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Sloppy Selection Networks

for Fast Energy-Efficient Decoding

HARSHIT KUMAR VENKATESH

Department of Microtechnology and Nanoscience
Chalmers University of Technology

Abstract

This thesis investigates the possibility of reducing the impact of hardware constraints
of decoder implementations employing modern soft-decision decoding schemes such
as ORBGRAND, GRAND, and Chase-class algorithms for FEC. Sorting networks
constitute a major hardware bottleneck in the implementation of such decoders
due to their area, power, and delay requirements. To address this problem, sloppy
selection is explored as an alternative to conventional sorting, and a generalized
architecture for implementing sloppy selection networks is proposed.

The proposed architecture provides a configurable trade-off between selection “sloppi-
ness” and hardware complexity. The proposed sloppy selection networks demonstrate
a slight degradation in decoding performance while showcasing significant reductions
in impact on hardware constraints, achieving up to 96% reduction in area and power
consumption, along with up to 80% reduction in delay compared to conventional
sorting-based implementations. Furthermore, an MSB-first comparator architecture
was introduced to further optimize the comparator logic within the sloppy selection
networks. The proposed comparator achieved an additional reduction of approxi-
mately 70% in delay and nearly 90% reduction in EDP, while incurring only a modest
area increase of approximately 25%.

The obtained results strongly indicate the viability of the proposed sloppy selection
networks for practical decoder implementations. If comparable decoding performance
can be achieved relative to implementations using accurate sorting networks, the
proposed architectures could have a significant impact on the design of 5G and 6G
decoder hardware.

Keywords: Forward Error Correction, Decoding, Sloppy Selection, GRAND, Chase,
Logic Optimization, Binary Trees, Selection Networks, Reliability, Hardware Consid-
erations
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Introduction

Handling noise in telecommunications systems is a fundamental challenge that directly
impacts system performance. In some decoding algorithms, this issue is addressed
by identifying the least reliable bits in a received packet. Some prominent examples
include the GRAND [1], ORBGRAND |[2] and Chase [3, 4, 5] classes of algorithms.
This identification is commonly implemented using sorting or selection networks,
which can incur significant hardware complexity. In fact, the sorting network forms
the bottleneck in terms of power and area [6].

This work aims to improve the hardware efficiency of such decoders by exploiting the
fact that reliability information is inherently noisy. By performing sloppy, sorting or
selection, it may be possible to significantly reduce hardware complexity with only a
limited impact on decoding performance.

The effects of sloppy sorting have been previously explored on non binary decoders [7],
where the input size of the sorter is reduced by considering only a part of the soft
information provided by the decoder, ultimately making the selection sloppy. However,
we hypothesize that this approach remains inefficient, and that substantially greater
gains can be achieved by employing sloppy selection networks that do not reduce
input constraints and sloppily select but still maintain good enough performance.
Further there are no such hardware implementations found for binary decoders that
implement decoding algorithms like Chase or ORBGRAND.

1.1 Related Work

There have been attempts to reduce hardware complexity while maintaining ac-
ceptable error-correction performance on non binary decoders [7]. This idea can be
directly applied to widely used decoding algorithms that decode binary codes, such
as GRAND [1], ORBGRAND |[2], and Chase class of algorithms [3, 4, 5], offering a
promising path toward improved hardware efficiency without significantly degrading
decoding accuracy.

Despite this potential, we are not aware of any prior work that has explored sloppy
selection for binary decoding algorithms as a means to reduce hardware requirements.
Some studies have examined the hardware implications of selection networks [§],
which can serve as a useful reference for designing approximate selection networks
aimed at lowering hardware costs in decoding.

Previous efforts have also focused on pruning and parallelizing sorting networks to
reduce computational complexity and increase throughput [9, 10, 11]. However, some

1



1. Introduction

of these approaches still produce fully sorted outputs, even though strict ordering is
often unnecessary for decoding. Additionally, work on standardized pruning of sorting
networks [12] provides relevant insights that can further support the development of
approximate selection networks in this context.

1.2 Purpose and Goal

The primary goal of this thesis is to propose a general architecture to implement
sloppy selection in hardware. This network can be used in a decoder to correct noisy
codes. This thesis will also quantitatively evaluate the resulting trade-offs between
hardware requirements and error-correction performance.

At the circuit level, the hardware evaluation focuses on logic depth, circuit area,
throughput, and power consumption, listed in order of decreasing significance. At the
decoder level, the evaluation considers total hardware complexity, power consumption,
and output bit error rate (BER) as a function of the Signal-to-Noise Ratio (SNR) of
the received signal, throughput of the decoder.

The investigation aims to determine whether sloppy selection networks can provide
tangible benefits in reducing decoding energy consumption per selection, decoder area,
and network depth, thereby enabling higher operating frequencies, while maintaining
sufficiently good decoding performance for decoders that utilize selection networks,
and how these benefits depend on the operating SNR. The key challenge lies in
selecting an appropriate baseline selection (or) sorting network that is parallel enough
to be implemented on hardware and progressively approximating this network to
reduce hardware cost while maintaining acceptable error-correction performance.
Successfully addressing this challenge would make such architectures suitable for
integration into practical telecommunications systems.

1.3 Thesis Outline

This report begins with a technical background chapter (Chapter 2) that introduces
sorting algorithms and related techniques, emphasizing their operational principles
and hardware implementations. Building on this foundation, the chapter further
examines the use of subsets or approximations of sorting networks for selection,
introduces binary trees, and discusses the role and significance of selection in decoding,
along with a short review of existing decoder architectures that use these networks.

The methods chapter (Chapter 3) then formalizes the concept of sloppiness in
selection networks and outlines the methodologies used to evaluate and construct the
proposed designs. Building directly on these methods, the design chapter (Chapter 4)
presents two key contributions; a novel compare-and-swap operator and a novel
architecture for constructing sloppy selection networks.

The results chapter (Chapter 5) provides a critical evaluation of the performance
and limitations of the proposed architecture. Finally, the report concludes with a
summary of the key findings and contributions.
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Technical Background

This chapter presents a concise introduction to sorting, selection, and binary tree
networks, which form the foundation for the design of the proposed architecture.
Furthermore, it examines the pivotal role of selection in contemporary decoding
algorithms.

2.1 Sorting Networks

To understand sorting networks, we begin by defining sorting in the context of
numerical data. Sorting is the process of arranging a set of numbers in either
ascending or descending order [13]. Although at first glance sorting may appear
simple and straightforward, it becomes computationally intensive when performed
systematically, especially as the number of elements increases. In practice, sorting
must be carried out in a structured and deterministic manner to ensure correctness.
Additionally, sorting inherently requires memory, which becomes more apparent
when considering how humans perform sorting tasks.

Over the years, numerous algorithms have been developed to perform sorting sys-
tematically. Prominent examples of comparison-based algorithms include Bubble
Sort [13], Merge Sort [14, 15], and Bitonic Sort [14, 15]. There also exists a separate
class of sorting algorithms that do not rely on direct comparison of variables, such
as Bucket Sort and Radix Sort [13]. However, this class of algorithms is beyond
the scope of this work. Therefore, the discussion that follows focuses exclusively on
comparison-based sorting algorithms.

Different sorting algorithms exhibit distinct characteristics. For example, Bubble
Sort is highly sequential and relatively slow, whereas Bitonic Sort is among the
fastest and most parallelizable algorithms [16, 17]. Despite these differences, all
comparison-based algorithms are described based on a fundamental operation that
compares two elements and conditionally swaps them. This operation is referred to
as the Compare-and-Swap (CaS) operator.

A CaS operator consists of a comparator that evaluates two input values and generates
control signals for two multiplexers (MUXs). One multiplexer selects the larger of
the two inputs, while the other selects the smaller one. In this way, the outputs are
always ordered according to the desired sorting direction. The topology of a typical
CaS unit is illustrated in Figure 2.1.
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Figure 2.1: Tllustration of the topology of a CaS unit (figure inspired from [18])

Now that the fundamental building block has been established, sorting networks can
be constructed in digital hardware. One of the simplest implementations is based on
the Bubble Sort algorithm. In this approach, the input array is repeatedly traversed,
comparing each element with its immediate neighbor. If the comparison condition is
violated, the elements are swapped. The condition depends on the desired ordering;:
for ascending order, a swap occurs when the preceding element is greater than the
following element, while for descending order the condition is reversed. Multiple
passes are performed over the array until a complete pass occurs with no swaps,
which defines the termination condition [13].

From a digital logic perspective, this algorithm can be implemented as a sequential
circuit using a single CaS operator, a First-In-First-Out (FIFO) shift register, and
a clock signal to repeatedly process the data. Figure 2.2 illustrates such an imple-
mentation. A key drawback of this approach is its sequential nature, which limits
performance and makes it unsuitable for time-critical applications.

Sequential logic

Clk in » cik
Compare
»| Din and Dout
Swap
Done Ready
Sorted Array Input Array
v FIFO Buffer

Demultiplexer Multiplexer

Figure 2.2: Simplified digital implementation of Bubble Sort. The input is loaded
into the FIFO when the 'Ready’ signal is high. Once loaded, the system performs
iterative compare-and-swap operations until no swaps occur in a full pass, at which
point the 'Done’ signal is asserted.
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It is worth noting that while Bubble Sort can be implemented in a parallel, combi-
national manner using multiple CaS units, such an approach requires a significant

increase in hardware resources. Figure 2.3 shows such a parallel implementation of
bubble sort.

16-input Bubble Sorting Network
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Figure 2.3: Schematic of a 16 input bubble sorting network. Each dumbbell
indicates a CaS operator and each stage is separated by a dotted blue line.The inputs
are on the left end and the sorted outputs are on the right end.

To address these limitations, algorithms inherently designed for parallelization can be
employed to build faster sorting networks. One such algorithm is Bitonic Sort. This
approach divides the input array into smaller subsets, which are sorted independently
to form alternating ascending and descending sequences, referred to as bitonic
sequences. These sequences are then merged in a structured manner, and the process
is repeated iteratively until the final two bitonic sequences are merged to produce a
fully sorted array [15, 14].

As illustrated in Figure 2.4, a bitonic sorting network consists of multiple stages
of CaS operators arranged to enable parallel comparisons. Each stage performs a
specific set of compare-and-swap operations, progressively enforcing global ordering.

Bitonic sorters achieve high performance because the bitonic sorting algorithm is
inherently designed for parallel execution. However, this advantage comes at the
cost of increased area and power consumption [6]. This trade-off is also reflected
in how the hardware scales with the number of inputs. The area complexity of a
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Bubble Sort implementation increases linearly with the number of elements, whereas
the area complexity of a Bitonic sorting network grows on the order of N log,(N) [6].
Similarly, the timing complexity of a Bubble Sort scales as O(N), while that of a
Bitonic sorter scales as O(log3(N)) [13], where N denotes the number of elements
being sorted. Consequently, although Bubble Sort requires less area and power, it
exhibits longer sorting latency. In contrast, the Bitonic sorter consumes significantly
more area and power but achieves substantially lower sorting time.

16-Input Bitonic Sorting Network

Figure 2.4: Schematic of a 16 input bitonic sorting network. KEach dumbbell
indicates a CaS operator and each stage is represented by a dotted blue line. The
inputs are on the left end and the sorted outputs are on the right end.

There are also other parallel sorting algorithms, such as Odd-Even Merge Sort, which
exhibit different design constraints compared to Bitonic Sort [8]. These trade-offs
between different implementations further motivate the architectural choices explored
in Chapter 4.

2.2 Selection Networks

Selection networks can be regarded as a simplified class of sorting networks. Rather
than producing a fully ordered sequence, a selection network addresses a related
problem: selecting the top k values from a set of N input elements [8].

A selection network that extracts the two largest elements from eight inputs may be
denoted as a top(2, 8) network. More generally, a network that selects the k largest

6



2. Technical Background

elements from N inputs is denoted as a top(k, N) network. Also, it can be noted
that the same network that gives us top k£ out of NV also can give us the smallest &
out of NV just by swapping the comparison sign on the comparator of the CaS, and
this can be denoted as a bottom(k, N) network.

The principal distinction between sorting and selection networks lies in the output
requirement. In a sorting network, all output elements must be fully ordered, whereas
in a selection network, only the set of top k elements is required, and their relative
ordering is not significant [8]. This relaxation enables more efficient implementations
in terms of both hardware complexity and computational depth.

Any N-input sorting network can be used as a top(k, N) selection network; how-
ever, this approach performs many unnecessary comparisons. A more cost-effective
top(k, V) selection network can be obtained by pruning CaS operators that do
not affect the identification of the top k elements, while preserving the network’s
functionality [8]. This pruning process typically begins at the stages closest to the
output and proceeds progressively towards the stages nearer to the inputs. In the
case of the bitonic sorting network shown in Figure 2.4, this corresponds to pruning
from right to left. Figure 2.5 illustrates the pruning of a 16-input bitonic sorting
network to obtain a top(4, 16) selection network.

Top(4, 16) Bitonic Network
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Figure 2.5: Schematic of a top(4, 16) bitonic selection network. The highlighted
red elements indicate pruned Ca$S operators (figure inspired from [8]).

It can be observed that selection networks are significantly less complex than their
sorting network counterparts, both in terms of circuit area and network depth. These
reductions can directly translate to lower power consumption and reduced delay,

\]
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respectively [8]. Consequently, selection networks form a key component of the
proposed architecture and constitute one of its two primary building blocks.

2.3 Binary Tree Networks

A binary tree is a hierarchical data structure in which each parent node is connected
to at most two child nodes [19]. In this work, we consider a specific class of binary
trees in which every parent node has exactly two children; such trees can be referred
to as full binary trees. Figure 2.6 illustrates a four-level full binary tree in which all
possible child nodes are present. Similarly, Figure 2.7 shows how such a binary tree
structure can be constructed using CaS operators.

Figure 2.6: Schematic of a four level binary tree with all child nodes possible

8-Input Full Binary Tree Network

1:

hﬁ

Figure 2.7: An eight input full binary tree visualised using CaS operators
Full binary tree structures can be utilized to implement minimum or maximum finder

networks, enabling fast and highly parallel determination of the global minimum or
maximum from a set of input values [20, 21]. In such implementations, each node of

8



2. Technical Background

the binary tree is replaced by a Compare-and-Select (CaSe) operator. Equivalently,
the CaS operators shown in Figure 2.7 may be replaced with CaSe operators to
realize a minimum or maximum finder network.

A CaSe operator can be derived from a Compare-and-Swap (CaS) operator by
removing one of the multiplexers. Figure 2.8 illustrates the topology of a CaSe
unit. Depending on the comparator operation, the resulting binary tree network
can function either as a global minimum finder or a global maximum finder. If the
comparator performs a greater-than-or-equal-to operation, the multiplexer selects
the larger of the two inputs, and the CaSe operator outputs only the maximum
value, resulting in a global maximum finder. Conversely, if the comparator performs
a less-than-or-equal-to operation, the operator outputs the smaller of the two inputs,
thereby forming a global minimum finder.

Min/Max(Xq,X5)

Y

Iy
Comparator s

X1

X, > 1,

Figure 2.8: Illustration of the topology of a CaSe unit (figure inspired from [18])

Figure 2.9 illustrates the operation of a full binary tree configured as an 8-input min-
imum finder, where the global minimum is obtained through successive comparisons
across the tree structure.

Figure 2.9: Illustration of a 8-input binary tree minimum finder. Each pair of
arrows that leads to a single node represents a single CaSe unit. Following that, in
this picture we have seven CaSe units

These binary tree networks exhibit an area complexity of O(/N) and a time complexity
of O(logy(N)) [21], where N denotes the number of inputs. Notably, for a given
N, these structures are both smaller and faster than their bitonic sorting network
counterparts.

Consequently, these binary tree structures constitute the second key component of
the proposed architecture.
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2.4 Number Representation in a digital system

In digital circuits, numbers are represented using binary digits (bits), where each
bit can take either a value of 1 or 0. Different number representations are used to
satisfy various requirements, including computational efficiency, memory optimization,
numerical precision, hardware implementation efficiency, and reliable data processing.
In this section, we focus on the representation of integers, specifically unsigned
integers, since they will be used throughout the design presented in this work.

An unsigned integer is a binary number representation used to store non-negative inte-
ger values in digital systems. In this representation, all available bits contribute to the
magnitude of the number, and no bit is reserved for indicating a sign. Consequently,
unsigned integers can represent only zero and positive integer values.

An n-bit unsigned integer consists of n binary digits, indexed from the least significant
bit (LSB) to the most significant bit (MSB). The LSB, located at position ¢ = 0, has
a weight of 2°, while the MSB, located at position i = n — 1, has the highest weight
of 2"~1. Unlike signed number representations, the MSB in an unsigned integer
contributes to the magnitude of the number rather than indicating its sign.

For an n-bit unsigned integer, the numerical value is determined by the weighted
sum of its binary digits:

n—1
N=> b2 (2.1)
=0

where b; represents the binary digit (0 or 1) at position 7.

Since all bits are used to represent the magnitude of the number, the range of values
that can be represented by an n-bit unsigned integer is given by:

0<N<2"—1. (2.2)

For example, an 8-bit unsigned integer can represent values from 0 (all bits equal
to 0) to 255 (all bits equal to 1). The binary number 101101105 corresponds to the
decimal value 182, which can be computed as follows:

(1x27) (0% 2%) +(1x2%) + (1% 21)+(0x 2%) + (1 x2%) + (1 x 21 +(0x 2°) = 182. (2.3)
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Method

This section presents the methodologies employed to develop and evaluate the
concepts and circuits investigated in this work. The discussion begins with an
evaluation of the selection networks, followed by a description of the netlist generation
in Hardware Description Language (HDL) and their subsequent synthesis into digital
logic. Finally, the approaches used for estimating power consumption and area are
detailed.

3.1 Evaluating the Selection Networks

The selection networks were evaluated in two phases. In the first phase, a functional
equivalent of the selection network was implemented in MATLAB. In the second
phase, the synthesized digital logic was verified using the same test vectors generated

by the MATLAB model.

Two MATLAB functions were developed. One mimicked the proposed sloppy selection
network architecture discussed in Chapter 4, and the other represented an ideal
selection network. These functions were used to perform Monte Carlo simulations
with random input sets generated as described in Section 3.1.1. Each input set was
denoted as I. For each simulation, the ideal network produced an output set £, while
the proposed network produced an output set A. Sloppiness was calculated for each
iteration as described in Section 4.2, and the average sloppiness across all iterations
was then used to compare different networks following the proposed architecture.

In addition to sloppiness, the Monte Carlo simulations also evaluated whether the
selection networks correctly identified all bit flips caused by channel noise. After
propagating the input vectors through the networks, the least reliable candidates
were identified and compared to the actual flipped bits in the noisy demodulated
bitstream. If all flipped bits were captured by the network, the test was designated
as a pass; otherwise, it was considered a failure. This comparison was performed
by matching the indices of the flipped bits with the indices of the least reliable
candidates identified by the network.

A total of 10° Monte Carlo iterations were performed for each simulation. This
number was chosen because MATLAB could efficiently handle this scale while still
providing results within a reasonable time. It also ensured that statistical variations
were low and provided a reliable estimate of the network’s performance.

Finally, the input and output vectors from the simulations were logged into separate

11



3. Method

test vector files. These files were later used for functional and post-synthesis verifica-
tion of the digital logic. All implemented selection networks were tested using the
stored input vectors to confirm that they produced identical output vectors. This
ensured that functionality was preserved throughout the design and implementation
pipeline.

3.1.1 Input Vector Generation using BPSK

The input vectors for the Monte Carlo simulation were generated using a Binary
Phase Shift Keying (BPSK) modulation [22] simulation implemented in MATLAB.
In the context of channel coding, BPSK is also commonly referred to as Binary Input
Additive White Gaussian Noise (BI-AWGN) channel. BPSK was chosen because it
represents the simplest modulation scheme and can be extended to more complex
schemes for generating input vectors for the selection networks. In addition, in the
previously mentioned decoding algorithms, a reliability parameter derived from a
complex modulation scheme was passed through a sorting network to identify the
least reliable bits.

Random binary sequences were generated and modulated using the BPSK scheme.
The modulated symbols were transmitted through a simulated channel that added
white Gaussian noise, resulting in a noisy signal with an SNR of 6 dB. This SNR
value was selected based on empirical observations, as it provided a suitable spread
of points in the constellation diagram for analysis. The recieved signal was subse-
quently demodulated. This process mimicked a real communication system, where
transmitted bits could be flipped due to channel noise. Figure 3.1 illustrates a block
diagram of the BPSK simulation.

4 )
Random Binary fﬁ 8-bit confidence
Generator - Ca culate values
» confidence
Binary values
Bitstream y v v
) )
BPSK modulator AWGN channel > d BESIK . Output
Modulated emodulation Noisy
~—— — .
Data Bitstream
(Symbols)

Figure 3.1: Illustration of the implemented BPSK function in MATLAB for
generating input vectors of the Monte Carlo simulation. AWGN refers to Additive
White Gaussian Noise.

Confidence values for each received symbol were computed by calculating the distance
of the noisy modulated point to the midpoint between the ideal locations of the
two BPSK symbols along the in-phase axis. Figure 3.2 illustrates this measurement
process. These confidence values indicate the likelihood that a received symbol
matches the originally transmitted symbol. In some cases, the computed distance
may exceed the theoretical maximum value of 1. To address this, all values were
clipped to the range between 0 and 1, since any confidence value above 1 corresponds

12
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to a symbol that has a very high probability of being correct for a sufficiently high
SNR.

BPSK Received Constellation (SNR = 7 dB)
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Figure 3.2: Illustration of calculating geometric distance of the modulated points
for computing confidence values from a BPSK simulation.

The clipped confidence values were then converted into 8-bit unsigned integers ranging
from 0 to 255, where a value of 255 represented 1, which corresponded to a symbol
that was almost certainly correct (provided, we have sufficiently high SNR). These
8-bit integers served as the input vectors for the selection networks. This method of
measuring confidence values based on the geometry of the constellation was scalable
to higher-order modulation schemes, enabling the generation of input vectors for
more complex modulation formats. The choice of an 8-bit width aligned with the
data width of the final digital hardware, and the rationale for using 8 bits is further
discussed in Chapter 4.
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3.2 Generating HDL Scripts

The HDL netlists were generated using a MATLAB-based compiler script. This
script primarily consist of file-generation routines that produc the required HDL
files for synthesis. It accepts numerical parameters defining the architecture and
automatically generates all possible network configurations for the specified input
and output sizes. The use of such a compiler script was motivated by improved
maintainability and the fact that the HDL definition remained fully reproducible for
any set of input parameters.

The generated HDL code was structured without conditional statements, which
simplified interpretation by synthesis tools and reduced synthesis time. Each gen-
erated network was stored in a separate folder within a specified parent directory,
significantly improving the organization and manageability of synthesis and analysis
tasks.

Verilog [23] was chosen as the hardware description language for all implementations.

3.3 The Digital Design Pipeline

The digital logic was targeted to be implemented on an Application-Specific Integrated
Circuit (ASIC) using ASAPT libraries [24], as justified in Chapter 4. The Cadence
suite of tools was used to support this design pipeline. Cadence Xcelium was used
for both functional and post-synthesis verification, while Cadence Genus was used to
synthesize the HDL designs into gate-level netlists.

The digital design pipeline began with functional verification of the HDL and
concluded with the extraction of gate statistics, area, and power metrics. The entire
pipeline was automated using shell and Tool Command Language (TCL) scripts,
which were generated by the same MATLAB-based compiler script described in
Section 3.2. As a result, both the HDL and automation scripts were generated with
minimal manual effort, significantly simplifying and accelerating the design workflow.
Figure 3.3 illustrates the various stages of this pipeline. This process was repeated
for every network that was generated and analyzed.

h ( h ( ) ( h ( Extract Gate

Functional Unconstrained Time Constrained Post synthesis o
e - . - . - o | statistics, Area
verification > synthesis > synthesis »| verification >
) . and Power

(Xcelium) (Genus) (Genus) (Xcelium) G

J \ J \ J \ J \__(Genus)

A A

Y

<T|m|ngC0nstra|nt> -

Figure 3.3: Illustration of the digital design pipeline implemented using the Cadence
tool suite for design, analysis, and metric extraction.

Functional Verification: In this stage, the HDL design was verified using the test
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vectors generated from MATLAB, as described in Section 3.1, to ensure correctness
before synthesis.

Unconstrained Synthesis: This stage performed the initial conversion of the
functional HDL description into a gate-level netlist. The synthesis was carried out
with minimal optimization to preserve the original structure of the design, providing
a reliable baseline for circuit delay. This was achieved by setting both the generic
synthesis and mapping effort levels to “Low” in Genus.

Time-Constrained Synthesis: In this stage, the design was resynthesized under
a timing constraint derived from the baseline delay obtained in the unconstrained
synthesis stage. The generic synthesis and mapping efforts were set to “Medium” to
allow the tool to explore simpler implementations of the logic, followed by a dedicated
optimization step. The optimization effort was set to “High” to aggressively refine
the design and meet the specified timing constraint.

Post-Synthesis Verification: Here, the generated gate-level netlist was verified
using the same methodology as in the functional verification stage. In addition,
the simulator was configured to generate a Switching Activity Interchange Format
(SAIF) file, which captures the switching activity of the entire design and was later
used for power estimation.

Extraction of Gate Statistics, Area, and Power: In the final stage, gate
statistics, area, and power metrics were extracted using Genus. Power estimation
required switching activity data, which was imported from the SAIF file generated
in the previous stage. The SAIF format was preferred over the Value Change Dump
(VCD) format because VCD files for large designs can grow to impractically large
sizes. This was observed when attempting to generate a VCD file for one of the
larger designs based on the proposed network, where the file size grew on the order of
terabytes, resulting in a significant file input and output bottleneck in the pipeline.

To further accelerate the overall workflow, a top-level automation script was developed
to spawn parallel jobs, enabling the digital design pipeline to be executed simultane-
ously for multiple networks. This significantly reduced the total time required to
synthesize the circuits and extract the corresponding performance metrics.
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Design

This chapter provides a description of the definition of a new metric for quantifying
sloppiness, the proposed architecture, and the associated design decisions along
with their underlying rationale. The chapter is organized into four main sections.
The first covers the design space, the second introduces the sloppiness metric, the
third describes the MSB-first Compare-and-Swap (MFCaS) unit, which serves as the
primary building block of the architecture, and the fourth presents the architecture
itself.

4.1 Design Space

Before detailing the proposed architecture, it is necessary to define the design
space of the problem. This is guided by current trends in channel coding for
telecommunications systems. The input and output sizes for the selection networks
are defined as

N = {32,64, 128,256,512, 1024} (4.1)
k={2,4,8,16} (4.2)

These choices are motivated by practical constraints in modern channel coding
schemes, where the maximum block length is typically 1024 bits [25]. Consequently,
a decoder may need to process up to 1024 reliability values simultaneously. Similarly,
a decoder may need to look at up to 16 possible candidates for error correction [26].

The data type selected for representing reliability values is an unsigned integer
with a fixed width of 8 bits. This choice is based on empirical observations (Refer
Appendix A.1) from simulations conducted across multiple network configurations.
In these experiments, the data width was varied from 2 to 12 bits, and the resulting
outputs were analyzed in terms of their ability to identify the least reliable bits.
It was observed that performance saturates beyond 6 bits, indicating diminishing
returns for higher precision. Therefore, an 8-bit representation is selected as a
conservative and efficient design choice.

The digital logic is chosen to be implemented using an ASIC flow rather than
an Field Programmable Gate Array (FPGA). Although FPGA prototyping can
accelerate the design process, it does not accurately reflect the area, power, and
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timing characteristics of a full-scale implementation. Therefore, an ASIC flow is
preferred to obtain a realistic assessment of the design’s size and performance. The
ASAPT predictive Process Design Kit (Referred to as the ASAP7 PDK) [24] will be
used for synthesizing ASIC-implementable logic. This is because ASAP7 PDK has a
rich set of gate libraries.

4.2 Sloppiness of Selection Processes

To the best of our knowledge, there is no commonly used sloppiness metric that
explicitly characterizes deviations from optimal behavior in selection processes. We
therefore propose a metric, denoted as o, to quantify this effect, which we refer to as
sloppiness.

To define sloppiness, we first introduce three sets. The input set, denoted by I,
contains all the candidate elements from which the selection is made. The expected
selection set, denoted by FE, contains the elements that should ideally be selected
according to the selection criteria. The actual selection set, denoted by A, contains
the elements returned by a given implementation of the selection process (e.g., a
selection network). By definition, both E and A are subsets of I,

ACI, ECI. (4.3)

Sloppiness is defined as the proportion of elements in A that are not present in E:

A\ E|

A (4.4)

From this definition, it is obvious that sloppiness is a real number between 0 and 1:

e0,]]={zeR|0<z<1} (4.5)

To illustrate this concept, consider the following example. Let the input set be

I={12,3,7,19,5,14,8,21,1,17,6,10,2,15,9, 11} (4.6)

and suppose that the selection criterion is to choose the four largest numbers from 1.
The expected selection set is then,

E ={15,17,19,21} (4.7)
Now, assume a given implementation returns the actual selection set:

A ={14,19,17,6} (4.8)
The elements in A that are not in E are:
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A\ E = {14,6} (4.9)
Using the sloppiness formula (4.4), we compute:

|[A\ E| 2
| 4| 4 05 (4.10)

This value indicates that half of the selected elements deviate from the expected
selection (o does not have any units).

In practice, o provides a quantitative measure of how “sloppy” a selection process
is. The selection networks described in Section 2.2 aim to choose the k largest or
smallest elements from a given set. These networks perform perfect selection, and
therefore, their sloppiness is 0. However, this metric allows us to evaluate future or
alternative selection implementations that may not be perfect.

4.3 MSB-first Compare and Swap (MFCaS)

CaS and CaSe units form the fundamental building blocks for sorting, selection, and
minimum finder networks, as discussed in Chapter 2. However, the comparator logic
within these units is typically more complex than the multiplexer logic [27, 28], and
can therefore become a limiting factor in terms of area and power efficiency.

When a unsigned integer comparator is synthesized from RTL, synthesis tools
commonly implement it as a subtractor, where the two inputs are subtracted, and the
MSB of the result is used to determine their relative magnitude. This information
from the MSB then drives the control signals of the multiplexers. Consequently, the
comparator often dominates the overall cost of CaS and CaSe units.

To address this limitation, the MSB-first Compare and Swap unit is introduced [29].
This consists of identical single-bit cells connected in a chain, analogous to a Ripple
Carry Adder (RCA). Each cell receives one bit from each of the two input words,
along with two state bits propagated from the preceding, more significant cell. Based
on these inputs, the cell produces four outputs, two data bits (corresponding to the
higher and lower values, respectively) and two state bits that are passed to the next,
less significant cell.

Data propagates from MSB to LSB, allowing the unit to progressively determine and
propagate the relative ordering of the input words. This structure enables efficient
comparison and conditional swapping of multi-bit words using simple, uniform logic
cells, resulting in reduced area and improved average comparison speed compared to
a traditional comparator.

In a similar manner, a MSB First Compare-and-Select (MFCaSe) unit can be derived
from the MFCaS by trimming it, analogous to the approach described in Section 2.3.
From this point onward, unless otherwise specified, the term CaS refers to MFCasS,
and CaSe refers to MFCaSe.
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4.4 Proposed Sloppy Selection Network Architec-
ture

In Chapter 2, accurate selection networks were discussed in detail. However, in
decoder applications, perfect selection is not strictly necessary. This is because the
soft information used to identify unreliable bits is inherently noisy. Therefore, we
hypothesize that a sloppy selection network can still achieve comparable performance,
on average, to an accurate selection network in identifying unreliable bits.

To construct such a network, we still rely on accurate selection structures, but only
for smaller input sizes. The proposed sloppy selection architecture is based on a
binary tree minimum finder network, described in Section 2.3, which is modified to
approximately select the smallest k£ out of N inputs.

We define a sloppy binary-tree-based selection network that selects the k smallest
values from N inputs as SB-bottom(k, N), and its counterpart for selecting the
largest values as SB-top(k, N). The SB-bottom(k, N) network is constructed by
slicing a binary tree minimum finder at an intermediate level determined by £ and
N. We refer to this structure as a Sliced Binary Tree (SBT) network.

Figure 4.1 illustrates an example of an SB-bottom(4, 16) network obtained by slicing
a 16-input minimum finder tree. Similarly, the SB-top(k, N) network can be realized
by slicing a binary tree maximum finder.

Bottom k

Slice Here e o

.................................................................

Figure 4.1: Illustration of a SB-bottom(4, 16) SBT network constructed by slicing a
16-input binary tree minimum finder. The network sloppily selects 4 smallest values
from 16 inputs. Each pair of arrows leading to a node represents an MFCaSe unit.

The motivation for this design arises from observing intermediate levels of the binary
tree. At the level where the number of nodes equals k, the probability of correctly
capturing majority of the k& smallest or biggest elements remain high. By using a
binary tree based approach, we effectively discard half of the candidates at each
level, significantly reducing the number of comparisons. The total number of CaS
and CaSe units required to construct such SBT network (hereafter referred to as the
network size) can be obtained as follows(See Appendix A.2),
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Sspr =N — k (4.11)

Furthermore, the SBT network only uses CaSe units, leading to additional hardware
savings. For example, as seen by comparing Figures 4.1 and 2.5, an accurate bitonic
selection network requires 60 CaS units, whereas the proposed SBT network requires
only 12 CaSe units to perform a similar task, albeit sloppily.

To build further intuition, consider the input set,

I ={12,5,15,14,5,3,13,7,16,11,4,3,7,16,11, 11} (4.12)
The accurate bitonic selection network (Section 2.2) produces,
ABitonic = {5, 5, 3,3} (4.13)
In contrast, the SBT-based sloppy selection network produces,
Aspr = {5,3,3,7} (4.14)
The corresponding sloppiness metrics are,

—0 (4.15)

OBitonic —

N e R

=0.25 (4.16)

OSBT —

This example demonstrates that approximately 80% of the hardware can be eliminated
at the cost of a 25% increase in sloppiness for this input instance. Additionally, the
circuit depth is reduced by roughly a factor of four, resulting in significantly faster
operation or timing slack that may be used for power savings. It should be noted
that sloppiness depends on the input distribution; therefore, average-case analysis is
necessary for a comprehensive evaluation.

Despite these advantages, SBT networks exhibit poor performance in the presence
of duplicate values. This limitation arises because the network typically discards
duplicate entries, resulting in outputs that primarily consist of distinct values.
In telecommunications applications, inputs are often modeled using a Gaussian
distribution, which increases the likelihood of repeated values. This effect is further
amplified in our case, since the data width is fixed at 8 bits, limiting the number of
distinct values to 256. As the input size N increases, the probability of duplicates
grows significantly due to this limited value range, becoming particularly pronounced
when N > 256.

To mitigate this issue, we propose a hybrid architecture to perform sloppy selection.
The input is partitioned into multiple segments, each processed by an SBT network.
The outputs of these SBT blocks are then fed into a smaller accurate selection
network. Depending on the input size, this final stage is implemented using either
a Halflife selection network [8] or an odd-even selection network [8]. Specifically, a
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Halflife network is used for input sizes greater than or equal to 16, while an odd-even
network is used for smaller inputs. This is because the Halflife algorithm did not
support input sizes below 16 and the next best algorithm was odd-even selection.

We define this hybrid selection architecture for selecting the k& smallest values from
N inputs as S-bottom(k, N), and its counterpart for selecting the largest values as

S-top(k, N).

Figure 4.2 illustrates the proposed architecture, which combines SBT networks with
an accurate selection stage. The N inputs are divided into @) equal partitions, each
processed by an SB-bottom(k, %) (or SB-top(k, %)) network. The outputs of all @
SBT blocks—each producing k candidates—are then combined and processed by a
final accurate selection network of size bottom(k, Qk) (or top(k, Qk)).

The architecture enforces consistency in the selection type throughout. For an
S-bottom(k, N') network, all SBT blocks are SB-bottom(k, %), and the final stage
is a bottom(k, Qk) network. Similarly, for an S-top(k, N) network, all components

operate in top-selection mode. Mixing top and bottom selection within the same
architecture is not allowed.

Since Qk < N for small k, the accurate selection stage operates on a significantly
reduced input size, leading to substantial savings in hardware compared to a fully
accurate selection network.

Outputs(k)

k-Words

Accurate Selection
Network
bottom or top(k, Qk)

k-Words ﬁ ° ° ° ﬁ k-Words

SBT, SBT, k-Words SBTq

| Inputs(N) |

Figure 4.2: Illustration of the proposed hybrid architecture for sloppy selection of
the k largest or smallest values from N inputs.

The size of the proposed network is dominated by the choice of accurate selection
network.

When implemented using a Halflife accurate selection network, the size is given by
N
Sproposed = (N — Qk) + (k — 1) (2Sk + k), (4.17)
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where Sj denotes the size of a k-input half life sorting network.

Alternatively, when an odd-even accurate selection network is used, the size becomes

2
Sproposed - (N — Qk) + N <1Og (k) + ilog(k) + 4) - klog(k:) — 1. (418)

An important advantage of this architecture is that the level of sloppiness can be
tuned by adjusting the number of partitions (). Increasing ) results in smaller SBT
blocks and a larger accurate selection stage, thereby reducing sloppiness at the cost
of increased hardware. Conversely, reducing () increases sloppiness while improving
hardware efficiency. This tunability allows the design to be adapted to different
application requirements.

It should be noted that this architecture assumes N and k are powers of two, with
N > k, which aligns with the target design space.
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Results

This chapter presents the performance evaluation of the proposed architecture for
a sloppy selection network. The design performs sloppy selection, and its behavior
is analysed from multiple perspectives. The chapter begins with a system-level
analysis of the proposed networks, followed by an examination of how the resulting
architecture translates into digital hardware requirements.

Unless otherwise specified, references to a sloppy selection network apply to both
“S-bottom” and “S-top” networks. Additionally, the terms “input size” and “number
of inputs” are used interchangeably throughout this chapter, as are “output size”
and “number of outputs”. All graphs presented in this chapter use logarithmic axes
unless explicitly stated otherwise.

5.1 Performance of the Proposed Networks

To evaluate the performance of the proposed sloppy selection network architecture,
the network is modeled as a system in MATLAB and compared against conventional
Accurate Selection Networks (ASN) used in current decoder implementations. First,
the probability of correctly identifying faulty bits (pass probability) is computed for
both the accurate selection network and the proposed sloppy selection network.

Next, the difference between the pass probabilities of the accurate and sloppy selection
networks is calculated and visualized using a 3D mesh plot. Section 3.1 discusses
the evaluation methodology in detail. Figure 5.1 illustrates the resulting mesh plot,
where each surface corresponds to a specific number of SBTs in the network. The
plot demonstrates how closely the sloppy selection network matches the performance
of the accurate selection network. Smaller differences indicate more similar behavior
between the two networks and therefore represent better performance.

Figure 5.1 shows that, when moving from larger input sizes toward smaller ones, the
difference in pass probability initially increases with increasing output size for a fixed
number of inputs. This indicates that the sloppy selection network deviates further
from the accurate selection network as the number of outputs increases. However,
this trend gradually changes as the number of inputs decreases, causing the peak of
each surface to shift toward smaller output counts.

This shift in the maxima can be observed more clearly by flattening one of the
surfaces into a 2D plot. Figure 5.2 illustrates one such flattened surface that
represents networks with 2 SBTs. All such plots are available in appendix A.3. The
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Trend in Difference of Pass Probabilities(SNR:6dB)
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Figure 5.1: The difference in pass probabilities between accurate and sloppy
selection counterparts as function of input and output sizes(lower values are better).
Each surface represents a different number of SBTs. This trend is plotted at an SNR
of 6dB

figure shows that the peak of the curve shifts toward lower output counts as the
number of inputs decreases. This behavior can be explained by the architecture of the
sloppy selection network itself. As the number of outputs increases, the number of
inputs to the accurate selection network within the sloppy architecture also increases.
Consequently, the sloppiness initially decreases because the accurate selection stage
has a larger pool of candidates to select from. However, for sufficiently large input
sizes, the SBTs become progressively less efficient at selecting the k smallest values
from the N/Q inputs. Therefore, for larger input sizes, the overall sloppiness of the
selection network becomes dominated by the behavior of the binary trees.

Further observations from Figure 5.1 reveal that lower surfaces exhibit greater
curvature. This behavior can be attributed to the increasing number of SBTs
associated with these surfaces, which amplifies the sloppiness introduced by the SBT
stages. Additionally, apart from the curvature, the spacing between adjacent surfaces
remains approximately uniform. This behavior can be visualized more clearly by
examining 2D slices of the surfaces along either the output-size or input-size axes.
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Trend in Difference of Pass Probabilities for Networks with 2 SBTs(SNR: 6dB)
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Figure 5.2: The difference in pass probabilities between accurate and sloppy
selection counterparts as functions of the output sizes for a given number of SBTs
in the network (lower values are better). Each line represents a different number of
inputs. This trend is plotted at an SNR of 6dB

Trend in Difference of Pass Probabilities for Networks with 1024 Inputs(SNR: 6dB)
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Figure 5.3: The difference in pass probabilities between accurate and sloppy
selection counterparts as a function of the output sizes for 1024 input words in the
network (lower values are better). Each line represents a different number of SBTs.
This trend is plotted at an SNR of 6 dB
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Figure 5.3 illustrates one such slice along the output-size axis for 1024 inputs. Similar
slices for other input sizes are provided in Appendix A.4. The nearly uniform spacing
between the curves suggests a logarithmic improvement in the performance of the
sloppy selection network as the number of SBTs increases. This behavior can be
explained by the scaling properties of the accurate selection network within the
proposed architecture. Each curve corresponds to a number of SBTs that scale as a
power of two. Consequently, as the number of SBTs increases logarithmically, the
input size of the accurate selection network within the proposed architecture also
increases logarithmically. This provides a progressively larger candidate pool for
the final selection stage, thereby increasing the likelihood of selecting the correct
candidates.

Further, Figure 5.1 is compared against the variation of average sloppiness o for
different combinations of input and output sizes. Figure 5.4 illustrates this comparison.
It can be observed that the surfaces in the average sloppiness plot are nearly flat.
This suggests that the sloppiness metric ¢ only provides a coarse estimate of the
behavior of the sloppy selection network. Consequently, additional refinements to
the metric are required for it to more accurately predict the selection performance of
sloppy selection networks.

Additionally, when closely observed it can be seen that the levels of the sloppiness
surfaces approximately align with the peaks of the surfaces in the “probability
difference” trend. This relationship can be visualized more clearly by comparing the
peak values of the curved “probability difference” surfaces with the average value of
each corresponding “sloppiness” surface, where the average value roughly represents
the overall level of the surface.

Table 5.1 presents these values side by side for comparison. From the table, it can be
seen that the sloppiness metric ¢ initially slightly overestimates the peak probability
differences. However, this estimation error progressively increases as the number of
SBTs grows.

Further, it needs to be noted that while all this is true, it is also true that in a
decoder, even if we do accurate selection there is a certain probability that the
actually erroneous bit can be missed. This probability decreases with the number of
selected elements k.

Table 5.1: Comparison between the peak values of the “probability difference”
surfaces and the corresponding “sloppiness” surface levels for different numbers of

SBTs

No. of SBTs | Peak Probability Difference | Sloppiness Surface Level
2 0.1265 0.1368
4 0.0633 0.0653
8 0.0299 0.0302
16 0.0131 0.0140
32 0.0043 0.0062
64 0.0012 0.0027
128 0.0002 0.0011
256 0.00002 0.0004
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Trend in Difference of pass probabilities(SNR:6dB) Trend in Sloppiness(SNR:6dB)
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Figure 5.4: Comparison between the trends in pass probability difference (left) and
average sloppiness (right). These trends are plotted at an SNR of 6 dB.

5.2 Hardware Analysis

Having analyzed the performance characteristics of the proposed sloppy selection
networks, the hardware implications of the architecture are now investigated. This
section first examines the circuit area of the proposed networks, followed by an
analysis of the achieved reduction in circuit size compared to conventional bitonic
sorting networks commonly used in decoder implementations. Next, the circuit
delay characteristics are analyzed along with the corresponding reduction in network
depth. This is followed by a power analysis, including evaluations of the energy-delay
product (EDP) and energy per selection (EPS). Finally, the improvements obtained
using the proposed compare-and-swap architecture are discussed.

All networks were synthesized under timing constraints using Cadence Genus. Since
multiple implementations of the same network may be generated depending on
the applied timing constraint, a final timing constraint equal to 70% of the delay
obtained from unconstrained synthesis was used for all networks. Consequently,
the synthesized networks are not necessarily optimized for minimum delay, but
instead represent practical high-performance implementations that may realistically
be adopted in hardware designs.

Furthermore, all results discussed in this section are based solely on post-synthesis
analysis and do not include place-and-route effects. This is because final area and
timing characteristics after layout depend on several additional factors, including the
size and shape of the placement region, the number of available routing layers, and
clock tree distribution. In addition, no architectural optimizations such as pipelining
were applied. This is because such optimizations are highly application-dependent
and can significantly alter area, delay, and energy characteristics, making direct
comparisons less consistent across different design points.
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5.2.1 Circuit Area

Circuit area is evaluated using the “total area” parameter reported by Cadence
Genus after logic synthesis. This metric includes both active cell area and an
estimation of interconnect area. However, the area trend alone is difficult to interpret
analytically. To facilitate analysis, a secondary metric termed “network cost” is
introduced. Network cost is defined as the number of CaS or CaSe units required
to construct the network, since these form the fundamental building blocks of the
proposed architecture. For simplicity, both CaS and CaSe units are assigned equal
weight, although a CaSe unit is slightly smaller than a CaS unit. This is because,
the network cost is intended only to provide a rough estimate of the network area.

Figure 5.5 compares the trend in network cost with the synthesized circuit area for
different combinations of input and output sizes. Each surface corresponds to a
different number of SBTs, as discussed previously.
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Figure 5.5: Comparison between the trends in area of the synthesized networks
(left) and estimated network cost (right). The area trend is plotted for networks
synthesized with a timing constraint equal to 70% of the unconstrained delay.

From Figure 5.5, it can be observed that the estimated network cost surfaces closely
follow the trends obtained from the synthesized circuit area. This agreement indicates
that network cost serves as a useful analytical approximation for estimating circuit
area. In contrast, [8] employed a similar estimation methodology but reported signif-
icant discrepancies between the estimated and synthesized area results. A detailed
discussion of the possible causes of these discrepancies is provided in Section 6.4.

For further analysis, the surfaces are examined using slices taken along fixed output
sizes. Such slices provide clearer insight into the scaling behavior of the network
compared to observing the full three-dimensional surfaces directly. In addition, the
network cost metric can be decomposed into contributions from different stages of
the architecture, whereas performing a similar decomposition using synthesized area
data is considerably more difficult.

Figure 5.6 shows a slice of the network cost surface for networks with an output size
of 8. Corresponding plots for other output sizes are provided in Appendix A.6. A
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linear scale is used in this figure to improve visualization and interpretation of the
individual trends.

Circuit Cost Trend for the Networks with 8 Outputs
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Figure 5.6: Circuit cost trend for all synthesized networks with 8 outputs. The
dotted lines represent the cost of the ASN, while the solid lines represent the total
network cost.

From Figure 5.6, it can be observed that the size of the ASN depends only on the
number of SBTs present in the architecture. This behavior is expected because, for a
fixed output size, the input and output dimensions of the ASN are fully determined
by the architecture. Specifically, the number of inputs to the ASN depends only on
the output size and the number of SBTs. Consequently, the variation in the total
network cost with increasing input size is primarily determined by the growth of the
SBT structures.

The contribution of the SBT stages to the overall network cost was obtained by
subtracting the cost of the ASN from the total network cost. Figure 5.7 compares
these extracted values against the analytical estimate obtained from the first term of
Equation 4.11, namely N — Qk.

The markers in Figure 5.7 represent the SBT cost extracted from the synthesized
network data, while the dotted lines correspond to the analytical estimate. Although
the analytical expression is linear, the plotted curves appear nonlinear because the
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Circuit Cost Trend for the Networks with 8 Outputs
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Figure 5.7: Cost trend for the SBT stages of all synthesized networks with 8
outputs. The dotted lines are computed using the expression N — Qk, while the
markers represent the SBT cost extracted from Figure 5.6.

data is represented on logarithmic axes. Furthermore, the apparent convergence of
the curves at larger input sizes is a consequence of logarithmic compression, where
evenly spaced linear trends appear progressively closer together at higher values.

5.2.2 Reduction in Circuit Area

The circuit area reduction of the sloppy selection networks is estimated rather than
directly calculated, since synthesizing all corresponding bitonic counterparts and
estimating their exact area is highly time- and resource-intensive. The size (or cost)
of the networks is therefore estimated in terms of the number of CaS or CaSe units.
This metric was selected because it closely matches the trend observed in the actual

synthesized area of the networks, as discussed in Section 5.2.1.

Figure 5.8 illustrates the reduction in network size achieved by the proposed sloppy
selection architecture compared to its bitonic sorting counterparts. From Figure 5.8,
it can be observed that the proposed sloppy selection networks are typically at
most one quarter the size of their corresponding bitonic sorting networks. The
largest reduction observed is approximately 96%, achieved for S-bottom(2,1024) or
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S-top(2,1024) networks when compared against a 1024-input bitonic sorting network.
This represents a substantial reduction in circuit size.

To better understand the origin of this reduction, the 3D surfaces shown in Figure 5.8
are sliced along the input-size axis and compared with the corresponding network-
cost curves. Figure 5.9 illustrates one such slice for the case of 8 outputs with the
corresponding network-cost curves. Similar slices (without the network-cost curves)
for other output sizes are provided in Appendix A.7.
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Figure 5.8: Size reduction in terms of percentage, compared to the equivalent
bitonic sorting network for different combinations of input and output sizes.

From Figure 5.9, it can be observed that the overall profile of the size-reduction
curves is consistent with the changing gap between the cost of the sloppy selection
network and the cost of its equivalent bitonic sorting network.
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Figure 5.9: Size reduction curves for all 8 output sloppy selection networks and the

corresponding cost split up. The dotted lines on the cost split up plot on the right

represents the size of the accurate selection network stage present in the proposed

networks, while the solid lines represent the total cost of the network
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5.2.3 Circuit Delay

The delay characteristics of the synthesized networks are now evaluated. The plotted
delays correspond to networks synthesized using a timing constraint equal to 70% of
the unconstrained delay. Each surface in the analysis represents a different number

of SBTs.

Although the delay surfaces provide an overview of the delay behavior, extracting
detailed insights directly from them is difficult. Therefore, the logic depth of the
networks was also analyzed, since circuit delay is strongly correlated with the number
of logic levels present in the design. Figure 5.10 compares the estimated logic depth
with the delays obtained from synthesis for different combinations of input and
output sizes.

Delay Trend Depth Trend
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Figure 5.10: Comparison between the trends in delay of the synthesized networks
(left) and the estimated logic depth of the synthesized networks (right). The trends
are plotted for networks synthesized with a timing constraint equal to 70% of the
unconstrained delay.

From Figure 5.10, it can be observed that the estimated logic depth closely follows
the synthesized delay behavior. This indicates that decomposing the logic depth can
indirectly reveal the dominant contributors to the overall circuit delay. In contrast,
[8] employed a similar estimation methodology but reported significant discrepancies
between the estimated and synthesized delay results. A detailed discussion of the
possible causes of these discrepancies is provided in Section 6.4.

For clearer interpretation, the three-dimensional depth surfaces are reduced to sets
of two-dimensional curves. Figure 5.11 illustrates one such projection performed
along the input-size axis for networks containing 8 SBTs. The corresponding depth
decomposition is also shown alongside the projected surface.

From Figure 5.11, it can be observed that the depth contribution of the SBTs
decreases as the number of outputs increases. This occurs because the binary tree
is truncated earlier as the number of outputs increases, resulting in a shallower
SBT structure and a larger number of intermediate outputs. Conversely, the depth
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Circuit Depth Trend for All Networks with 8 SBTs

Circuit Depth Trend Splitup for All Networks with 8 SBTs
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Figure 5.11: Circuit depth surface projected along the input-size axis for all synthe-
sized networks with 8 SBTs (left), along with the corresponding depth decomposition

(right).

contribution of the ASN increases with output size because the ASN must process
and rearrange a larger number of candidate values, requiring additional logic levels.

Networks containing 8 or more SBTs generally follow this behavior. However,
networks with fewer than 8 SBTs exhibit slightly different characteristics, where
the depth curves show a dip or saturation region before eventually following the

same growth behavior. This effect results from the use of a mixture of odd-even and
Halflife ASNs, as described in Chapter 4.
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Figure 5.12: Circuit depth surface projected along the input-size axis for all synthe-
sized networks with 2 SBTs (left), along with the corresponding depth decomposition
(right).

Figure 5.12 illustrates this behavior for networks containing 2 SBTs. Furthermore,
from Figures 5.11 and 5.12, it can be observed that the ASN forms the dominant
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contribution to the overall circuit delay, whereas the delay contribution of the SBT
stages is comparatively smaller.

5.2.4 Reduction in Logic Depth

The logic depth reduction of the proposed sloppy selection networks is estimated
rather than directly calculated similar to how the reduction in circuit sizes were
estimated, since synthesizing all corresponding bitonic counterparts and measuring
their exact delays would be highly time and resource intensive.

Figure 5.13 illustrates the reduction in logic depth achieved by the proposed sloppy
selection architecture compared to its bitonic sorting counterparts. Further it can be
observed that while the lowest depth reduction of approximately 7% was achieved
for a S-top(16,1024) or S-bottom(16,1024) network with 32 SBTs which is the largest
network synthesized based on the proposed sloppy selection architecture, a maximum
of 80% reduction was observed for a S-top(2,1024) or S-bottom(2,1024) network with
2 SBTs when compared against a 1024-input bitonic sorting network. Further a kink
can be observed on the surfaces representing networks that have less than 8 SBTs.
This kink is due to the usage of both odd-even and Halflife ASNs while constructing
these sloppy selection networks.

Percentage Depth Reduction Trend (NW with 8 or more SBTs) Percentage Depth Reduction Trend(NW with SBTs below 8)
8 SBTs 80 2 SBTs

80 I 16 SBTs 4 SBTs
I 32 SBTs

[ 64 SBTs 70
N 128 SBTs
x 256 SBTs

~
o

@
=]
@
=]

o
o

Percentage Reduction
o
o

I
o

Percentage Reduction
w P
o o

[N)
o

30

95C

A 32
Output Size 3 ® Output Size 16 1024 512 256 128 64
R

. Input Size
Input Size

Figure 5.13: Logic depth reduction in terms of percentage, compared to the
equivalent bitonic sorting network for different combinations of input and output
sizes.

To better understand the origin of this reduction, the 3D surfaces shown in Figure 5.13
are sliced along the input-size axis and compared with the corresponding network-
cost curves. Figure illustrates one such slice for the case of 8 outputs with the
corresponding network-cost curves. Similar slices (Without the depth splitup curves)
for other output sizes are provided in Appendix A.4.

From Figure 5.14, it can be observed that the overall profile of the depth-reduction
curves is consistent with the changing gap between the logic depth of the sloppy
selection networks and the cost of its equivalent bitonic sorting networks.
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Percentage Depth Reduction for 8 Outputs Circuit Depth Trend for the Networks with 8 Outputs
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Figure 5.14: Depth reduction curves for all 8 output sloppy selection networks and
the corresponding depth split up. The dotted lines on the depth split up plot on
the right represents the depth of the accurate selection network stage present in the
proposed networks, while the solid lines represent the total depth of the network

5.2.5 Power and Energy

This section analyzes the power and energy characteristics of the proposed networks.
The dynamic power consumption closely follows the area trends observed in Figure 5.5.
However, power alone does not fully capture the performance characteristics of the
architecture, as it is strongly coupled with circuit delay. Therefore, EDP is used as a
combined metric to evaluate overall performance.

Figure 5.15 shows the EDP trends for the proposed sloppy selection networks, where
each surface corresponds to a different number of SBTs.

It is important to note that lower EDP values indicate more efficient designs, cor-
responding to lower energy consumption and reduced delay. From Figure 5.15, it
can be observed that the most efficient configuration corresponds to the S-top(2,32)
and S-bottom(2,32) with 2 SBTs which has the least amount of area and logic
depth, whereas the least performant configuration correspond to S-top(16,1024) and
S-bottom(16,1024) with 32 SBTs which has the largest area and the most depth. In
general, architectures with fewer logic elements and lower depth achieve better EDP
performance.

While EDP captures combined energy and delay efficiency, it does not fully reflect
the energy cost per selected output. To address this, the EPS metric is introduced,
defined as the ratio of energy to the number of outputs (i.e., number of selected
elements). Figure 5.16 shows the EPS trends for the proposed networks.
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Figure 5.15: Trend in Energy-Delay Product for the sloppy selection networks
based on the proposed architecture for different combinations of input and output
sizes.
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From Figure 5.16, it can be observed that networks selecting 8 elements out of 32
inputs achieve the lowest energy per selection. This indicates that, even if such
configurations are not globally optimal in terms of EDP, they provide the most energy-
efficient selection operation on a per-output basis. In this context, configurations
such as S-top(8,32) or S-bottom(8,32) may represent a favorable trade-off depending
on energy constraints.

Finally, it should be noted that both EDP and EPS can be influenced by additional
architectural optimizations. Delay optimization typically increases area and energy,
which may degrade EPS, while area optimization can reduce EPS. It should also
be noted that optimizations may affect EDP in either direction depending on the
resulting delay and area impact. Therefore, the final efficiency depends strongly on
the specific optimization strategy applied.

5.2.6 Reduction in Power

Power reduction estimations are more complicated than area or depth reduction
estimations as it is time and resource intensive to synthesize and simulate all possible
bitonic sorting networks to obtain power. But, since the power consumption is
directly related to the area of the network as discussed earlier, it is safe to assume
that the shape of the power reduction surfaces would roughly follow the area reduction
surfaces shown in Figure 5.8.

5.2.7 Impact of MFCaS and MFCaSe Units

This section discusses the impact of the proposed MFCaS and MFCaSe comparison
operators on the performance of the implemented networks. The evaluation is carried
out by comparing area, delay, and EDP across different accurate selection networks.
Since the only difference between CaS and CaSe units is a single 2:1 multiplexer, the
results obtained for CaS units provide a good estimate for CaSe performance. This
simplification significantly reduces additional simulation time and resource usage.
Therefore, only CaS units are analyzed in the following sections, and conclusions for
CaSe units are inferred directly from these results.

To perform this analysis, existing ASNs used in the proposed architecture are
synthesized using both traditional CaS and MFCaS units. A timing constraint
corresponding to 70% of the unconstrained delay is applied consistently across all
designs. The resulting implementations are then compared side by side. Table 5.2
presents the delay comparison for the synthesized circuits. The table includes the
largest network implemented using the Halflife architecture and the smallest network
based on the odd-even architecture. This selection is motivated by the fact that
odd-even selection networks are more efficient than Halflife networks at smaller input
sizes [8].
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Type Input Output Trad.CaS Delay(ns) % Reduction({) or
Size Size /MFCaS Increase(?)
HalﬂTfe 1024 16 Trad.CaS 14.574 76.56% |
Halflife 1024 16 MFCaS 3.416
odd-even 32 Trad.CaS 1.852 63.07% |
odd-even 32 MFCaS 0.701

Table 5.2: Comparison of Halflife and odd-even ASNs in terms of delay. The reported

percentage change indicates the variation observed when replacing traditional CaS
units with MFCaS units.

From Table 5.2, it can be observed that MFCaS units achieve a substantial reduction
in delay compared to traditional CaS units. However, this improvement is not
reflected in the area results. As shown in Table 5.3, the use of MFCaS units leads
to a modest increase in area across both architectures. This outcome is somewhat
unexpected and suggests that further investigation is required to better understand
the trade-off introduced by the proposed design. Moreover, the trend observed
in the power results differs significantly from that of the area results. Given the
close relationship between area and power in digital circuits, this discrepancy is also
unexpected and warrants further analysis.

Type Input Output Trad.CaS Area(nm?) % Reduction({) or
Size Size /MFCa$S Increase(?)
Halﬂ?fe 1024 16 Trad.CaS 7.769 x 10° 97.15% 1
Halflife report 16 MFCaS 10.664 x 10°
- 2 Trad. 4.84 103
odd-even 3 rad.CaS 848 x O, 97.04% 1
odd-even 32 MFCaS 6.159 x 103

Table 5.3: Comparison of Halflife and odd-even ASNs in terms of silicon area.
The reported percentage change indicates the variation observed when replacing
traditional CaS units with MFCaS units.

A similar comparison is conducted for the EDP to evaluate overall circuit perfor-
mance. As shown in Table 5.4, MFCaS units provide a significant improvement over
traditional CaS units, demonstrating a strong reduction in EDP across both network

types.

Type Input Output Trad.CaS EDP % Reduction(]) or
Size Size /MFCa$S (W ps?) Increase(?)
Halflif 1024 1 Trad. 826 x 107
a %e 0 6 ad.CaS 9.826 x 10 97.15% |
Halflife 1024 16 MFCaS 2.796 x 106
odd-even 32 Trad.CaS 9.415 x 103 83.7% |
odd-even 32 MFCaS 1.534 x 103

Table 5.4: Comparison of Halflife and odd-even ASNs in terms of EDP. The reported

percentage change indicates the variation observed when replacing traditional CaS
units with MFCaS units.
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Based on these observations, it can be concluded that the use of MFCaSe units would
yield delay and EDP reductions comparable to those achieved with MFCaS units,
along with a similarly modest increase in area. Considering the proposed selection
network as a whole, which incorporates both MFCaS and MFCaSe units, the ASNs
employing MFCaS units dominate in terms of delay performance, while the area
overhead is distributed relatively evenly between MFCaS and MFCaSe components,
as observed in the previous results. Overall, it is hypothesised based on the results
that the proposed selection network can achieve approximately a 70% reduction in
delay, a modest area increase of around 27%, and an EDP reduction of about 90%.
These results demonstrate that the proposed MFCaS and MFCaSe architectures
significantly outperform the conventional CaS and CaSe implementations.

5.3 Impact of SNR on Selection Performance

So far, we have analyzed the system- and circuit-level performance of the proposed
circuits. In this section, we investigate how these performance characteristics vary
with SNR. This brings us one step closer to understanding the impact of sloppy
selection networks on decoding performance. To this end, we compute the pass
probabilities described in Section 5.1 over an SNR range from 2dB to 40dB. For
each SNR value, pass probabilities computed across different (N, k) configurations
are averaged to obtain a single representative point, thereby providing a more robust
system-level metric that is not biased toward any specific configuration. simply put,
all points in Figure 5.1 are computed for a given SNR and averaged to provide a
single point. This is repeated for different SNR values.

Figure 5.17 shows the resulting average pass probability as a function of SNR.
As expected, the average pass probability increases with improving SNR, since
the number of channel-induced errors decreases. Furthermore, the average pass
probability serves as a direct indicator of the decoder’s error-correction capability,
making it a useful high-level performance metric.

From Figure 5.17, it can be observed that the selection performance of the sloppy
selection network closely follows that of the ASN. This indicates that there is no
significant performance degradation due to the introduced sloppiness, demonstrating
that sloppy selection is a viable design choice for decoder implementation to tradeoff
between hardware constraints and error correction performance.

To further quantify this behavior, the difference between the average pass probabilities
of the accurate and sloppy selection networks(i.e. the gap between the blue and red
line from figure 5.17) is computed and plotted in Figure 5.18. This plot illustrates
how closely the sloppy selection network matches the performance of the accurate
selection network across different SNR values. A noticeable peak occurs at 6dB,
indicating that the performance gap is largest at this SNR. Beyond this point, the
gap decreases as SNR increases, showing that the sloppy selection network becomes
increasingly similar in performance to the accurate selection network at higher SNR
regimes.
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Figure 5.17: Average pass probability trend with respect to different SNR values
of the demodulated signal(higher is better)
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Figure 5.18: Difference between the average pass probabilities of an accurate and
sloppy selection network(lower is better)

Finally, the average sloppiness (o) of the selected sets is computed and plotted
as a function of SNR. As discussed in Section 5.1, this metric provides a coarse
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indication of selection performance. Figure 5.19 compares the trends of ¢ and the
average pass probability difference across different SNR values. The figure shows
that the sloppiness curve broadly follows the difference in selection performance
of the selection networks. While the correspondence is only approximate, these
results indicate that the sloppiness metric is a promising basis for characterizing
selection performance and may, with further refinement, serve as a predictor of
network performance.
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Figure 5.19: comparison between the trends in average sloppiness and average pass
probability difference with respect to the SNR (lower is better).
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Discussion

In this chapter we will discuss about how to improve upon the current status of this
research, potential improvements to the existing proposed architecture, discrepancies
seen in results compared to the work of Kenneth et.al [8] and finally the societal,
ethical and ecological impact due to this research

6.1 Formal Analysis of Selection Performance

The proposed networks were developed primarily based on experimental observations.
Although attempts were made to formalize the selection performance of the proposed
architecture, as discussed in Chapter 5, the current approach is still unable to
accurately predict network performance. At present, there is no formal proof that
precisely characterizes the selection performance of the proposed network architecture.
Therefore, developing such a proof is essential for achieving a deeper theoretical
understanding of the network behavior.

Initial attempts were made toward this objective; however, due to limitations in
both time and expertise, the work could not be completed within the scope of this
research. As a result, this remains an important direction for future work. The
following outlines the preliminary approach that was considered.

First, the selection performance of a SBT must be characterized. Consider a minimum-
finder binary tree that selects the minimum value from an input set I. Let Py,
denote the probability that, at a given level of the binary tree, the nodes at that
level contain the M smallest values from the input set I, where M is equal to the
number of nodes present at that level. Let the set of these M elements be denoted
as P.

At the first level of the tree, this probability is equal to 1, since the sets P and I are
identical. Similarly, at the final level, the probability is also equal to 1 because only
a single node remains, corresponding to the minimum value of the entire input set I.
However, a general method for computing this probability for the intermediate levels
of the tree has not yet been derived.

If the probability P, can be determined for all levels of the binary tree, then
it becomes possible to evaluate the selection performance of an SBT based on
the level at which the tree is sliced. This would provide a direct metric for the
selection performance of an SBT that selects k£ elements from N/Q inputs. The
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same methodology can also be extended to maximum-finder binary trees and the
corresponding maximum-finder SBTs.

Once the selection performance of the SBTs is formally characterized, the overall
analysis of the proposed architecture becomes significantly more straightforward.
Since the probability of an ASN correctly selecting the & minimum values from
its inputs is always equal to 1, the remaining challenge is to determine how the
probabilities associated with the individual SBTs accumulate in the proposed the
network. By analyzing this accumulated probability of identifying the @) - k£ smallest
values, together with the known behavior of the ASN, it should then be possible
to formally derive the probability that the proposed network correctly selects the k
smallest or largest values from a total of N inputs.

6.2 Potential Sliced Binary Tree Improvements

Current SBTs employ only MFCaSe units, which compare two values at a time.
However, alternative modified tree topologies discussed by Bilgiday Yuce et al. [21]
are potentially faster and more efficient than the binary tree structures currently
used. These architectures could be explored to further reduce both area and delay
by utilizing array-based comparator topologies capable of comparing more than two
elements simultaneously while directly generating the minimum value.

Additionally, SBT variants incorporating 4-input array-based comparators, similar
to those used in the heterogeneous tree structures discussed by Bilgiday Yuce et
al., could be investigated to study the trade-offs between timing and area efficiency.
Beyond this, sliced quad-tree structures may also be considered as alternatives to
SBTs in order to further reduce delay at the cost of increased area. Furthermore,
several specialized heterogeneous tree-based approaches could be explored for sloppy
selection of values from the input set, potentially enabling additional improvements
in hardware efficiency.

6.3 Exploring impact on decoding performance

While the proposed sloppy selection networks perform well in isolation, their stan-
dalone performance may not fully reflect their effectiveness in practical decoding
scenarios. This is because even accurate selection based on the soft information
provided by the decoder may still fail to correctly identify the erroneous bit in certain
cases. Therefore, it is important to evaluate the performance of the sloppy selection
network within an actual decoding framework. Based on the observations so far, we
hypothesize that decoders implementing the proposed sloppy selection network can
achieve significant reductions in area, power, and delay requirements while incurring
only a modest degradation in decoding performance.
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6.4 Discrepancies in Area and Delay Results

It was shown in Section 5.2 that the synthesized area and delay closely matched their
corresponding theoretical estimates, namely the number of CaS/CaSe units and the
number of network levels, respectively. This correspondence enabled the theoretical
estimates to be decomposed into their constituent components, facilitating a more
detailed analysis of the synthesized area and delay.

In contrast, [8] employed a similar methodology to estimate the area and depth of their
ASNs, but reported significant discrepancies between the estimated and synthesized
results for both area and delay. One possible explanation for this difference lies in
the synthesis methodology. Kenneth et al. synthesized their networks by optimizing
for EDP [29], whereas the networks in this work were synthesized under a fixed
timing constraint. Additionally, the discrepancy may be influenced by differences
in the standard-cell libraries used during synthesis. Kenneth et al. employed a
different technology library, which may not provide the same level of optimization
opportunities as the ASAP7 library used in this work.

6.5 Societal, Ethical and Ecological Aspects

This work focuses on optimizing power consumption and silicon area. Improvements
in both metrics can indirectly reduce the global carbon footprint if the proposed
design is widely adopted. Lower power consumption directly translates to reduced
energy drawn from the power grid. Additionally, a smaller silicon area generally
implies a reduced number of transistors, which in turn lowers the amount of raw
materials and energy required during chip fabrication. These reductions further
decrease the carbon footprint of the chip over its entire product lifecycle.

Furthermore, if the proposed techniques are implemented in decoders for next-
generation mobile networks, they may also improve latency, reliability, and through-
put. Such improvements enable more efficient mobile networks at the system level.
Increased decoding efficiency can reduce the number of retransmissions and allow
a larger number of users to be supported per network, leading to additional reduc-
tions in overall power consumption. Collectively, these system-level gains contribute
to a reduced carbon footprint of mobile communication infrastructure, while also
providing society with faster and more reliable mobile connectivity. As a critical
communication infrastructure, such improvements can positively impact quality of
life by enhancing access to digital services, connectivity, and information.
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Conclusion

This thesis investigated the possibility of reducing the hardware constraints of
decoder circuits implementing modern decoding schemes that utilize soft information
for FEC. Prominent examples of such decoding algorithms include GRAND [1],
ORBGRAND [2], and the Chase class of algorithms [3, 4, 5]. The work specifically
focused on the sorting circuitry used within these decoders, as sorting networks
often form a major hardware bottleneck in terms of area, power consumption, and
delay [6]. These sorting networks are typically responsible for ordering the reliability
information generated by the decoder, which is then used for error detection and
correction.

To address this problem, accurate selection networks were initially explored and
were found to provide moderate reductions in hardware complexity. However, it
was hypothesized that greater improvements could be achieved through the use
of sloppy selection networks, which avoid fully sorting all reliability values. This
hypothesis was motivated by the observation that the reliability information produced
by soft-decision decoding algorithms is inherently noisy. Consequently, even perfect
sorting does not guarantee correct identification and correction of all erroneous bits.
Initial computer simulations demonstrated that sloppy selection achieved performance
comparable to accurate selection networks, particularly at sufficiently high SNR
conditions.

The average difference in pass probabilities between accurate and sloppy selection
networks was found to be on the order of 1073, indicating that sloppy selection
networks are a viable alternative for reducing hardware complexity. To better
characterize the degree of sloppiness introduced by these networks, a “sloppiness’
metric was proposed. Although this metric provided a rough estimate of selection
performance, additional work is required to further refine and validate it.

)

Following this, several data structures, sorting algorithms, selection algorithms,
and their corresponding hardware implementations were explored. Based on these
investigations, a generalized architecture for constructing sloppy selection networks
was proposed. The architecture consisted of cascoded SBTs cascaded with a single
ASN. This framework provided a configurable trade-off between sloppiness and
hardware constraints such as area, power, and delay. In addition, new comparator
architectures, namely the MFCaS and MFCaSe units, were introduced to further
reduce comparator complexity [29].

All possible combinations of the proposed architectures incorporating MFCaS and
MFCaSe units were synthesized for predefined input and output word counts. Their
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hardware characteristics were then compared against equivalent bitonic sorting
network implementations to quantify improvements in area, power consumption, and
delay.

The synthesized sloppy selection circuits occupied approximately one quarter of the
area required by equivalent bitonic sorting networks, with maximum area reductions
reaching nearly 96%. This reduction is highly significant given the relatively small
degradation in selection performance observed earlier. Furthermore, reductions of up
to 80% in network depth were achieved. Considering that no additional optimization
techniques such as pipelining were employed to further reduce the critical path delay,
these improvements are particularly noteworthy.

In terms of power consumption, it was hypothesized that the reduction trend would
closely follow the observed area reductions, since circuit area is generally correlated
with power consumption. The performance of the proposed sloppy selection circuits
was also evaluated using EDP and EPS metrics. The circuit exhibiting the lowest
EDP was found to be a configuration selecting 2 elements from 32 inputs using two
SBT stages. In contrast, the network selecting 8 elements from 32 inputs using two
SBTs achieved the lowest EPS, indicating superior energy efficiency per selection
operation.

The impact of the proposed MSB-first comparator logic was also investigated. Based
on the observed results, it was estimated that the proposed MFCaS and MFCaSe
units could achieve approximately 70% reduction in delay and nearly 90% reduction in
EDP, while incurring only a modest area increase of approximately 25% compared to
traditional CaS and CaSe-based sloppy selection networks. These results demonstrate
that substantial improvements in delay and energy efficiency were achieved with
relatively small area overhead.

Overall, the results presented in this thesis demonstrate that sloppy selection networks
can significantly reduce the hardware complexity associated with reliability selection
in modern soft-decision decoding architectures. This makes reliability selection
substantially more area- and energy-efficient compared to conventional sorting-based
approaches.

Although the presented results strongly indicate the viability of sloppy selection
networks, further investigation is required to evaluate their performance within
complete practical decoder implementations. If comparable decoding performance
can be maintained relative to accurate selection networks, the proposed architectures
could have a significant impact on the design of future 5G and 6G decoder hardware.
Future work may also focus on refining existing SBT structures, developing improved
sloppiness metrics, and exploring new algorithms and architectures for efficient
approximate selection.
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Appendix 1

A.1 Failure Ratio vs Data Width of the reliability
data

, __Failure Ratio vs Bit Width of the reliability data for a bottom(4, 256) network
Failure Ratio vs Bit Width of the reliability data for a bottom(4, 512) network [ T T T T T T T T
T T T T T T T T

7 8 2 3 4 5 6 7
Bit Width Bit Width

(a) Failure Ratio vs Data Width (b) Failure Ratio vs Data Width
(Bitwidth) of a bottom(4, 512) and S- (Bitwidth) of bottom(4, 256) and S-
bottom(4, 512) networks bottom(4, 256) networks

Figure A.1

A.2 Proof for the Size of SBT networks

The number of nodes n at any level [ of a N-input binary reduction tree can be given
as

N
s

Then the total number of nodes S in a binary reduction tree upto level | can be
written as

(A.1)

n

S = Z E (A.2)

l
1=0



A. Appendix 1

Equation A.2 is a finite geometric series of ratio % any geometric series of a initial
term a and a common ratio r can be reduced as follows,

n ] 1— n+1
Zarl = 7&( ™) (A.3)
i=0 L=r
applying this rule to equation A.2 gives us,
!N N(1 1\i+1
s N N "
=2 L= 2
This can then be simplified as follows,
N(L— (1))
S=——7% (A.5)
2
2N
= 2N 50D (A.6)
2N
=2N — — A.
2. % ( 7)
N
Substituting equation A.1 into A.8, we get,
S=2N—-n (A.9)

equation A.9 gives us the number of nodes for a N-Input binary reduction tree upto
level [ which has n nodes. For a N input SBT network the topmost level contains
k nodes and the base nodes will not be replaced by a CaSe unit, applying these
implications to equation A.9 we get,

Sspr =2N —k—N=N—k (A.10)

Thus the size of a SBT network that selects k elements out of NV can be given as

‘SSBT:N_k‘

A.3 Trend in Difference of Pass Probabilities for
Different number of SBTs

This section shows how the difference in pass probabilities between accurate and
sloppy selection varies with output size for a given number of SBTs (lower is better).
Each line represents a different number of inputs. The trends are plotted at an SNR
of 6 dB. Results for 128 and 256 SBTs are omitted, as they can be inferred from the
3D plot.
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A.4 Difference of Pass Probabilities for Different

Input sizes

This section shows how the difference in pass probabilities between accurate and
sloppy selection varies with output size for a given number of input words in the
network (lower values are better). Each line corresponds to a different number of
SBTs. The trends are plotted at an SNR of 6 dB.
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A.5 Size Reduction of Sloppy Selection Networks

This section shows individual slices of the size reduction 3D surface plot sliced along
the axis of input-size. Each slice is done along a disctinct output-size and each curve
represents a certain number of SBTs in the network.

Percentage Size Reduction for 2 Outputs Percentage Size Reduction for 4 Outputs

—¥—2BTs
—¥— 4 SBTs
9 8SBTs

64 SBTs
921 |—e—12858T

*

s
—de— 128 SBTs
—#— 256 SBTs

Percentage
Percentage

Input Size Input Size

Percentage Size Reduction for 8 Outputs Percentage Size Reduction for 16 Outputs

Percentage
Percentage

(1) )
Figure A.3

A.6 Circuit Cost Split-up of Sloppy Selection Net-
works

This section shows theslices of circuit cost trend surfaces for all the synthesized
networks sliced along the input size axis. The dotted lines represent the size of the

accurate selection network stage present in the proposed networks, while the solid
lines represent the total cost of the network(Note: this is a linear-linear graph)
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Circuit Cost Trend for the Networks with 2 Outputs
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Circuit Cost Trend for the Networks with 4 Outputs
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A.7 Logic Depth Reduction of Sloppy Selection

Networks

This section shows individual slices of the depth reduction 3D surface plot sliced
along the axis of input-size. Each slice is done along a disctinct output-size and each
curve represents a certain number of SBTs in the network.
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