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ABSTRACT
Deep neural network (DNN) accelerators have widely been investi-
gated for efficient inference, where matrix multiplication commonly
implemented by multiply-accumulate (MAC) units dominates the
power consumption. Underscaling the supply voltage of MACs can
effectively reduce the power dissipation of DNN accelerators yet in-
duces timing errors that may degrade the inference accuracy. In this
paper, we propose a bit-width adjustment circuit (denoted as ADA)
for arbitrary MAC units under aggressive voltage underscaling, which
adaptively tunes the critical path as per input data patterns. Incur-
ring 16.1% area overhead, the proposed ADA enables a MAC array
to achieve zero accuracy loss under voltage underscaling ratios of
0.71 and 0.72 in the inferences of multi-layer perceptron (MLP) and
convolutional neural network (CNN), respectively. While preserving
accuracy, the MAC array equipped with ADA achieves up to 50.89%
power reduction compared to that without ADAunder nominal voltage
operation. Furthermore, we propose ADA-Plus to specifically optimize
the MACs in output stationary systolic arrays, which reduces the area
of ADA by 23%. Compared with state-of-the-art error resilient circuit
designs for voltage underscaling, to achieve a similar accuracy, the
proposed adaptive MAC achieves the highest voltage underscaling
ratio, resulting in 14.26%–48.44% power savings for the MAC array.

Keywords
DNN accelerator, multiply-accumulate (MAC) unit, voltage underscal-
ing, low-power

1 INTRODUCTION
Deep neural networks (DNNs) have shown remarkable achievements
across diverse areas such as computer vision [19], natural language
processing [2], and speech recognition [11]. Accelerating the DNN
inference is becoming increasingly crucial; thus, numerous accelera-
tors have been developed, with TPU being a representative example
[12]. The systolic array consisting of multiply-accumulate (MAC) units
plays a key role in the compute engine of DNN accelerators, enabling
high-throughput matrix multiplications for DNN workloads, which
dominates the power consumption [13].
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Owing to the enormous demand for MACs, energy efficient MAC
units have widely been investigated to reduce the overall power con-
sumed by DNN accelerators. A variety of techniques have been ex-
plored to enhance the hardware efficiency of MAC units from various
perspectives, including logarithmic domain computing [8], quantiza-
tion [7], and voltage underscaling [4]. Among them, voltage underscal-
ing is particularly effective for power reduction since power dissipation
decreases quadratically with supply voltage. However, when the volt-
age is aggressively lowered, the slowed transistor switching induces
severe timing errors that can eventually cause catastrophic accuracy
degradation in practical applications. A mainstream technique to ad-
dress this issue is error detection and correction (EDaC), which detects
timing errors and corrects them under voltage underscaling.

Many prior studies have shown that EDaC and EDaC-like circuits
can effectively recover or mitigate timing errors in aggressive voltage
underscaling DNN accelerators [3, 5, 9, 10, 18, 20, 22]. These circuits
can generally be categorized into two types, gate-level and transistor-
level. EDaC circuits in gate-level are easy to implement and highly
portable across different designs. In [22], based on the observation
that omitting a few multiplication results causes less degradation on
accuracy than propagating incorrect partial sums, the outputs of pro-
cessing elements (PEs) that encounter timing errors are excluded from
the accumulation process. Instead of dropping the wrong multiplica-
tion results, [9] uses a delayed clock to sample the correct result after
half of a clock period. However, the extensive use of Razor flip-flops
[6] and Multiplexers (MUXs) in gate-level designs may incur a large
area overhead. Moreover, buffer insertion is usually required in these
designs for short path padding, leading to considerable area and power
overheads [20]. On the other hand, EDaC circuits in transistor-level
incur a much smaller area overhead. In [5], a self-calibrating tunable
replica critical path system is proposed, which dynamically tracks
real path delays across PVT variations to enable accurate timing error
detection. Rather than tracking and recovering timing errors like most
EDaC circuits, [20] predicts timing errors with internal signals in the
MAC unit and switches the register clock to a delayed one. Transition
detectors (TDs) used by these two designs for timing error detecting
and predicting are implemented with customized transistor-level cir-
cuits, thereby significantly reducing the area overhead. Nevertheless,
compared with designs fully implemented using gate-level standard
cells, those employing customized transistor-level circuits are more
complex to realize and less portable in chip implementation. In ad-
dition, both gate-level and transistor-level EDaC circuits depend on
a delayed clock for timing error correction, which may incur many
timing issues in practice.

In this paper, we propose two bit-width adjustment circuits (referred
to as ADA and ADA-Plus) for MAC units under aggressive voltage
underscaling, which fundamentally shorten the critical paths and
thereby prevent timing errors at low voltages without relying on the
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Figure 1: The schematic of systolic array and dataflow.
delayed clock or Razor flip-flops as in EDaC circuits. Specifically, the
contributions of this work are as follows.

• We empirically show that sign transitions in the accumulation
results can lead to long carry chains in the synthesized MAC
netlist under voltage underscaling, even when the correspond-
ing input patterns intuitively imply a short carry propagation
chain.

• ADA is devised to activate the minimum bit width of adders
as per the leading one or zero positions of the input addend,
thereby shortening the critical path and avoiding timing errors
of the MAC unit. ADA is completely implemented by gate-level
standard cells and does not require a delayed clock, resulting
in 30.3%–75.88% less area overhead than other gate-level EDaC
designs.

• Taking advantage of the characteristics of the output stationary
dataflow, we propose ADA-Plus that adjusts the bit width of
adders for the next MAC operation based on the current accu-
mulation result. ADA-Plus incurs 23% less area than ADA, with
equal or higher performance in accuracy.

• We evaluate the proposed designs across different neural net-
works and datasets, achieving state-of-the-art hardware effi-
ciency and accuracy. To the best of our knowledge, this is the
first work to achieve adaptive critical path in MAC units oper-
ating at aggressively low voltages.

2 BACKGROUND AND MOTIVATION
2.1 Dataflow of Systolic Array
A systolic array is composed of a regular grid of PEs that performMAC
operations in a pipelined and highly parallel manner, as illustrated in
Figure 1. In systolic arrays, two typical dataflow schemes are widely
adopted: output stationary (OS) and weight stationary (WS). As shown
in Figure 1, in the WS dataflow, weights are preloaded into local reg-
isters while the input activations flow horizontally. The partial sums
are propagated vertically and accumulated across PEs while the final
results are continuously produced from the bottom row of the array.
In the OS mode, the input activations and weights are aligned in a
parallelogram and propagate horizontally and vertically across the
array each cycle, respectively. Each PE multiplies its activation and
weight and meanwhile accumulates the multiplication result with the
locally stored partial sum.

(a) First case.

(b) Second case.
Figure 2: Diagrams of the carry chains in a synthesized MAC
unit with a 4 × 4multiplication and a 12-bit addition.
2.2 Carry Chain in Synthesized MAC Unit
In a MAC unit, the critical path is often determined by the large
bit width addition. To investigate the carry chain, we perform AMS
simulations on a MAC spice netlist with a 4 × 4 multiplication and
a 12-bit addition under a voltage underscaling ratio of 0.89. Figure 2
shows two representative carry propagation behaviors.

In the first case shown in Figure 2a, ideally, the output of the multi-
plication is -5 and the carry chain in the adder should be short since
no carry is generated at any bit. However, since the MAC netlist is
flattened by the synthesis tool and the multiplier and adder are merged
into a single carry-propagate structure to ensure high optimization,
the actual carry behavior deviates from the ideal case. The simulation
result shows that the zeros in the higher bit positions flip sequentially,
resulting in a long carry chain. In the second case shown in Figure 2b,
if the product were sign-extended before accumulation as in an ideal
MAC, a long carry chain would appear. However, the six significant
bits of the accumulation result are initially zero, and no transitions
occur afterwards. In this case, the accumulation result settles within a
short time.

These two cases demonstrate that due to logic optimization, the
synthesized netlist under voltage underscaling may exhibit a different
carry chain behavior from the ideal MAC implementation. A direct
solution is to reduce the bit width of the accumulation result, thereby
shortening the critical path fundamentally.

2.3 Necessity of Dynamic Bit-Width
We evaluate the distribution of required bit widths of accumulation
results in MACs by deploying a six-layer CNN on a 16 × 16 systolic
array for CIFAR-10 [14] classification. The distribution is obtained
when executing the first convolution layer, where the required bit
width for representing the accumulation result of each MAC operation
is recorded. Also, we record the frequency of the long carry chain
occurring for each required accumulation bit width. The long carry
chain is defined as a path whose output becomes stable after three-
quarters of a clock cycle. As shown in Figure 3, when a long carry
chain occurs, the required bit width reaches up to 12 bits. However,
most accumulation results require more than 12 bits in general. This
observation aligns with the analysis in Section 2.2, i.e., small accumu-
lation values along with sign inversions can produce long carry chains.
Nevertheless, fixing the bit width to 12 bits in this layer to shorten
the critical path would cause overflow for most results. Therefore,
dynamic bit-width adjustment is essential.
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Figure 3: Distribution of the required bit widths for accumula-
tion outputs in a convolution layer and the occurring frequency
of long carry chains for each bit width.

(a) ADA. (b) ADA-Plus.
Figure 4: The overview of ADA and ADA-Plus.

3 ADA and ADA-Plus DESIGN
Figure 4 illustrates the MAC unit equipped with ADA and ADA-Plus,
where the multiplication inputs are 8-bit and the addend input and
output are 24-bit.

3.1 ADA Design for Universal Dataflows
As shown in Figure 4a, ADA consists of an encoder and a decoder. The
encoder detects the patterns of the inputs, including the leading one
and leading zero of the addend “sum_in,” and generates the control
signal “adder_ctrl” for the adders. The decoder generates the accumu-
lation result selection signal “se” and the selected sign “sign_bit” for
the accumulation result.

Figure 5 shows the design details of ADA. First, bit-XNOR operation
is performed on the sign bit (“sum_in[23]”) and the 12th to the 22nd
bits of “sum_in” (“sum_in[22:12]”) in the encoder, producing 1 when a
bit matches the sign bit and 0 otherwise. The XNOR result between
the “sum_in[22]” and the sign bit is denoted as “adder_ctrl[10],” while
the XNOR results of the 14th to the 21st bits are denoted as the 0th to
7th bits of signal “LOZ.” These signals are then fed into the leading
zero detector (LZD). Inside the LZD, they are cascaded from the most
significant bit to the least significant bit through a sequence of AND
operations. This structure ensures that if a leading one or leading zero
exists among “sum_in[22:14],” the corresponding XNOR result drives
the associated AND output to 0, and all subsequent AND outputs are
forced to 0.

The output of the LZD is an 8-bit “adder_ctrl” signal, which is used
to control the activation and deactivation of the full adders (FAs). As
illustrated in Figure 5, the lower 14 FAs from 0th to 13th are always
on, while each FA from 14th onward is supplied through three PMOS
switches controlled by the corresponding “adder_ctrl” signals. For
example, the 14th FA is controlled by “adder_ctrl[2:0],” while the 15th
FA is controlled by “adder_ctrl[3:1].” As long as any one of the corre-
sponding three control signals is 0, the associated FA works normally.
This ensures that when a leading one or leading zero is detected, the

Figure 5: Circuit design of ADA.
FA corresponding to that bit position is activated along with its two
higher-bit FAs and all lower-bit FAs. This effectively reserves one sign
bit for the leading one or leading zero in “sum_in” and extends it by
an additional bit to accommodate the multiplication output, thereby
preventing overflow. For example, when a leading one appears at
the 14th bit of “sum_in,” the LZD generates an “adder_ctrl” signal of
“1111_1110.” In this case, the 14th to the 16th FAs are activated, while
the FAs higher than the 16th bit remain disabled. Specifically, the 23rd
FA shares the same control signals as the 22nd FA. This means that
when a leading one appears at the 20th bit of “sum_in” or above, all
FAs are activated.

It is noteworthy that “adder_ctrl[1]” and “adder_ctrl[0]” are not
generated by the LZD. Instead, they are directly produced by applying
an XNOR operation between their corresponding “sum_in” bits and
the sign bit. This implies that when a leading one or leading zero
appears within the lower 12 bits of “sum_in,” all controllable FAs are
disabled.

However, when only 14 FAs are activated, the valid range of the
accumulation output “acc” is [-8192, 8191]. Since the inference net-
work generally adopts symmetric quantization, the ranges of the input
activations and weights are [-127, 127]. Therefore, the corresponding
output range of the multiplication is [-16129, 16129], which requires
15 FAs to be computed correctly. Therefore, additional logic is incor-
porated in the generation of “adder_ctrl[1]” by checking the two most
significant bits of the input activation “a” and weight “w.” When these
two bits are different, “adder_ctrl[1]” is forced to 0, which activates 16
FAs. In this case, the valid range of the accumulation output “acc” be-
comes [-32768, 32767], which ensures that no overflow occurs. When
the condition for forcing “adder_ctrl[1]” to 0 is not met and all 14th to
23th FAs remain disabled, the output range of the multiplication and
the range of “sum_in” are respectively [-4032, 4096] and [-4096, 4095].
Since the valid range of “acc” is [-8192, 8191] in this case, no overflow
will occur in the accumulation result.

Signals “adder_ctrl[9:0]” are then fed into the decoder, which de-
termines the sign bit selection signal “k.” The value of “k” increments
from 13 to 21, corresponding to the output bits from the 13th to the
21st FAs. Based on “k” and “adder_ctrl[8],” the decoder generates the
accumulation result selection signal “se.” The “se[9:0]” correspond
to the selection signals for the final accumulation result “final_acc.”
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Figure 6: Trend of accumulation results in WS and OS PE.
When a bit of “se” is 0, the corresponding “final_acc” bit is assigned
the value of “sign_bit.” Otherwise, the corresponding “final_acc” bit is
obtained from the associated FA. The generation logic of “se” is:

𝑠𝑒 =

{
(00_0000_0001 << (𝑘 − 13)) − 1 if adder_ctrl[8] = 1
11_1111_1111 if adder_ctrl[8] = 0

(1)

This ensures that the output of the highest activated FA is treated as the
“sign_bit,” and all accumulation bits above it are directly assigned this
“sign_bit” rather than waiting for the corresponding FAs to produce
valid results, thereby effectively shortening the critical path. As shown
in Figure 5, when all the controllable FAs are disabled, “sign_bit” comes
from the output of the 13th FA.

3.2 ADA-Plus Design for OS Dataflow
The dataflow mode of a systolic array affects the data patterns of the
accumulation outputs. Figure 6 records the value trend of the accumu-
lation output of a PE inside a 16×16 systolic array during the inference
of a three-layer MLP on the MNIST dataset under both WS and OS
modes. In the WS mode, the addend inputs are received from the PEs
above, resulting in weak correlation among them. Consequently, sig-
nificant fluctuations can be observed in the accumulation results. Since
the array would wait for the bottom-row PEs to output all results be-
fore updating the weights, the accumulation results periodically drop
to zero during inference. In the OS mode, the addend input of each
PE originates from its accumulation result of the previous clock cycle,
leading to a continuous transition of the partial sums. This continuity
allows the bit width of the accumulation output to be adjusted grad-
ually based on the current partial sum “Psum,” without requiring a
per-cycle leading one or leading zero detection as in ADA. Therefore,
we propose ADA-Plus, which inserts a small finite state machine (FSM)
into the MAC unit.

As shown in Figure 4b, “adder_ctrl” and “sign_bit” signals are gener-
ated by the FSM in ADA-Plus based on the “a,” “w,” “acc” and “Psum.” In
ADA-Plus, the 0th to 12th FAs remain always on, while the subsequent
11 FAs are gated by “adder_ctrl.” Moreover, all the “adder_ctrl” signals
are directly reused as the selection signals for the “final_acc” in the
13th to 23rd FAs, eliminating the need for the “se” signal used in ADA.

Figure 7a shows the details of the FSM in ADA-Plus. It consists
of four work modes in total, where the initial mode enables only the
0th to 12th FAs, denoted as work mode 0. When the two bits of the
registered accumulation result “Psum[12]” and “Psum[11]” are differ-
ent, the 0th to 15th FAs are enabled. In addition, to prevent overflow
caused by excessively large multiplication results, 16 FAs are enabled
in the current cycle when either the magnitude of weight or activa-
tion is larger than or equal to 64 (i.e., the two most significant bits
are different), or both larger than or equal to 32 (i.e., the three most
significant bits are 110 or 001). In these cases, the FSM transitions to
work mode 1 in the following cycle. In work mode 1, when “Psum[15]”
and “Psum[14]” are different, the active FA range is expanded to the
0th to 17th bits by transitioning the FSM to work mode 2. Conversely,

(a) State transition diagram of the FSM.

(b) Adder control and sign bit selection logic.
Figure 7: Design details of ADA-Plus.

when “Psum[11]” to “Psum[15]” are all equal in work mode 1, the
FSM returns to work mode 0 to shorten the critical path whenever
possible. In work mode 2, the state transition conditions follow the
same principle as in work mode 1. When “Psum[17]” and “Psum[16]”
are different, the FSM advances to work mode 3. Conversely, when
“Psum[14]” to “Psum[17]” are all equal, the FSM falls back to work
mode 1. In work mode 4, based on the experimental results shown in
Figure 3 and Figure 6, we assume that once “Psum” is large enough
to trigger this mode, it will not decrease to the value that requires
a small bit width. Therefore, work mode 4 does not revert to lower
modes; instead, it remains active until the accumulation is completed
and the “Psum” reset signal “rstnPsum” is received, after which the
FSM returns directly to work mode 0.

Figure 7b shows the “sign_bit” selection logic and power control
logic of FA in ADA-Plus.We assume that the sign bit of “Psum” remains
unchanged when the FSM operates in work mode 2 or work mode 3,
therefore “Psum[23]” is directly assigned to “sign_bit” in these modes.
In contrast, when the FSM is in workmode 0 or workmode 1, “sign_bit”
is taken from the output of the 12th or 15th FA, depending on the value
of “adder_ctrl[0].”Moreover, in ADA-Plus, each controllable FA is gated
by a PMOS switch driven by its corresponding “adder_ctrl” signal. As
a result, “final_acc” can be selected directly using “adder_ctrl,” leading
to a significant area reduction.

4 EXPERIMENTS
In this section, we evaluate ADA and ADA-Plus both in an isolated
MAC unit and in a systolic array applied for DNN acceleration. In
section 4.1, we examine the FA gating and also compare the area
overhead of ADA, ADA-Plus, and other EDaC designs. In section 4.2,
we evaluate systolic arrays based on different MAC designs under
voltage underscaling and assess accuracy, power, and PVT robustness.
The baseline MAC unit is implemented in RTL with an 8-bit signed
“a,” an 8-bit signed “w” and a 24-bit signed “Psum.” It is synthesized
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Table 1: Minimum operating voltage and power reduction results across PVT corners for the proposed MAC-based systolic arrays.

corner temp 𝑉min, proposed (V) 𝑉min, origin (V) Power reduction (%)
ADA (OS) ADA-Plus (OS) ADA (WS) OS WS ADA (OS) ADA-Plus (OS) ADA (WS)

tt
−40◦C 0.68 0.67 0.68 0.76 0.76 19.59 18.24 16.55
25◦C 0.63 0.62 0.63 0.70 0.70 19.35 17.82 15.46
125◦C 0.58 0.57 0.58 0.67 0.67 25.64 25.32 21.94

ss
−40◦C 0.76 0.75 0.76 0.84 0.84 17.68 16.35 14.97
25◦C 0.71 0.70 0.71 0.80 0.80 20.99 19.74 17.73
125◦C 0.65 0.64 0.65 0.76 0.76 27.02 26.05 24.53

ff
−40◦C 0.60 0.60 0.60 0.67 0.67 19.81 16.66 15.15
25◦C 0.55 0.54 0.55 0.60 0.60 16.43 15.59 10.98
125◦C 0.49 0.48 0.49 0.58 0.58 29.19 28.96 24.48

Figure 8: KDE curves of MAC output delay.
using Synopsys Design Compiler with a CMOS 28 nm standard cell
library, whose nominal supply voltage is 0.9 V. All designs are derived
from this baseline MAC netlist.

4.1 Evaluation of ADA and ADA-Plus
To control the activation of the FAs in ADA and ADA-Plus, PMOS
power-gating switches are employed. To verify whether this gating
affects the FA delay and evaluate the effectiveness of ADA, we per-
form AMS simulations on an ADA-based MAC spice netlist under a
voltage underscaling ratio of 0.72. A total of 100,000 random input
combinations are applied to the MAC, and the time required for the
accumulation result to stabilize in each cycle is recorded. We then
analyze the distribution of these delays and plot their Kernel Density
Estimation (KDE) curves, as shown in Figure 8. The three KDE curves
correspond to ADA, no gating, and always on gating, representing
normal ADA operation, the original design without any gating, and the
ADA-based circuit with PMOS switches permanently on, respectively.
The results show that employing PMOS switches slightly increases
latency when all switches are in the ON state. In addition, the critical
path is effectively shortened with ADA, as evidenced by a substantial
reduction in the proportion of large-delay cases in the KDE curve.

To compare the area overhead of different MAC designs for voltage
underscaling, we synthesize their RTL implementations into gate-level
netlists and estimate the resultant area relative to the baseline MAC.
For STRIVE-TB [9] and ThVolt [22], we use Synopsys PrimeTime to
insert buffers for short path padding under a 1 GHz timing constraint
and then estimate their area. For EPIC [20], we estimate the area based
on the size of the transistors used in the customized transistor-level
circuits and the transmission gates used for short path padding. As
shown in Figure 9, STRIVE-TB exhibits a substantially larger area of
error preventing circuit than the other designs due to the extensive
use of Razor flip-flops and MUXs. Moreover, although STRIVE-TB can
correct timing errors on the full 24-bit accumulation result, it requires
numerous buffers to avoid hold time violations, increasing its area
compared with the other EDaC designs. ThVolt protects only the upper

Figure 9: Area overhead of voltage underscaling schemes.
8 bits of the accumulation result that achieves the highest inference ac-
curacy on our evaluation. Consequently, its area is smaller than that of
STRIVE-TB. Since no short path padding is required, ADA reduces area
overhead by 75.88% compared with STRIVE-TB and by 30.3% compared
with ThVolt, while incurring only a 16.1% total overhead. By removing
the leading one and leading zero detection logic and simplifying the
sign bit selection logic, ADA-Plus reduces the area overhead by 23%
compared with ADA, resulting in a total overhead of 12.4%. Owing to
the inherent area advantage of the customized transistor-level design,
EPIC exhibits the smallest area overhead among all designs.

4.2 Applications
To assess MAC performance under voltage underscaling in DNN infer-
ence, this work follows the evaluation methodology proposed in [20].
The delay of each standard cell at various supply voltages is extracted
using Synopsys HSPICE, which is then incorporated into Synopsys
VCS for post simulation to obtain the final computation results.

We first evaluate the behavior of ADA andADA-Plus under different
PVT corners using VCS_XA for AMS simulation. Since AMS simulation
is significantly slower than digital simulation, we deploy a 784 × 16 ×
16 × 10 MLP on an 8 × 8 systolic array to perform inference on 8
images in MNIST for power evaluation. The power consumption of
all PEs during the inference process is accumulated to obtain the final
power. Using themethodology described earlier, the inference accuracy
of the aforementioned systolic array under different PVT corners is
evaluated. Table 1 shows the minimum operating voltage and power
reduction results across PVT corners for the proposed MAC-based
systolic arrays. The minimum operating voltages for the proposed
and original systolic arrays, 𝑉min, proposed and 𝑉min, origin, are defined as
the voltages at which the accuracy loss on MNIST remains below 1%.
Table 1 shows that the systolic array equipped with ADA maintains
inference accuracy under substantial voltage underscaling in both OS
and WS dataflows. Compared with the original design, it achieves up
to 29.19% power reduction. For the OS dataflow, the ADA-Plus results
in lower minimum operating voltages than ADA in most PVT corners,
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Figure 10: Inference accuracy of systolic array on DNN benchmarks with voltage scaling.
Table 2: DNN models and their error-free accuracy.

Benchmarks Acc
(%)Dataset Architectures

MNIST [15]
MLP

784×256×256×10 98.30
FMNIST [21] 784×256×256×10 89.56
Reuters [1] 2048×256×256×46 80.45

CIFAR-10
[14] CNN

CONV: (32, 32, 32)×(32, 32, 32)

84.90CONV: (16, 16, 64)×(16,16, 64)
CONV: (8, 8, 128)×(8, 8, 128)

FC: 2048×10
achieving up to 28.96% power reduction. It is also worth noting that
the minimum operating voltage decreases with the increase of the
temperature, due to the temperature inversion effect.

In addition, we deploy different neural networks on 16× 16 systolic
arrays based on various MAC designs and evaluate their inference ac-
curacy under voltage underscaling, where all systolic arrays equipped
with EDaC designs operate in the WS dataflow. The clock frequency is
fixed at 1 GHz. Model configurations and their error-free accuracies are
summarized in Table 2. In the CNN experiments, batch normalization
is not used, which results in relatively low accuracy after quantization.
Moreover, image-to-column (im2col) is performed in the CNN test-
bench so that the systolic array only computes matrix multiplications.
Due to the large data volume generated by im2col, running inference
on the full 10k-image test set would require more than one week.
Therefore, we randomly select 1000 images for evaluation, where the
error-free accuracy for this subset is 84.9%. As shown in Figure 10,
both ADA-Plus and ADA applied to the two dataflows significantly
outperform other designs under aggressively low voltages. With ADA
and ADA-Plus, the systolic array sustains error-free inference at volt-
age underscaling ratios of 0.71 for MLPs and 0.72 for CNNs. In the MLP
experiments, ADA-Plus delivers the best performance, which results
in nearly no accuracy degradation even at a voltage underscaling ratio
of 0.69, whereas the EDaC-based designs have already become com-
pletely unusable due to severe accuracy loss. In the CNN experiments,
ADA-Plus and ADA deliver comparable performance, both achieving a
minimum voltage underscaling ratio of 0.7. In contrast, systolic arrays
employing prior EDaC designs can only operate reliably down to a
voltage underscaling ratio of 0.76.

We then evaluate the power consumption of these designs using the
same methodology as in our PVT-corner experiments. As shown in
Figure 11, the shaded gray region in each power curve denotes the volt-
age range where the systolic array equipped with the corresponding
MAC design incurs more than 1% accuracy loss on the MNIST dataset,
which implies ineffective power consumption. Comparing the mini-
mum effective power of each design, the systolic arrays incorporating
ADA (OS), ADA (WS), and ADA-Plus (OS) reduce power consumption
by 19.35%, 15.46%, and 17.82%, respectively, relative to the original

Figure 11: Power of systolic arrays consisting of the considered
MAC designs under different voltage underscaling ratios.
systolic array. Compared with the original systolic array operating at
the nominal supply voltage, the three designs achieve power savings
of 50.89%, 47.55%, and 49.96%, respectively. Moreover, ADA achieves
48.44% and 28.72% lower power consumption than STRIVE-TB and
ThVolt at their respective minimum effective voltages. By supporting
a lower operating voltage, ADA reduces the power consumption of
the systolic array by 14.26% relative to EPIC. Furthermore, to verify
that using ADA in the MAC at low voltages is better than directly
employing high speedMACs, we synthesize a MAC incorporating high
speed multipliers and adders based on Synopsys DesignWare[16, 17].
The corresponding systolic array achieves a minimum voltage under-
scaling ratio of 0.76, with a power consumption of 3.04 mW that is
12.6% higher than that of the ADA-based systolic array.

5 CONCLUSION
This work presents two bit-width adjustment circuits that enable MAC
units to operate reliably under aggressive voltage underscaling. By
inferring the effective input operand range from the leading one or
leading zero position and activating only the necessary FA bits, ADA
shortens the critical path of MAC units using purely standard cells.
It reduces the area overhead by 30.3%–75.88% versus prior gate-level
EDaC schemes while adding only 16.1% area to a baseline MAC. An
ADA-based systolic array sustains error-free inference for MLP and
CNN at voltage underscaling ratios of 0.71 and 0.72 and delivers up to
50.89% power savings over the original design under nominal supply
voltage. Leveraging output stationary dataflow, ADA-Plus further pre-
dicts the required bit width from the current partial sum, trimming
ADA’s area by 23% with equal or better accuracy. Across diverse net-
works and datasets, the array equipped with adaptive MACs achieves
the lowest voltage underscaling ratio and 14.26%–48.44% array-level
power reduction compared to other designs.
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