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Abstract: Deep learning (DL) accelerators are critical for handling the growing computational demands of modern
neural networks. Systolic array (SA)-based accelerators consist of a 2D mesh of processing elements (PEs) working
cooperatively to accelerate matrix multiplication. The power efficiency of such accelerators is of primary importance,
especially considering the edge Al regime. This work presents the SAPER-AI accelerator, an SA accelerator with
power intent specified via a unified power format representation in a simplified manner with negligible microarchi-
tectural optimization effort. Our proposed accelerator switches off rows and columns of PEs in a coarse-grained
manner, thus leading to SA microarchitecture complying with the varying computational requirements of modern
DL workloads. Our analysis demonstrates enhanced power efficiency ranging between 10% and 25% for the best
case 32x32 and 64x64 SA designs, respectively. Additionally, the power delay product (PDP) exhibits a progressive
improvement of around 6% for larger SA sizes. Moreover, a performance comparison between the MobileNet and
ResNet50 models indicates generally better SA performance for the ResNet50 workload. This is due to the more
regular convolutions portrayed by ResNet50 that are more favored by SAs, with the performance gap widening as
the SA size increases.

Key words: Artificial intelligence (AI) accelerators; Application-specific integrated circuit (ASIC) design; Systolic
arrays; Low-power designs
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1 Introduction that such DL models can accord, huge operational
costs need to be incurred due to the computational

The meteoric rise in deep learning (DL)-based complexities accompanying such models (Yiiziigiiler
solutions has revolutionized a variety of domains al., 2023). Therefore, specialized DL accelera-
such as image processing, pattern recognition, and g are necessary to offer enhanced computational
transportation. To make full use of the benefits prowess while still being energy efficient. Several

such accelerators have been proposed on both sides of
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incorporate matrix multiplication as the primary
primitive, which in turn, fortunately offers a lot
of parallelism, and its acceleration is imperative to
achieve tremendous processing demands of the DL
workloads (Muslim et al., 2024).

Several general matrix multiplication (GEMM)
accelerators found in the literature are based on sys-
tolic arrays (SAs) (Jouppi et al., 2017; Song et al.,
2019; Lai and Zhang, 2024). SA is a two-dimensional
mesh of processing elements (PEs) with each PE be-
ing fed inputs from the left and top sides. Each PE
performs a multiplication and accumulation (MAC)
operation every clock cycle, and the partial result
and the input are fed to the neighboring PE via
pipeline registers. In this way, the PEs collaborate
to offer enhanced parallelism in processing data ef-
ficiently and accelerate the DNN computation. A
typical SA architecture is depicted in Fig. 1. Multi-
plier X is indicated on the left while the multiplicand
Y and the bias term W are on the top side of SA in
Fig. 1.
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Fig. 1 A typical SA architecture with output and
weight stationary data flows

One of the main factors necessitating the usage
of customized architectures for DL acceleration is
the resulting improvement in the energy efficiency of-
fered by the accelerators. Such customized hardware
must comply with the tight power budget, which is
important both at the cloud and the edge.
ever, the power efficiency of such designs at the edge

How-

due to the constrained power availability is of even
greater importance (Kim et al., 2020). Thus, a lot
of research has been done in recent years to improve
the power efficiency of such hardware accelerators.
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The research found in the literature mainly targets
complex microarchitectural optimizations, e.g., by
reducing expensive memory access optimizations or
by quantization of the networks leading to approx-
imate computing, thus leading to enhanced energy
savings (Chen YJ et al., 2016; Moons et al., 2016).

Moreover, the modern DNNs are accompanied
by increased sparsity, much like their biological coun-
terparts and can generalize well when compared to
their denser versions (Hoefler et al., 2021; Guo et al.,
2024). Owing to their reduced memory footprints,
enhanced power efficiency and lightweight implemen-
tation suited to the inference regime, such networks
are primarily suited for edge artificial intelligence
(AI) devices (Hoefler et al., 2021). The sparsity, how-
ever, is counterproductive when DNN implementa-
tion via SA-based accelerators is concerned. This
is due to the fact that the SAs are well-suited for
dense, regular computation patterns accompanied by
predictable dataflow in the array (Xu et al., 2021a).
The irregularity in data accesses as well as in com-
putation patterns causes several PEs to remain idle,
consuming power while not doing any useful compu-
tation, thus adversely affecting the power efficiency
(Chen YH et al., 2016; Xu et al., 2023). The impact
of various types of convolutions on the utilization
of SAs is depicted graphically in Fig. 2. Fig. 2a
shows the typical GEMM, while the matrix—vector
multiplication (mimicking depthwise convolution) is
depicted in Fig. 2b. Finally, the impact on SA utiliza-
tion when the SA size is large, considering depthwise
convolution, is shown in Fig. 2c. The SA utilization
is indicated by the number of shaded PEs to the to-
tal number of PEs in Fig. 2. The interdependence
between the SA size and the type of convolution op-
eration with respect to SA utilization can clearly be
seen in the figure as well.

Weight —
e matrix ||
Weight Weight | Systolic
matrix matrix |_| § arra
3 ¥ N
= nd Input
Input Systolic Input  Systolic matrix
matrix array matrix array

(a) (b) ()

Fig. 2 Typical GMEM (a), matrix—vector multipli-
cation (b), and matrix—vector multiplication with a
large SA size (c)
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The aforementioned discussion leads us to the
primary motivation behind this research effort. This
includes the ability to reconfigure SAs which are de-
signed for dense computations in accordance with the
required computational complexity of various net-
work layers and to bulk power-gate idle PEs (in a
coarse-grained manner). This shall ensure enhanced
power efficiency at the cost of additional logic caused
by the introduction of power gating logic. The archi-
tectural details of two neural network architectures,
i.e., MobileNet and ResNet50 (both trained on the
ImageNet dataset), considered for design evaluation
in this work are given in Table 1. We observe a re-
duction in the output feature map (OFMap) size as
the number of network layers increases (Xu et al.,
2021a). The depthwise and pointwise convolutions
in the MobileNet layers can also be observed. The
frequent transition between these two convolutions
has a profound impact on the SA performance evalu-
ation considering MobileNet, as will be presented in
Section 4.

Power gating is achieved by writing the power in-
tent for the SA accelerator in an IEEE standard uni-
fied power format (UPF). The power management
logic is inserted at a coarse-grain level and adjusted
in accordance with the layerwise computational de-
mands of the considered DNN models. Power intent
description via UPF allows power logic to be handled
separately from the logic intent description (Chadha
and Bhasker, 2012). This, in turn, leads to simpli-
fied power inference with trivial design changes re-
quired to be made at the register transfer level (RTL),
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mainly to provide power control signals to control the
insertion of low-power logic after logic synthesis. In
comparison to our previous work (Inayat et al., 2023)
which targets fine-grained power gating by shutting
down the idle multipliers of the MAC units inside
the PEs, this work targets a coarse-grained approach.
This approach better fits the sparse nature of mod-
ern DNN workloads. Moreover, this effort includes
microarchitectural optimizations to divide the multi-
pliers in the MAC units into smaller submultipliers
to increase the power gating instances (at the cost
of increased area). In comparison, this work purely
exploits the network architecture without having to
rely on any expensive microarchitectural modifica-
tions, apart from the requirement to write the power
management module at the RTL and instantiate it
inside the top SA module.

The major contributions targeted in this work
are as follows:

1. Application-specific integrated circuit(ASIC)
implementation of 32x32 and 64x64 reconfigurable
SA-based AI accelerators, termed as SAPER-AI ac-
celerator, to cater to the varying workloads of the
considered DNN model layers. This ensures the full
utilization of the active PEs of the underlying SA
designs at any given time.

2. Coarse-grained power gating of row and col-
umn PEs of the SA based on the varying computa-
tional requirements of various network layers of the
DNN workload. The main aim of the power opti-
mization strategy is to achieve power savings without
expensive microarchitectural modifications.

Table 1 Structure of MobileNet and ResNet50 models

Architecture Layer name Kernel size OFMap size
Convl 3x3 112x112
Conv2 dw/pw 3x3/1x1 112x112
Conv3_dw/pw 3x3/1x1 56 x56
Conv4d dw/pw 3x3/1x1 56 x56
MobileNet Convs_dw/pw 3x3/1x1 28x28
Conv6 dw/pw 3x3/1x1 28x28
Conv7_dw/pw 3x3/1x1 14x14
Conv8_ dw/pw 3x3/1x1 14x14
Conv9 dw/pw 3x3/1x1 T
Convl X7 112x112
Conv2_ 3 1x1, 3x3, and 1x1 56 % 56
ResNet50 Conv3 4 1x1, 3x3, and 1x1 28%28
Convd 6 1x1, 3x3, and 1x1 14x14
Convb_ 3 1x1, 3x3, and 1x1 T

3x3/1x1 means the kernel size of the convolutional layer Conv2 dw/pw respectively, with similar meanings in other

cases as well
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3. Realistic power analysis of the proposed de-
sign cases by using the actual workloads of some
DNN architectures, i.e., MobileNet and ResNet50.

4. A detailed comparison of the proposed SA de-
sign based on power, performance, and area (PPA),
and power delay product (PDP) parameters.

2 Related works

This section presents a mix of some recent
works targeting power-efficient SA-based accelera-
tors, while specifically dealing with reconfigurable
accelerators that can adjust their features to cater to
evolving DNN workloads.

Moghaddasi and Nam (2024) presented serial/
parallel and octet serial/parallel SA (SPSA and
OSPSA) approaches. The designs presented improve
the DNN computational efficiency by activating se-
rial processing in an adjustable manner with respect
to the runtime and layerwise precision. This is done
in accordance with the computation required by the
DNN model. While both the activations and weights
fed to the PEs are done in a parallel manner in tradi-
tional SAs, their proposed approach introduces sup-
port for serializing the activation matrices while keep-
ing the weight matrices input in a parallel manner.
The OSPSA design further improves the through-
put by processing a column of eight simultaneous
bits of different activations in the same bit position.
Energy consumption is reduced via the simpler se-
rial/parallel PE architecture and the replacement of
complex multipliers with simpler and cost-effective
serial circuits. Other bit-serial approaches were also
proposed (Lee et al., 2018; Ryu et al., 2019), which
obviously offer advantages in terms of interconnec-
tions, area, and power. However, this gain tradi-
tionally comes with a sacrifice in throughput of the
underlying SA-based designs.

Inayat et al. (2023) proposed a power intent sys-
tolic array (PI-SA), which relies on UPF-based power
intent, similar to our present work. However, power
gating is done in a more fine-grained manner by tar-
geting multipliers for power shutoff in case of inac-
tivity. This is different from what we are doing, i.e.,
using coarse-grained power gating. Power efficiency
is further improved by splitting the multipliers into
smaller parallel submultipliers, thus increasing the
power shutoff instances. Moreover, the power anal-
ysis includes introducing zero entries randomly and
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not necessarily indicating data traffic of the actual
DNN workloads considered in this work.

Xu et al. (2021b) presented the concept of a
heterogeneous systolic array architecture (HeSA) to
resolve the issue of suboptimal SA performance when
processing compact convolutional neural network
(CNN) models, such as depthwise convolution. This
work introduces heterogeneous PEs supporting mul-
tiple dataflows to cater to changing DNN workloads.
Since the structural changes are happening to the
PEs within the SAs, the traditional SA structure
remains intact. While dealing with standard convo-
lution, the HeSA acts as a traditional SA, but for the
depthwise convolution, the SA adjusts the dataflow
by using the heterogeneous PEs, thus resulting in sig-
nificant energy savings when compared to the naive
SA architecture. While Xu et al. (2021b) proposed
a way around the depthwise convolutions which are
also considered in this work, their approach is consid-
erably different and arguably more complicated than
our approach.

Another approach to achieve energy efficiency in
AT accelerators is via approximate computing based
on the quantization of weights and inputs at each
layer (Moons et al., 2016). Other approximate com-
puting approaches based on dynamic voltage and fre-
quency scaling (DVFS) to vary the threshold voltage
leading to supply voltage variation for differing preci-
sion requirements were also proposed (Moouns et al.,
2017a, 2017b). These works achieve energy efficiency
at the cost of loss in precision, which may be crucial
in some DNN applications, such as medical imaging
and diagnostics, and military and defense.

Thus, the presented literature can be summa-
rized by inferring that energy efficiency in DL acceler-
ators is of prime importance. This is usually achieved
by complicated microarchitectural modifications and
other approximation approaches, which, in turn, lead
to a loss of accuracy. Based on the discussion above,
the presented literature can be broadly summarized
in terms of optimization strategies, accuracy loss,
and optimization effort. Such a comparison of the
presented literature with the proposed work in these
aspects is given in Table 2. This work intends to
improve the accelerator energy efficiency by specify-
ing power intent via UPF with trivial changes in the
SA structure. The optimizations can be adjusted ac-
cording to the actual DNN workload, and significant
energy savings can be achieved as demonstrated by
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performance analysis considering a couple of widely
used DNN models.

3 System model

This section details the system architecture, in-
dicating primarily how the power intent description
process will vary the SA architecture. We then
present the 32x32 and 64x64 SA accelerator de-
signs considered in this work. Each design has
adjustable PE configurations to cater to the vary-
ing DNN workloads. Finally, we present the de-
tails of our power analysis framework, considering

MobileNet and ResNet50 DNN workload models.
3.1 Bird’s eye illustration of the system

A high-level abstraction of the architecture of
the 64x64 SA top module with various module in-
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stantiations is shown in Fig. 3. The power man-
agement unit (PMU) is an RTL module basically
responsible for providing the control signals to shut
off the power domains. These power domains are
labeled as PD_ X, where X ranges from 2 to 5, in-
dicating the switchable power domains. Power do-
mains are basically a collection of PEs that operate
at the same operating condition; i.e., all the power
domains collectively constitute a power-aware SA de-
sign. Another variable of interest is the mesh select
signal, which (as the name implies) decides which
power domains (or a collection of PEs) are being put
to sleep at any instant. When the mesh select vari-
able is set to 0, all the switchable domains are put
to rest, thus allowing only the 7x7 SA size to com-
pute actively, i.e., the so-called default power domain
(PD _ default). The term “default” indicates that this
power domain will never be switched off under any

Table 2 Comparative analysis with relevant literature

Design Optimization strategy Accuracy loss Effort
Lee et al. (2018); Ryu et al. (2019); Xu et al. Microarchitectural optimizations No High
(2021b); Moghaddasi and Nam (2024)
Inayat et al. (2023) PG (fine) & microarchitectural optimizations No Medium
Moons et al. (2016) Approximate computing (quantization) Yes Medium
Moons et al. (2017a, 2017b) Approximate computing (DVFS) Yes Low
This work Coarse-grained power gating No Low

PG: power gating; DVFS: dynamic voltage and frequency scaling

[M0_0 MO_6/M0_7 MO0_13[M0_14 MO0_27 M0_28 MO0_55{M0_56 MO0_63
PD_default
M6_0 M6_6|
M7_0
PDO_2
PMU M13_0 M13_13
if mesh_select = 0 then MISN0
shut_down(PDO0_2)
shut_down(PDO0_3)
shut_down(PD0_4) PDO0_3
shut_down(PDO0_5)
else if mesh_select = 1 then
shut_down(PDO0_3)
shut_down(PDO0_4)
shut_down(PDO0_5) 2780 L1272
else if mesh_select = 2 then M28_0
shut_down(PDO0_4)
shut_down(PDO0_5)
else if mesh_select = 3 then
shut_down(PDO0_5) PDO 4
else -
do_nothing()
end if
M55_0 M55_5q
M56_0
PDO_5
M63_0 M63_63

Fig. 3 Abstracted illustration of the power-aware 64x64 SA design (PD: power domain)



Muslim et al. / Front Inform Technol Electron Eng 2025 26(9):1624-1636

circumstances. The PMU module is also part of the
default power domain, as it is responsible for pro-
viding the necessary power control signals and must
be active all the time. Similarly, with mesh select
equaling 1, the 14x14-sized SA computes actively
while the rest of the PEs are put to sleep. The rest of
the active SA sizes selected via the mesh _select vari-
able are 28x28, 56x56, and the fully loaded 64 x64
for mesh _select values of 2, 3, and beyond, respec-
tively. We do not depict the 32x32 SA since it has
a similar architecture. The mesh select values of 0,
1, and 2 correspond to 7x7, 14x14, and 28x28 ac-
tive SA sizes, respectively, with the full-blown active
SA size being 32x32. The PMU is meant to provide
the power control signals in an appropriate manner.
We do not discuss its detailed logic but inquisitive
readers are encouraged to explore the same in other
reported works (Qamar et al., 2017; Inayat et al.,
2023).

At the gate level, committing power intent re-
sults in the insertion of low-power logic in the design
(Qamar et al., 2017). This logic includes low-power
cells, such as isolation cells, to isolate the default
power domain from the floating output values of the
power-gated domain. These cells are usually placed
at the intersection of the two domains (at the output
of the switchable domain).
power cells is the retention cells. These are used to
save the state of some sequential logic in the power-
gated domain before it is put to sleep. These cells are
inserted if the logic synthesis tool senses the need for
them. Furthermore, the power switch header/footer
cells are used to cut off the supply to the switch-
able domain and are usually placed in the design af-
ter physical implementation (Chadha and Bhasker,
2012). A generalized view of a typical power-aware
hardware with a single default always-on domain and
a power shut-off (PSO) domain similar to the one
created in this work is shown in Fig. 4. The PMU
module indicating the power control signals, iso (iso-
lation) and ret (state retention), and the resulting
low-power cells, i.e., ISO and RET, can be clearly
seen as well. Both the always-on and PSO domains
contain a group of PEs in our case.

Another class of low-

3.2 Detailed microarchitecture of the designs

This subsection presents detailed microarchitec-
tural representation of the power-aware 32x32 and
64x64 SAs. The 32x32 design is depicted in Fig. 5,
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Fig. 4 Generalized power-aware hardware design

while its 64x64 counterpart is shown in Fig. 6. A
multiplexer at the input of the SA in both cases is
used to provide the inputs to the active PEs. The
SA inputs as well as the PMU signals in both fig-
ures are color-coded in accordance with the active
power domains at any specific time. The low-power
logic depicted earlier in Fig. 4 with respect to vari-
ous power domains is inserted by the logic synthesis
tool. This logic ensures that the appropriate power
domains are active at any given time as dictated by
the DNN computation workload. Sequential logic is
also depicted at the output of the SA in Figs. 5 and 6.
It is necessary to add the appropriate delay in each of
the low-power SA operations to ensure that the SA
output is always fed to any succeeding components
in an amicable fashion. The only exception, as far as
the registered SA outputs are considered, is the full-
blown SA computation. This computation would
always be active if the power logic had not been used
in the design. Moreover, it should be noted that even
though a single register is shown to store the various
active PE outputs, it is only to simplify the depiction.
In reality, the number of registers differs depending
on the active SA size. As an instance, for the 32x32
case depicted in Fig. 5, with 7x7 active PEs, we use
50 registers, while in the case of 64x64 SA depicted
in Fig. 6 and considering 7x7 active PEs, we use
114 registers. To ensure appropriate SA outputs all
the time, the general number of registers required to
store the active SA outputs, considering the active
SA size of n x n and the full-blown SA size of N x N,
is 2(N — n). The register count required at the SA
output for different cases is given in Table 3.
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Table 3 Number of registers required at the SA out-
put for various sizes

Total SA size Active SA Number of O/P
N x N size n X n registers 2(N — n)
<7 50
32x32 14x14 36
28x28 8
X7 114
14x14 100
Gax64 2828 72
56 x 56 16

3.3 Power analysis framework

This subsection details the power evaluation
framework used in this work. The power-aware SA

References to color refer to the online

designs proposed in this work are based on the base-
line design generated by the Gemmini SA generator
(Genc et al., 2021). The generated SAs are evaluated
by running DNNs such as MobileNet and ResNet50
according to the baseline design evaluation frame-
work (Genc et al., 2021). We perform initial simu-
lations in the bare metal environment using our re-
cently developed in-house field-programmable gate
array (FPGA)-accelerated simulation environment
called “Quickloop” (Inayat et al., 2024). These sim-
ulations are meant to extract the number of clock
cycles taken by each layer of the DNN workloads,
i.e., to do activity profiling of the DNN workloads.
This number is then used to estimate the index num-
bers (with respect to the whole DNN activity index)
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to perform power analysis while complying with the
actual workloads of the DNN models considered in
this work.

Furthermore, the gate-level netlist produced af-
ter logic synthesis is simulated to generate the switch-
ing activity information of various signals. This in-
formation is captured using the switching activity in-
terchange format (SAIF) file that is then annotated
to the gate-level netlist to perform power analysis.
The activity profile for various computation sizes
of both the considered DNN workloads as obtained
from the FPGA-accelerated simulations is provided
in Table 4. The total number of clock cycles taken by
the FPGA-assisted SA simulations of both networks
is also indicated in the table. The MobileNet simula-
tion seems to be taking more clock cycles to complete.
This may be attributed to the frequent switching be-
tween depthwise and pointwise convolutions, which
in turn causes dataflow patterns to change signifi-
cantly, thereby leading to underutilization of the SA.
Moreover, the delay caused by excessive memory ac-
cesses and synchronization overheads due to frequent
switching of convolution patterns in the MobileNet
model also adversely impacts the simulation cycle
count (Lym and Erez, 2020; Xu et al., 2021a).

4 Results

This section discusses the details regarding the
evaluation environment used in this work. This is
followed by a detailed performance analysis of the
developed 32x32 and 64x64 SA designs considering
the DL workloads.

4.1 Evaluation environment

All the designs have been synthesized using
the SAED 32-nm technology library supporting low-

Table 4 Activity profile of various feature sizes of the
DNN workload

Model Output size  Activity (%)
56 %56 15.63
_ 28x28 19.50
MobileNet (1278M cycles) 14% 14 20.78
X7 11.16
56 %56 14.56
28% 28 25.13
ResNet50 (109M cycles) 1414 21.02
X7 13.12

M means million
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power designs. We have employed various Synopsys
tools, i.e., Design Compiler for synthesis, VCS for
simulation, and Primetime for power analysis. Func-
tional simulations have been performed both at the
RTL and the gate-level design representations. The
power measurement has been done at 3-ns clock pe-
riod. All the analysis has been done on a Linux
machine with 128 GB of memory. This memory con-
straint imposes a limit on the largest SA size being
deployed, especially considering the power-gated de-
signs. This is the reason behind the maximum SA
size of 64 x64 considered in this work.

4.2 32x32 SA performance analysis

The performance analysis for the 32x32 design
in terms of delay and area, with and without power
intent, is given in Table 5. The cases with the best
delay and area are emboldened in Table 5. The inser-
tion of low-power cells has an adverse effect on the
delay and area of the design. The main culprits, as
far as the area increase of the power-gated designs is
concerned, are the sequential area and the intercon-
nect area. This is because the power gating results
in excessive sequential logic in the form of output
registers, in addition to an increase in resulting in-
terconnections. These contribute significantly to the
delay of the power-aware designs as well as the de-
lay caused by the additional low-power cells and the
interconnects that the insertion of these cells shall
result in.

As far as the power analysis is concerned, the
32x32 SA design shows power saving of around 10%
in the case of MobileNet and around 12% in the
case of ResNet50 workload, as depicted in Table 5.
The combined impact of both the power and delay
can be captured in terms of PDP. In terms of the
PDP, our power-gated design worsens by around 9%
in the case of MobileNet workload, and by around
8% in the case of the ResNet50 workload. Thus,
besides improving the power consumption by around
10%-12% for realistic DNN workloads, our developed
power-aware 32x32 SA design does not perform all
that well in the other performance parameters. This
prompts us to explore bigger-sized SAs, as 64x64
and 128x 128 SAs are not that uncommon, especially
for processing large-scale matrix multiplications that
are fundamental to DNNs (Chen YJ et al., 2014,
2016; Gao et al., 2017; Jouppi et al., 2017; Chen
YH et al., 2019). Due to memory limitations of our
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evaluation setup, we could not synthesize a 128 x128
SA design. Therefore, we adopt the 64 x64 SA design
presented in the next subsection.

4.3 64x64 SA performance analysis

The performance evaluation for the power-
aware 64x64 SA accelerator is presented in Table 6.
The best-case performance parameters in each case
are emboldened, similar to Table 5. The trend is
the same as that of the 32x32 case when the non-
power-aware and power-aware cases are compared;
i.e., the delay and area increase with a decrease in
the power consumption. The delay cost in the case of
power-gated 64x64 SA is around 26%, while the as-
sociated area cost is around 11%. The power-gated
64x64 design shows higher delay compared to the
power-gated 32x32 design. The delay values of the
32x32 and 64x64 SA designs, considering the same
power awareness regimes, are almost the same, how-
ever. This is because of the critical path in both the
32x32 and 64x64 cases being constructed within a
single PE, which is technically the same. This work
does not change the PE microarchitecture but in-
stead makes slight microarchitectural changes to the
SA itself. There is a 3x increase in the area of the
64 %64 design compared to the 32x32 design, due to
a massive increase in the computational and inter-
connect logic in the case of the 64x64 design.

The delay in the case of 64x64 SA worsens by
around 26%, while the area by around 11% as a result
of the lower power logic. The power, however, im-
proves by 22% for the MobileNet case and by about
25% for the ResNet50 case. More significantly, the
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PDP shows an improvement of around 2% for the
MobileNet case and around 6% for the ResNet50
case when considering the power-aware 64x64 SA
design. This positively cements our hypothesis that
the proposed optimizations are more useful when
considering larger SA designs.
are beneficial for different applications such as high-
performance cloud-based Al accelerators and infer-
ence of large models, e.g., BERT and GPT.

Such larger arrays

4.4 Comparative performance of DNN

models

This subsection performs a comparative assess-
ment (across both the power-aware and non-power-
aware) of the best-case performance of the 32x32
and 64x64 SA designs. The best case performance
for the 32x32 SA design is depicted graphically in
Fig. 7. The area and delay performances are de-
pendent on the design itself and do not vary with
the DNN workloads, and hence they are the same
for both MobileNet and ResNet50 workloads. They
are still, however, included in the analysis for the
sake of completeness. The best-case power results
are obtained for the 32x32 case by the power-aware
design, while the non-power-aware case achieves the
best PDP performance. The two DNN models can-
not be separated much in this case, with better per-
formance achieved by ResNet50 as far as the design
power consumption is concerned.

The best-case performance results for the DNN
models in the case of 64 x64 SA design are depicted in
Fig. 8. Just like the 32x32 SA design, the 64 x64 ar-
ray also shows better performance in terms of power

Table 5 Performance analysis of the 32x32 SA across DNN workloads with (w/) and without (w/0) UPF

2 .
Workload Delay (ns) Area (mm*) Power (W) PDP (W-ns)
w/o UPF w/ UPF w/o UPF w/ UPF w/o UPF w/ UPF w/o UPF w/ UPF
MobileNet 1.56 1.91 7.74 8.41 1.094 0.980 1.71 1.87
ResNet50 1.56 1.91 7.74 8.41 1.077 0.950 1.68 1.81

Better results are in bold

Table 6 Performance analysis of the 64x64 SA across DNN workloads with (w/) and without (w/0) UPF

2 .
Workload Delay (ns) Area (mm*) Power (W) PDP (W-ns)
w/o UPF w/ UPF w/o UPF w/ UPF w/o UPF w/ UPF w/o UPF w/ UPF
MobileNet 1.56 1.96 30.8 34.2 3.72 2.90 5.80 5.68
ResNet50 1.56 1.96 30.8 34.2 3.60 2.70 5.62 5.29

Better results are in bold
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and PDP for the ResNet50 model. The model-wise
difference in performance, however, is much more
prominent as compared to the 32x32 array. This
is due to the consistent switching between pointwise
and depthwise convolutions portrayed by MobileNet
that the SA architecture is not very good at handling
(Park et al., 2024).
tween the DNN models seems to cause a larger varia-
tion in the performance as the SA size goes up. More-
over, the best-case power and PDP performances in
the case of 64x64 SA, considering the DNN models
for the power-aware case, are much better compared
to the non-power-aware case. This indicates that the
proposed design subsequently performs much better
in terms of DL acceleration considering larger SA

This structural difference be-

sizes.
4.5 State-of-the-art comparison

A conceptual comparison of the proposed work
with similar state-of-the-art endeavors is presented
in Table 2. Those works are still considerably differ-
ent in approaches, and thus, a fair numerical com-
parison with all the works is not possible. We have
thus chosen a subset of those works based on the

Area (mm?)

P
(ov\o/)er Delay (ns)

—— MobileNet

ResNet50 PDP (W-ns)

Fig. 7 Best-case performance analysis of the 32x32
SA design
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same baseline naive SA design (Genc et al., 2021)
for a numerical comparison with our proposed work.
Furthermore, since our proposed work does not use
approximation of any sort, we include only the lit-
erature exhibiting no loss of accuracy. The analysis
presented here must be considered in combination
with other factors, such as optimization effort and
real-time DL workload consideration to assess where
the proposed work would fit in the current design
landscape. The comparison is tabulated in Table 7,
which shows that the maximum clock frequency, the
maximum SA size, and technology size considered in
this work are all in line with the parameters consid-
ered in similar studies.

Table 7 primarily indicates the change in area
(Aarea) and the change in energy (Aenergy), among
the optimizations in the cited works and the naive SA
representation. While Inayat et al. (2023) portrayed
better performance as far as the area and the energy
consumption are concerned, it uses random zero in-
puts to cause fine-grained powering off of the PEs.
The values thus do not represent the real workload
handled by modern DL frameworks. In comparison,
Xu et al. (2021b) considered real DL workloads, with
energy savings almost equal to those offered by our

Area (mm?)

I?(\)/\\l/v)er Delay (ns)

—— MobileNet
ResNet50

PDP (W:ns)

Fig. 8 Best-case performance analysis of the 64x64
SA design

Table 7 Numerical comparison with state-of-the-art works

Maximum clock

Maximum SA Technology

Design Anrea (%) Abnergy (%) fr(c&u}?;cy DNN model size (nm)

Xu et al. (2021b) N/A 10 500 32x32 MobileNet, MixNet 45

Inayat et al. (2023) 32 56 250 64 %64 N/A 32
This work 10 6 333 64 x 64 ResNet50, MobileNet 32

N/A: not available
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proposed design. Our work, however, causes a slight
degradation of area due to the additional low-power
logic and the sequential logic at the design output.
The numbers presented in Table 7, when considered
in combination with the optimization effort require-
ment of each approach, emphasize the significance of
our proposed work compared to the relevant state-of-
the-art research.

4.6 Limitations

While we have analyzed the performance of our
designed accelerator on MobileNet and ResNet50
models,
Transformer-based models such as GPT, in the pre-
vailing Al workloads. Transformer models rely heav-

we realize the enhanced dominance of

ily on matrix multiplications in self-attention and
feedforward networks, but the matrices involved are
considerably large and not as structured as in con-
volutions (Chang and Kim, 2024). Thus, scaling
the proposed SA design to Transformer-based mod-
els would pose significant challenges in dealing with
memory access bandwidth and dynamic dataflow re-
quirements of these models (Amirshahi et al., 2023a,
2023b).

Besides, we have a constraint on the maximum
size of the SA, i.e., 64 x 64, in this work. The large
Transformer models may involve splitting the com-
putations into multiple blocks (with the maximum
SA size limitation), leading to idle PEs due to par-
tial computations. The power (especially dynamic
power) may therefore increase because of the result-
ing frequent switching. This mismatch in workload
granularity may require fine-grained power gating at
the PE level to achieve better energy efficiency but
at the cost of higher power logic. Additionally, the
performance evaluation in this work, as well as other
similar works presented earlier, is based on the Gem-
mini framework (Genc et al., 2021). This framework
uses MobileNet and ResNet50 models for evaluat-
ing performance, and thus, we use the same work-
loads for a fair comparison to other state-of-the-art
models.

To summarize, extending the proposed work
to incorporate the Transformer models would re-
quire several low-level interventions, such as on-chip
caching and tiling strategies to reduce memory ac-
cess overhead as well as compression mechanisms to
reduce attention weights and activations. This would
in turn add additional optimization effort, which is
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not the main scope of this activity, i.e., to introduce
simplified power intent in the SA-based accelerator
and analyze its performance on DL workloads. We
thus intend to address these significant challenges
in our future endeavors to enhance the scalability
of our proposed work towards Transformer models
for targeting applications such as natural language
processing and computer vision.

5 Conclusions

In this research endeavor, we propose a power-
aware SA-based Al accelerator termed as the
SAPER-AT accelerator. This accelerator is meant to
exploit the structural changes in modern DNN work-
loads and reconfigurably select active PEs to cater
to the changing workloads. Unlike similar efforts
found in the literature that rely on complex micro-
architectural optimizations or fine-grained power op-
timizations, the proposed accelerator relies on much
simpler UPF-based power intent descriptions to put
unutilized PEs to sleep in a coarse-grained manner.
The accelerator involves modifying the naive chisel-
generated SA trivially by introducing a power man-
agement module that is responsible for providing the
appropriate power control signals. The low-power
cells introduced in the design after logic synthesis
ensure the power intent integrity of the design. The
same is validated by the post-synthesis power-aware

simulations as well.

Evaluating the performance of the proposed de-
signs with scaling demonstrates that the optimiza-
tions generally cause area and delay penalties due
to the additional low-power logic. Power and PDP
evaluation, considering MobileNet and ResNet50 DL
workloads, indicate that both the 32x32 and 64 x64
SA designs are more power-efficient comparatively
in the power-aware case. The efficiency, however, im-
proves further as the SA sizes increase. Moreover,
the PDP of the power-aware 64x64 SA is consid-
erably better when compared with the non-power-
aware case, thus demonstrating the effectiveness of
the proposed optimizations, especially for larger SAs.
Finally, the proposed accelerator provides better per-
formance on the ResNet50 workload compared to the
MobileNet case for larger SAs owing to greater com-
parative uniformity in convolutions of ResNet50 that
are more favored by the underlying SA architecture.
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6 Future work

As the future scope of work, further research is
required to validate the enhancement in the perfor-
mance of the proposed optimizations with increasing
SA sizes. This could not be obtained in this work
due to memory capacity limitations in our evaluation
setup. Moreover, other more complex power opti-
mization techniques based on UPF, such as dynamic
voltage scaling, can be used to optimize the design
power even more. We can explore some simpler mi-
croarchitectural optimizations to keep area and delay
Addition-
ally, we intend to scale the proposed work towards a

values in check while optimizing power.

power optimized SA-based accelerator design target-
ing Transformer-based models. This will require the
necessary microarchitectural interventions to circum-
vent the challenges posed by the complicated matrix
operations constituting the Transformer models, as
well as by the considerably larger number of param-
eters of such models.
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