.

e Lower precision quantization: We have also applied successful QAT to reduce
the precision of the model from FP32 to INT8 and INT6. Further work on even lower
precisions, such as INT4 and INT3, may lead to more memory savings. Our initial
experiments show that INT4 causes severe accuracy drop, thus the research aim is
to address this issue.

e Hardware scaling: Implementation on larger FPGA boards and devices. Our
design is easily scalable when more on-chip resources are available.

e Comparison with floating-point implementations: A direct comparison with
FPGA implementations that use floating-point would have given a better under-
standing of the advantages of using only integers in terms of resources, time, and
power consumption.
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