
2026 Design, Automation & Test in Europe Conference (DATE 2026)	

 978-3-9826741-1-7/DATE26/© 2026 EDAA 

	Unary Positional System: Flexible Balance of
Hardware Area and Performance

Zeshi Liu1,*, Zheng Weng1,2, Ruijie Tan1, Guangming Tang1, Haihang You1,*

1Institute of Computing Technology, Chinese Academy of Sciences
2University of Chinese Academy of Sciences, Beijing, China

{liuzeshi,wengzheng25e,tanruijie,tangguangming,youhaihang}@ict.ac.cn

Abstract—Modern computer architectures face challenges in
balancing hardware overhead and performance. Binary comput-
ing, known for its compactness, requires hardware area that scales
quadratically with precision, while unary computing, despite its
simplicity, suffers from exponentially increasing computation time.
This paper introduces Unary Positional System (UPS), a paradigm
that combines spatial and temporal characteristics to address
this trade-off. We develop UPS-based architectures to perform
fundamental arithmetic operations, and apply it to GEMM and
superconductor FFT processor. Experimental results show that
UPS bridges the gap between binary and unary computing, offer-
ing a balanced solution with flexibility for further optimization.

I. INTRODUCTION

In modern computing systems, hardware overhead is receiv-
ing increasing attention. Binary computing relies on parallel
processing of spatial bits, which leads to a significant increase
in hardware area as data width grows [1]. It becomes less
suitable for scenarios where hardware area or power are con-
strained and latency requirements are relatively relaxed [2].

Alternatively, unary computing has re-emerged as it repre-
sents data as a temporary series of bit stream. With its extremely
simple computational logic, unary computing has garnered sig-
nificant research interest [3]–[6]. It is well-suited for hardware-
constrained scenarios, such as bionic algorithms [7], [8]) and
emerging hardware [9]–[12]. However, unary computing relies
solely on the temporal dimension for data representation,
leading to a rapid increase in computational latency as data
precision grows.

Binary and unary computing represent two extremes in
the spectrum of spatial and temporal representation in digital
computing. As shown in Fig. 1, binary relies entirely on the
spatial dimension, enabling extremely short computation times
but demanding substantial hardware resources. In contrast,
unary computing maximizes hardware simplicity by relying
exclusively on the temporal nature. However, this simplicity
comes at the cost of significantly increased computational time.
The central portion of Fig. 1 remains underutilized.

In many emerging scenarios, the limitations of binary and
unary computing pose challenges to the advancement of digital
hardware. For instance, in optical and superconductor hardware,
binary computing is difficult to implement due to its high
hardware logic requirements [9], [10]. On the other hand,
unary computing, while hardware-efficient, incurs significant

* Corresponding author.

computational latency for high-precision tasks. This latency
undermines the benefits of emerging hardware.
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Fig. 1. Extreme characteristics in binary and unary computing.
In practice, resource-constrained and emerging scenarios

rarely exhibit such polarized demands. With the aim of bal-
ancing spatial and temporal overheads to adapt to varying
scenarios, we introduce the Unary Positional System (UPS),
a paradigm that integrates both the spatial and temporal prop-
erties of number representation. Leveraging the UPS, we can
flexibly adjust the area and latency of computing hardware,
enabling more efficient utilization across various scenarios.

It is important to note that the objective of this paper is
not to assert the superiority of binary, unary computing, or
UPS. Instead, we want to demonstrate that the UPS method
can be flexibly adjusted to navigate between the two extremes
of binary and unary computing, by presenting a comprehensive
design and detailed circuit structure, as well as qualitative and
quantitative analyses.

First, we define the number representation in UPS based on
radix and width, to integrate spatial and temporal properties.
We develop unipolar (unsigned) and bipolar (signed) integer
addition and multiplication within UPS, providing a foundation
for extending the method to more complex designs. Second, we
design the key hardware components required to implement
UPS. Our design is entirely based on logic units, enabling the
practical realization and application of UPS. Third, as practical
applications, we implement two important structures – General
Matrix Multiplication and superconductor FFT processor using
UPS, to validate the feasibility of applying UPS to real-world
scenarios. Finally, we conduct a thorough evaluation to compare
the differences among UPS, binary, and unary computing.

With dual support for bit-stream and positional representa-
tions, UPS enables greater flexibility for constrained scenarios,
making it well-suited for applications with specific require-
ments. The contributions of this work are as follows:

• We present a comprehensive design paradigm for the
Unary Positional System (UPS), covering number repre-
sentation, its complement, and methods for performing
basic arithmetic operations. This framework enables the
effective exploitation of the inherent flexibility of UPS.



• We introduce Counting Memory (CMem) as a key com-
ponent for UPS hardware. Then we fully implement the
fundamental arithmetic structures of UPS, including both
unipolar and bipolar addition and multiplication.

• As application examples, we implement General Matrix
Multiplication (GEMM) and superconductor FFT proces-
sors using UPS, demonstrating the feasibility of the UPS.

• The area of the UPS-based GEMM is 46% – 98% of that
of the binary counterpart. Its performance surpasses unary
computing by 122× to 11,203×. For superconductor FFT
processors, the UPS-based design occupies only 39% and
60% of the area used in existing work, while achieving
26× to 138× higher performance than unary computing
with equivalent accuracy. The results confirm the flexibil-
ity of UPS in balancing hardware area and performance.

II. BACKGROUND AND MOTIVATION

A. Binary Computing Characterization
Binary is fundamentally a positional system that represents

numbers using multiple spatial positions, each assigned a
value and a corresponding weight. By combining these values
with their respective weights, a number can be expressed, as
illustrated in Fig. 2(a). Due to its spatial nature, binary can
be stored compactly and processed in parallel, leading to high
computational speeds [1].

However, as the data width of a binary computation in-
creases, the amount of logic required grows rapidly, especially
when multiplying, where the growth is quadratic. Therefore,
hardware area and power consumption also increase signifi-
cantly, leading to substantial overhead. This characteristic of
binary makes it challenging to apply in emerging hardware
fields, where area and power are often limited.
B. Pros and Cons of Unary Computing

Unary computing employs extremely simple logic to perform
computations on serial bit streams in the time dimension [13].
Fig. 2(b) illustrates its number representation, where data is
typically represented by a series of “1”s in a bit stream. In unary
computing, multiplication can be performed using a single
AND gate, while addition is carried out with a counter.
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Fig. 2. (a) Binary representation and (b) unary bit stream.
Despite its logical simplicity, unary computing faces bot-

tlenecks due to the encoding of unary bit streams. Unlike
positional systems, unary computing requires a long bit stream
that corresponds to the range of data being processed. This
leads to bottlenecks in both computation time and storage [5].

Unary computing also includes time encoding [14] and
stochastic computing [15], [16]. Additionally, stochastic
and deterministic methods of unary computing are well-
established [17], and as this paper focuses on achieving
flexibility between unary and positional computing, we use
deterministic methods as a representative method [18].

C. Time-Space Balance Challenges and Opportunities – Poten-
tial for a Hybrid Approach

Binary represents numbers with bit weights of 2n−1 and a
time length of 1, while unary computing uses a constant bit
weight of 1 but with a longer time length. These two approaches
represent extremes in spatial and temporal utilization, respec-
tively. However, existing research rarely achieves a practical
balance between these two characteristics.

To combines spatial and temporal properties of both binary
and unary, there are three key challenges: (1) Balancing the
temporal and spatial paradigms and considering both the space
and the time where each ”1” occurs. (2) The system should
be closed, meaning it could input and output directly in
UPS encoding, avoiding conversions. (3) The method must be
supported by appropriate application scenarios.

Alongside the challenges are three opportunities: (1) UPS
is adaptable to temporal and spatial constraints, offering sig-
nificant flexibility. (2) UPS provides a more natural number
representation, supporting different radices. (3) In resource-
constrained and emerging scenarios, for example, the Internet
of Things [19] and superconductor computing [10], UPS pro-
vides performance potential while maintaining low hardware
area requirements.

III. UNARY POSITIONAL SYSTEM (UPS)

To enable a flexible representation of the spatio-temporal
nature, we introduce Radix and Width, denoted as R and N .
R (radix) represents the base of the UPS number. A positional
value that reaches R will reset to zero and increment the next
position by 1. N (width) represents the number of parallel
positions in a UPS number. E.g., the representation 3212UP (4,4)

denotes the UPS number 3212 with R = 4 and N = 4.

A. UPS Number
1) Unsigned integer: In UPS, there are N spatial positions

within the same temporal dimension, each with a distinct
weight, Rn, where n = 0, 1, ..., N − 1. Each UPS position
is associated with a bit stream of length R in the temporal
dimension, which represents the value at that position by the
number of “1”s it contains. The last bit of each stream must be
0, due to the propagation delay inherent in unary computing.

Fig. 3 illustrates an example of a UPS number with N = 4
and R = 4. The corresponding decimal value is 3212UP (4,4) =
3 · 43 + 2 · 42 + 1 · 41 + 2 · 40 = 230.

Value = 3·43 + 2·42 + 1·41 + 2·40 = 230
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Fig. 3. Example of a UPS number with N = 4, R = 4.

2) Signed integer: The signed numbers in UPS use the high-
est position to represent the sign. Negative numbers in UPS are
then represented by the complement. Fig. 4 illustrates the pro-
cedure for complementing a UPS number, where 212UP (4,4) is
complemented to −212UP (4,4) = 3122UP (4,4). For a bit stream
in the temporal dimension, its inversion can be considered as



simply inverting the first R − 1 digits. The results in Fig. 4
can be easily verified with Complement(0212UP (4,4)) =
44 − 0212UP (4,4) = 44 − 38 = 218 = 3122UP (4,4).

With the complement, the addition of signed UPS numbers
can be directly converted to the addition of its complement.
Besides, for bipolar multiplication, conclusions similar to bi-
nary can be drawn, as shown in Eq. 1 (where C() denotes
the complement and Sgn() represents the sign function). This
allows arithmetic to be performed directly using complements.

for C(YUP (R,N)) = yN−1yN−2...y1y0, there is

C(XUP (R,N) · YUP (R,N)) = C(XUP (R,N)) ·

[−Sgn(yN−1) · RN−1
+ yN−2 · RN−2

+ ... + y1 · R1
+ y0 · R0

]

(1)
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Fig. 4. Complement procedure in UPS.

B. UPS Computation

1) Addition: In the temporal dimension of UPS, it performs
addition by counting to obtain the sum across each spatial
position. Due to the radix, each spatial position in UPS must
reset and carry over when it reaches the radix.

Fig. 5 presents an example of UPS addition. In this example,
3102UP (4,4) is added to 0222UP (4,4), where the first position
produces a carry, resulting in the final sum of 3330UP (4,4).

Leveraging the advantages of complement representation,
both unipolar and bipolar UPS addition and subtraction can be
implemented by combining addition with sign determination.
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Fig. 5. Example of UPS addition.

2) Multiplication: For single-bit case, as shown in Fig. 6(a),
each bit of the two multipliers must be ANDed once. So we
extend the two multipliers to align with each pair of bits.

Then, unipolar UPS multiplication is built on the single-
bit case. Fig. 6(b) shows an example with 3102UP (4,4) ×
0222UP (4,4). The numbers in the vertical columns of the figure
indicate the frequency of the digit ‘1’ appearing in the bit
stream. Each position of the multiplier is multiplied by the
entire multiplicand, resulting in 4 = N partial sums.

By introducing Eq. 1, we can perform bipolar UPS multi-
plication. Fig. 6(c) shows 3102UP (4,4) × 0222UP (4,4), when a
negative number is multiplied by a positive number, the higher
positions of the partial sum must be filled with sign digits.
Fig. 6(d) illustrates 0222UP (4,4)×3102UP (4,4), when a positive
number is multiplied by a negative number, the final partial

sum must be subtracted. Additionally, when multiplying two
negative numbers in UPS, both of these steps are required.

C. Discussion

UPS can employ various techniques to reduce complexity.
The representation and computation of floating-point numbers
can be naturally achieved by combining UPS ’s integer with
binary floating-point representation [20]. Tricks like Booth’s
algorithm [21] and negative weights can also be implemented
in UPS by mimicking binary. As this paper focuses on the
fundamental representation and computation of UPS, these
techniques will not be further discussed here. Finally, although
the examples all use R = 4 and N = 4, in practice, both R
and N can be any arbitrary positive integers.
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Fig. 6. Multiplication examples in UPS. (a) Single-bit multiplication. (b) Ex-
ample of unipolar UPS multiplication. (c) and (d) Bipolar UPS multiplication.

IV. UPS ARCHITECTURE

A. Counting Memory (CMem)

We introduce Counting Memory (CMem) as a key compo-
nent of UPS. The function of CMem is to count and storage the
input bit stream of “1”s and generate a carry/overflow signal
when the radix (R) is reached. Fig. 7 presents the symbols
for two types of radix-R CMem, with single and dual inputs,
respectively. In particular, the dual-port CMem can meet the
requirement of dual inputs for arithmetic operations.

(b)(a)

R/W clk

en rst

dout
din

c
CM(R) CM(R)

dout
c

en rst

R/W clk

dinA
dinB

Fig. 7. Symbol of radix-R CMem with (a) single input and (b) dual inputs.

It is important to note that we recognize level-based binary
as one of the best counter logic for current semiconduc-
tor processes. Moreover, the binary-based implementation of
CMem can act as a bridge between the binary system and
UPS, enabling direct conversion between them. CMem can
also be designed to fully leverage hardware characteristics for
efficient counting, holding the potential to be implemented
using emerging non-binary principles. For example, in optical
or superconductor computing, counting can be performed using
accumulated optical photons or single flux quantum, enabling
CMem differs from binary logic [9]–[12]. Furthermore, CMem



offers the potential for more natural carry-over and fan-in in
emerging domains such as neuromorphic computing [7], [8].

B. UPS Adder

Based on dual-input CMem, the basic UPS adder could be
derived directly. Fig. 8 provides an example of a UPS adder
with R = 4, N = 4. The UPS adder should first read the inputs
and then process the carry before it can output the result (via
the R/W signal).

The key to UPS addition is the handling of the carry signal,
which requires an additional N (width) time step. Furthermore,
based on the UPS complement, both unipolar and bipolar UPS
addition can use the same adder.
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Fig. 8. Symbol and structure of the UPS adder with N = 4, R = 4.

C. UPS Multiplier

The multiplier best exemplifies temporal-spatial nature of
UPS. In spatial dimension, each position pair from the two mul-
tipliers is multiplied in parallel, leading to faster computation.
In temporal dimension, UPS represents values through a time-
serialized bit stream, enabling a larger range for each position
and requiring less logic. Here we present the most basic UPS
array multiplier, with the goal of verifying the feasibility of it.

1) UPS Unipolar Multiplier: Fig. 9(a) shows the symbol for
the UPS multiplier, while Fig. 9(b) presents an example of a
unipolar UPS multiplier with R = 4 and N = 4.

The UPS multiplier performs sequential read/write (via
CMem) on the partial products of each row to obtain the
final result. The CMem in the UPS multiplier functions as an
accumulator, meaning it does not require extra carry time. The
total time for a UPS multiplication is multiplication time+
N · addition time.

2) UPS Bipolar Multiplier: Fig. 9(c) illustrates an example
of a UPS array multiplier using complements, with R = 4
and N = 4. Following Eq. 1, the bipolar multiplier performs
sign position padding and complements the last partial product,
requiring slightly more logic than the unipolar multiplier.
However, the bipolar multiplication completes processing in
the same time as the unipolar multiplication.
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Fig. 9. UPS array multiplier. (a) Symbol. (b) Unipolar. (c) Bipolar.

D. Discussion

Since UPS has a certain spatiality, many techniques from
binary systems can be adapted.

1) Efficiency of different R, N : The parameters R and
N in the UPS reflect the temporal-spatial efficiency of its
representation. When R is fixed and N is increased, the spatial
efficiency improves. Conversely, when N is fixed and R is
increased, the temporal efficiency increases. This flexibility
allows UPS to adapt to different scenarios.

2) More parallel structures: In traditional binary architec-
tures, parallel structures such as carry-look-ahead and multi-
input adders are leveraged to enhance efficiency. These par-
allel techniques can also be implemented in UPS to improve
performance due to its spatial nature.

3) Pipeline design: In unary computing, pipelining is chal-
lenging to implement due to the rapid increase in bit stream
length. In contrast, UPS allows pipeline to be applied in a
coarse-grained manner. By treating the temporal portion (R)
as a unified whole, we introduce a pipeline by blocks of time
(N ) to UPS. Its efficiency will be evaluated in Section VI.

V. UPS APPLICATION

A. UPS-based GEMM
General Matrix Multiplication (GEMM) is a critical oper-

ation, which accounts for over 90% of the computation in
Deep Neural Networks [22]. The core of GEMM is mul-
tiply–accumulate (MAC). By merging these two operations,
greater efficiency can be achieved, particularly in UPS, where
the direct accumulation capability reduces the required logic.

We first explore the feasibility and flexibility of UPS by
implementing a UPS-based GEMM. Fig. 10 illustrates the
structure, where matrices A, B, and C have dimensions of
m×k, k×n, and m×n, respectively. The core of this GEMM
structure is a processing element composed of multiple UPS-
based multiplication and accumulation, as shown in Fig. 10(b).
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Fig. 10. UPS-based GEMM structure. (a) Overview. (b) Processing element.

B. UPS-based superconductor FFT Processor
The Fast Fourier Transform (FFT) is a widely used algorithm

that demands substantial computation [23]. We implement FFT
using superconductor computing based on UPS, highlighting its
flexibility in hardware-constrained scenarios.

1) Features of superconductor Computing: superconductor
computing is a promising emerging technologies in the post-
Moore era, which has ultra-low switching delay (∼ 10−12s)
and switching energy(∼ 10−19J) [24], [25], enabling highly
efficient hardware for domain-specific computing [26].

Relying on Josephson junctions (JJs) for information storage
and processing [27], superconductor Computing faces certain
limitations, the most critical is the integration density of JJs.
State-of-the-art fabrication processes can produce circuits com-
prising 10,000–20,000 JJs [28]–[30]. However, each logic cell
generally require 5–10 JJs, as shown in table I.



2) superconductor FFT Processor: Most existing supercon-
ductor FFT processors adopt binary design methodologies. We
employ a typical FFT butterfly structure integrated with UPS
arithmetic units, aiming to balance hardware overhead and
performance by leveraging the advantages of UPS. Fig. 11 illus-
trates our design, where input buffers generate UPS input, data
converters create complements based on signs, the multipliers
are UPS multipliers, and the adders are UPS adders. The only
difference lies in replacing traditional arithmetic units with their
UPS-based counterparts. This highlights the practicality and
adaptability of the UPS methodology, demonstrating its ease
of integration into real-world applications.

TABLE I
JJS OVERHEAD FOR COMMON LOGIC SUPERCONDUCTOR CELLS [31].

Cell name # of JJs Cell name # of JJs
JTL (Josephson transmission line) 2 AND 10

SPL (splitter) 3 NOT 7
CB (confluence buffer) 2 XOR 12

NDRO (non-destructive read-out) 12 OR 11
DFF 4 TFF 6
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Fig. 11. The UPS-based superconductor butterfly operator.

VI. EVALUATION

A. Experimental Setup

We evaluate UPS, binary, and unary computing using the
same structure. For semiconductor processes, we use Verilog
RTL to synthesize the area and power via Synopsys Design
Compiler, targeting the FreePDK 45nm technology node [32]
and a 400 MHz frequency. For superconductor processes, we
simulate designs with AIST Advanced Process (ADP2) [33].

Since widths of UPS and unary computing are more flexible
than binary, our evaluation is based on the width of binary.
We use the suffixes “-u” and “-b” to indicate unipolar and
bipolar cases, respectively. Furthermore, We evaluate every (R,
N) combinations of UPS to demonstrate its flexibility.

B. Comparison between Additions

As Fig. 12 shows, the area and power of binary adders is
lower than that of UPS and unary computing for the same
precision. This is because counting and storing the bit stream
needs additional overhead, especially CMem, which integrates
counting, storage, and conversion functions.

(a) (b) (c)

Fig. 12. Comparison of adders based on relative binary bit width. (a) Area.
(b) Power. (c) Throughput.

However, UPS offers a significant advantage: it avoids the
rapid drop in throughput that unary computing suffers as

data precision increases. The benefits of CMem are worth its
additional overhead, because addition logic typically constitutes
a small fraction of the overall cost in large-scale computation.
As shown in Fig. 12(c), at the same width, the performance
of UPS adder ranges from 1.42×–2979× higher than that of
unary computing.

C. Comparison between Multiplication
Fig. 13 presents a comparison of the multipliers. As shown,

although binary offers high performance, its area and power
consumption scale quadratically with data width. Unary com-
puting incurs lower area and power overhead but suffers from
a sharp decline in performance as data width increases.

UPS effectively bridges the gap between binary and unary
computing in terms of both overhead and performance. In
Fig. 13(a)(b), the area and power of UPS-based multipliers
range from 15% to 92% and 6.7% to 56% of those of their
binary counterparts, respectively. In Fig. 13(c), the throughput
of UPS is at least 2.8× higher than that of unary computing,
and the gap widens rapidly.

The spatial nature of UPS enables the use of pipelines, and
Fig. 13(d) illustrates the improvement achieved through our
block pipeline design.

(a) (b)

(c) (d)

Fig. 13. Comparison of multipliers based on relative binary bit width. (a) Area.
(b) Power. (c) Throughput. And (d) the effect of pipeline on UPS.

D. Comparison between GEMM
Our evaluation uses matrices with sizes m = n = k =

4, 8, 16, and compares them against binary implementations
with 7, 8, and 9 bits. Fig. 14 shows the result. It can be observed
that, since the overhead of multipliers is higher than that of
adders, the overhead and performance of GEMM implementa-
tions follow a similar trend to those of the multipliers.

As shown in Fig. 14(a)(b), the UPS-GEMM exhibits flexible
hardware characteristics, requiring only 46% – 98% of the
area and 24% – 62% of the power compared to the binary.
In terms of throughput, UPS significantly outperforms unary
computing and approaches the performance level of binary, as
illustrated in Fig. 14(c). Specifically, the throughput of the UPS-
based GEMM is 122× – 11,203× higher than that of unary
computing. Also, we assess the impact of the block pipeline
design on GEMM, with the results given in Fig. 14(d).



E. Comparison between superconductor FFT Processors
We evaluate superconductor FFT processors as a representa-

tive example of applying UPS in emerging constrained scenar-
ios. Two UPS configurations are used: one with R = 8, N = 2
plus a sign position, and another with R = 4, N = 2,
comparing against the signed 7-bit and unsigned 4-bit designs
presented in [34] and [29], respectively. The total JJ count is
employed as an indicator of a design’s overall cost [31], [33].
We assess the overhead and performance of a unary computing
implementation based on UPS at N = 1, serving as an extreme
example of temporal-dimension-dominant design.

From Table II, it is evident that the number of JJs used by
UPS amounts to only 60% and 39% of those required by two
binary implementations, respectively.

(a) (b)

(c) (d)

Fig. 14. Comparison of GEMM based on relative binary bit width and matrix
size. (a) Area. (b) Power. (c) Throughput. And (d) pipeline’s effect on UPS.

TABLE II
COMPARISON OF BINARY, UPS, AND UNARY COMPUTING

IMPLEMENTATIONS OF SUPERCONDUCTOR FFT PROCESSORS.
Method Binary [29]

(bit-serial) UPS Unary

Width 7 (signed) N=2, R=8,
plus 1-position sign 1

JJ w/ wiring 17455 10488 5796
cycles@4-point FFT 113 263 36368
cycles@8-point FFT 335 735 100896

Method Binary [34]
(2-bit bit-slice) UPS Unary

Width 4 (unsigned) N=2, R=2 1
JJ w/ wiring 20523 8076 4767

cycles@4-point FFT 43 94 2448
cycles@8-point FFT 59 238 6304

While the binary implementations are reaching the integra-
tion limits of JJs of superconductor circuits (10,000–20,000
JJs). The spatial efficiency of UPS enables the full implemen-
tation of the butterfly operator within current superconductor
process constraints. Compared to unary computing, UPS is sub-
stantially more practical, achieving 26×–138× the throughput
of unary computing. These results highlight the advantage of
UPS in constrained scenarios

F. UPS with Different (R, N)
As observed in the experiments, the temporal-spatial nature

of UPS provides impressive flexibility. From Fig. 13 and 14, for
a fixed precision, decreasing R and increasing N reduces the
temporal aspect of UPS while enhancing its spatial aspect. This
trade-off enables higher performance at the cost of increased
area and power consumption, with its extreme case being full

positional representation, typically binary. Conversely, increas-
ing R and decreasing N can reduce area and power overhead,
but this comes at the expense of latency. The extreme case of
this trade-off is unary computing.

The advantage of UPS lies in its ability to shift only part
of the resolution to the temporal dimension, enabling spatial
savings while maintaining a manageable increase in latency.
Notably, as data width increases, the number of viable (N,R)
combinations also grows, providing UPS with greater flexibility
for emerging hardware and resource-constrained scenarios.

VII. RELATED WORK

The field of computing is undergoing a re-focus on unary
computing due to the rise of hardware-limited and emerging
scenarios [5], [9], [10], yet unary computing is hindered by high
latency and low accuracy. Although previous research has ex-
plored methods incorporating stochastic, unary, and positional
approaches, none have successfully harnessed the flexibility of
these techniques for practical applications.

For example, [35] introduced the idea of unary positional
computing but only provided conceptual discussion and abstract
computational designs. They did not explore a generalized ap-
proach or conduct in-depth experimental analyses, which limits
the practical adoption of the method in real-world scenarios.

Furthermore, [36] applied unary computing to represent
floating-point numbers. But their approach relies on stochastic
computing for the temporal dimension, making it suitable only
for handling fractions. Moreover, the exclusive use of radix-2
significantly limited the flexibility of their representation.

Likewise, [37] also adopted radix-2, restricting their method
to a binary system extension. To simplify implementation, they
employed scaled addition as the adder, which further reduced
the generality and practical utility of their approach.

Existing research has also explored methods for achieving
temporal-spatial balance through Hybrid Unary-Binary (HUB)
approaches, such as [5], [38], [39]. However, HUB methods
require compatibility with both unary and binary computing,
which contrasts with the UPS of providing a unified structure.
Therefore, we do not consider HUB methods in this paper.

VIII. CONCLUSION

This paper introduces UPS. By combining temporal and
spatial nature, UPS avoids the quadratic area growth seen in
binary computing and the rapid latency growth typical of unary
computing. We design UPS-based GEMM and superconductor
FFT processors as application examples to verify its feasibility.
The results of applying UPS to GEMM demonstrate that its area
overhead is 46%–98% of that of binary designs, and its power
consumption is 24%–62%. Besides, UPS has 122×–11,203×
performance over unary computing. By offering a flexible
balance between hardware area and performance, UPS is well-
suited for resource-constrained scenarios and applications with
specialized requirements.
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