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Abstract: In recent years, mature advanced packaging technologies have increasingly enabled the integration of multiple small
dies into larger chips, while retaining chip-scale density and high-bandwidth interconnects. To address the inefficiencies of
manual design and the challenges of heterogeneous optimization in wafer-scale chip (WSC) development, we systematically
explore key factors in WSC architecture design. We integrate chip layout, operator mapping, and hardware–software co-
design, and formulate the WSC architecture exploration problem as a multi-objective optimization task. First, we establish a
hierarchical architecture model for WSCs, unifying the quantification of core constraints and interconnect topology constraints;
second, we propose a hierarchical multi-objective collaborative optimization framework to jointly optimize physical constraints
and task mapping communication patterns; finally, we develop a WSC optimizer toolchain that supports mixed-granularity
simulation and generates optimal configurations for representative workloads. Experimental results demonstrate that compared
with traditional computer architectures, the optimized architectures generated by our WSC optimizer achieve up to a 22×
throughput improvement and a 5× latency reduction in application domains, such as cryptographic decryption and signal
processing.
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1 Introduction

Recent years have seen the rapid development of technolo-
gies, such as large-scale language models (LLMs), resulting in
an exponential growth in computational demand (Zhu et al.,
2025). This trend is strikingly epitomized by the remarkable
expansion in model parameters, which have escalated from
millions in bidirectional encoder representations from Trans-
formers (BERT) to a staggering 1.8 trillion in GPT-4, a growth
of over a thousand times (Brown et al., 2020; Achiam et al.,
2023; Chowdhery et al., 2023; Touvron et al., 2023; Yenduri
et al., 2024). Concurrently, training costs have escalated dra-
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matically. For instance, GPT-4 has up to 1.8 trillion parame-
ters (Baktash and Dawodi, 2023; Patel and Wong, 2023). At
a cloud cost of roughly $1 per hour using A100, the training
cost for a single run would amount to approximately $63 mil-
lion (Patel and Wong, 2023). This growth trend is expected
to continue, as large models continue to demonstrate superior
performance in natural language understanding and content
generation tasks (Raffel et al., 2020; Zhang SS et al., 2022;
Baktash and Dawodi, 2023).

As microelectronics manufacturing technology approaches
fundamental physical limits (IEEE, 2024), traditional single-
chip integration faces significant size constraints, leading to re-
duced yields and increased costs (Bohr, 2009; Han et al., 2024).
To address these challenges, the wafer-scale chip (WSC) (Burns
et al., 2006) has emerged as a promising solution. This tech-
nology leverages advanced packaging and innovative chiplet
design methods to integrate numerous processing cores within
a single package (Shao et al., 2019), thereby enhancing com-
putational density and intercommunication bandwidth. Fur-
thermore, WSC offers a high degree of design flexibility, al-
lowing customization of functional modules based on specific
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application requirements. This ensures an optimal balance
between cost-effectiveness and manufacturing efficiency, while
preserving superior performance.

Meanwhile, as microelectronic fabrication technology ap-
proaches the fundamental 1-nm physical threshold, the tradi-
tional paradigm of relying solely on process node scaling for
performance enhancement has become increasingly untenable.
In response to this technological impasse, semiconductor manu-
facturers have adopted a parallelization strategy, transitioning
from single-core architectures to heterogeneous multi-core de-
signs. This architectural evolution is exemplified by NVIDIA’s
graphics processing unit (GPU) architectures (Markidis et al.,
2018), which integrate thousands of streaming multiproces-
sors (SMs) as computational units, and Intel’s Core micro-
architecture series (Hammarlund et al., 2014), which features
sophisticated multi-core configurations with shared cache hi-
erarchies. However, as die sizes approach the reticle limit of
extreme ultraviolet (EUV) lithography systems, this scaling
approach has led to significant challenges in defect density
management. This, in turn, has resulted in diminished yield
rates and escalating manufacturing costs (Han et al., 2024).

The chiplet design methodology (Shao et al., 2019), which
decomposes complex systems into small, independent modules
and uses advanced packaging technologies to enable efficient
interconnections between these modules, has emerged as a
crucial approach to addressing the limitations of monolithic
integration, such as physical size constraints and yield issues.
This method not only resolves these limitations but also allows
for flexible integration of diverse functional units tailored to
specific application scenarios, thereby providing the most cost-
effective solutions across a wide range of applications. This
flexible integration of functional units can be adapted to the
requirements of different scenarios, optimizing cost and pro-
duction efficiency without compromising performance.

Die-to-die interconnects (Turner et al., 2018) and high-
density 3D stacking (Loh et al., 2007) enable high core inte-
gration within a single package, improving energy efficiency
by shortening the length of the wire, reducing latency, and
increasing data throughput. Wafer-scale technologies, exem-
plified by Cerebras’s WSE and Tesla’s DOJO (Talpes et al.,
2022), demonstrate significant advancements in computational
density, on-chip memory, and communication bandwidth. For
instance, the Cerebras’s WSE-3 integrates 4 trillion transistors
and 900 000 cores on a 46 225 mm2 silicon die, delivering 125
quadrillions floating point operations per second (PFLOPS) of
compute power, 44 GB of on-chip static random access mem-
ory (SRAM), unprecedented memory bandwidth (21 PB/s),
and inter-communication bandwidth (214 PB/s). These fea-
tures make it ideal for deep learning workloads. In a similar
vein, Tesla’s DOJO integrates 25 custom D1 chips, with each
chip offering 10 TB/s of internal bandwidth and 36 TB/s of
tile-to-tile communication, achieving a peak performance of 9
PFLOPS. These examples underscore the viability and benefits
of wafer-scale integration for high-performance computing.

Researchers developed a wafer-scale GPU system that
achieves 18.9× performance gains and 143× energy efficiency
compared to traditional printed circuit board-based GPUs (Pal
et al., 2019). They also designed a 2048-chiplet, 14 336-core
wafer-scale processor (Pal et al., 2021), proving its applicability

not only for artificial intelligence (AI) workloads but also for
broader high-performance computing tasks. These advance-
ments highlight the potential of wafer-scale integration in per-
formance and energy efficiency, offering a promising solution to
modern computational demands and enabling more powerful
AI systems. However, the current wafer-scale design methods
primarily rely on homogeneous architectures, leading to issues
such as energy inefficiency, uneven resource utilization, and
high design and manufacturing complexity (Hu et al., 2024).

In this context, Wu Jiangxing’s software-defined system
on wafer (SDSoW) introduces an innovative approach (Wu
et al., 2024). As shown in Fig. 1, by using silicon wafers as
packaging substrates and integrating computing cores, mem-
ory cores, and interconnect cores through micro-bumps, the
system significantly enhances the integration density and per-
formance. However, the current WSC design remains heavily
reliant on manual engineering processes, requiring meticulous
consideration of chiplet selection, layout optimization, task
partitioning, and performance evaluation (Xu et al., 2025).
Key challenges include interconnect topology design, signal
integrity assurance, and thermal management between cores,
all of which demand precise optimization and verification (Li
FP et al., 2022). To address these limitations and facilitate
the broad adoption of wafer-scale technology, it is critical to
develop a comprehensive and efficient set of tools for WSC
architecture design exploration. This study is organized as
follows:

Sections 1 and 2 systematically explore key concepts in
WSC design, analyze limitations of existing technical solu-
tions, and present motivations for improvements. Section 3
delves into chiplet abstraction and its corresponding wafer lay-
out strategy. Section 4 integrates the chiplet model with a
standardized operator library, proposing a WSC architecture
design method based on hardware–software co-design, includ-
ing reinforcement learning-driven iterative optimization and
constraints-based chiplet combination. Section 5 verifies the
methodology’s effectiveness and superiority through specific
application experiments. Finally, Section 6 summarizes the
research findings and outlines future work directions.

2 Background and motivation

2.1 Chiplet design method

The chiplet design technology refers to an advanced pack-
aging solution integrating multiple dies into a single substrate.

Domain-specific 
dielet

Power management, 
DFT, etc.

Interconnect 
interposer

So�ware-defined 
interconnect network

IO, PHY, etc.

cDomain-specific
dielet

Power management, 
DFT, etc.

Interconnect 
interposer

IO, PHY, etc.

Software-defined 
interconnect network

Fig. 1 Schematic diagram of the software-defined system on
wafer (IO: input/output; PHY: physical layer; DFT: design
for testability)
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The substrate may be organic or silicon, and the integration is
achieved through high-density interconnections, enabling the
dies to function collectively as a single chip. This technology
offers numerous benefits, such as increased design flexibility
and shorter time-to-market, but it also incurs additional costs.
In the realm of chiplet design methods, several strategies have
been proposed to address various challenges and optimize sys-
tem performance.

The general interposer architecture (GIA) method em-
ploys a linear programming algorithm to address the core
selection problem and uses a simulated annealing algorithm
to optimize the core layout, thereby enabling automatic task-
oriented selection and placement (Li FP et al., 2022). However,
this method does not consider core reuse, inter-task pipeline
operations, or storage requirements, which remain critical chal-
lenges in advanced chiplet designs.

In contrast, Floorplet creates well-defined functional and
specific chiplets as foundational building blocks (Chen SX
et al., 2024). These chiplets are then evaluated using a gem5-
based (Binkert et al., 2011) simChiplet simulator to analyze
application workload, communication patterns, and memory
hierarchy for layout optimization. Although this approach
provides a detailed and flexible framework, it is sensitive to
initial layout configurations and can suffer from a long simula-
tion time for large-scale systems.

Further enriching this field, Ahmad et al. (2022) explored
the balance between cost and yield in multi-node heteroge-
neous integration, providing insights into optimizing economic
efficiency and manufacturing reliability. Similarly, Feng and
Ma (2022) proposed a quantitative cost model to help designers
understand the financial implications of architectural choices,
ensuring both performance and economic viability. Addition-
ally, Zhang JM et al. (2024) demonstrated how fine-grained
mapping can accelerate AI computations, highlighting the po-
tential of chiplet technology in high-performance computing.
Works focusing on multi-package co-design and fixed-outline
floor planning (Zhuang et al., 2022) contribute to more effi-
cient system-level optimization, addressing key challenges in
signal integrity, power distribution, and thermal management.

2.2 Automated design framework and design tools

The AHA Agile Hardware Project at Stanford University
has developed the Halide compiler, a domain-specific language
and compiler for optimizing image processing and compute-
intensive workloads, enabling agile hardware–software co-
design. The AHA project team employs the Halide compiler
(Deng et al., 2022) to decompose applications into comput-
ing, storage, and interconnection modules, subsequently map-
ping them into Verilog code to support iterative update de-
signs. In contrast, NVIDIA’s MAGNet tool (Venkatesan et
al., 2019) generates synthesizable register transfer level (RTL)
code and efficient mapping schemes for neural networks by
leveraging three-level architectural templates to provide an
automatic optimization framework. Li ZS et al. (2017) pro-
posed a comprehensive software–hardware co-design frame-
work, which captures parallelism in irregular applications and
aggressively schedules pipelined execution on reconfigurable
platforms. DSAGen (Weng et al., 2020) is a separable spatial

architecture generator that uses primitive components to form
flexible, connected architecture description graphs (ADG). De-
spite its moderate scale, DSAGen is well-suited for both general
compilation and design space exploration, providing valuable
insights for WSC design.

2.3 Challenges

The system-on-wafer (SoW) design method presents three
fundamental challenges: (1) layout optimization under specific
constraints; (2) task scheduling; (3) development of design
toolchains. First, existing methods prioritize single-constraint
dimension optimization. They fail to effectively address the
challenge of multi-physical constraints. These strategies not
only neglect signal integrity, thermal distribution, and stress
balance, but also exhibit high sensitivity to initial layout con-
figurations, resulting in O(n2) time complexity in design space
exploration for large-scale systems (here, n is the number of
chips). Second, current solutions lack adaptability to hetero-
geneous task characteristics. They do not fully consider inter-
task data dependencies, differences in computational intensity,
and dynamic changes in resource requirements, making it dif-
ficult to match the adaptation needs between heterogeneous
tasks and chiplet resources. Third, existing electronic design
automation (EDA) toolchains lack a unified modeling method
for WSC, which hinders efficient mapping from tasks to op-
erators. Although current EDA toolchains, such as GARNet
(Deng et al., 2022), MAGNet (Venkatesan et al., 2019), and
DSAGen (Weng et al., 2020), attempt to mitigate these is-
sues through graph neural network-based topology synthesis
and polyhedral compiler techniques, they often increase design
complexity. Additionally, the design space exploration mech-
anisms are insufficiently adaptable, failing to support efficient
and automated design of WSC.

This study draws on the design idea of flexible packaging
for SDSoW, follows the design concept of structure adapted
to the application, and starts from the application while con-
sidering WSC process constraints, area constraints, and other
constraints.

The contributions of this study are summarized as follows:
1. We propose a chiplet combination method and a hi-

erarchical WSC construction method that integrates physical
and design constraints. Through the design workflow of chiplet
selection → component integration → wafer layout, we stan-
dardize the logic for functional and interconnection adaptation,
thereby providing a foundational framework that balances fea-
sibility and flexibility for SoW implementation.

2. We present a reinforcement learning-based evaluation
and iterative optimization method. First, we develop math-
ematical models for chiplets and different applications, and
compile physical parameters of chiplets and operator-specific
attributes of applications to establish a standardized opera-
tor library. Second, to address the challenge of differentiated
optimal scheduling across diverse layout results, we realize
collaborative iteration of layout and scheduling within the re-
inforcement learning framework. This approach dynamically
adapts to the matching requirements of chiplet and applica-
tions, efficiently explores optimal architecture configurations,
and overcomes the trade-off between layout and scheduling
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exploration space.

3. We propose a collaborative hardware–software co-
design methodology for WSC. We comprehensively account for
the coupled relationships between bandwidth, latency, storage
capacity, throughput, and task execution time. Through the
coordinated design of operator clustering, task mapping, and
pipeline scheduling, we achieve dynamic balance across multi-
ple performance metrics. Meanwhile, we clarify the rationale
for prioritizing SRAM in WSC architectures: SRAM’s low ac-
cess latency and high reliability fulfill the system’s demand
for fast data response, and its tight integration with comput-
ing chiplets minimizes interconnection overhead. In contrast,
DRAM, employed as a discrete chiplet, exhibits inherent draw-
backs of large area cost and high cross-chiplet transmission
latency, which conflict with the core design objectives of high-
density integration and low-latency communication in WSC
systems.

3 Model description and operator scheduling

To address the aforementioned challenges, this section
presents a systematic design approach for WSCs. The core
research objectives encompass system layout optimization,
high-performance task scheduling, dedicated design toolchain
development, operator clustering generation, a reinforce-
ment learning-based optimization framework, and hardware–
software co-design. These objectives collectively aim to achieve
efficient architecture exploration and performance optimiza-
tion for WSCs.

3.1 Application classification and evaluation
indicators

Depending on the application’s sensitivity to latency (Ali
et al., 2021), tasks can be divided into two categories: real-
time applications (Tatar et al., 2024) and non-real-time appli-
cations (Leon et al., 2023, 2024; Panousopoulos et al., 2024).
It is critical to understand the characteristics of these two
types of applications for designing efficient and reliable WSC
architectures.

3.1.1 Real-time applications

Signal processing, autonomous driving (Tatar et al.,
2024), and medical monitoring (Chakaravarthy et al., 2021)
are typical time-sensitive real-time applications requiring data
processing within strict timeframes. For example, a signal pro-
cessing task involves pipeline operations, such as pulse com-
pression, space–time adaptive processing (STAP), and con-
stant false alarm rate (CFAR), where 20 parallel data groups
must be fused and target-detected within a specified window;
in in-vehicle systems (Tatar et al., 2024), timely target de-
tection is equally critical—any timeout compromises accuracy,
reliability, and the overall performance. These traits require
the WSC optimizer to prioritize low latency and synchroniza-
tion reliability, adapt to heterogeneous chiplet scheduling and
high-bandwidth transmission, and thus effectively verify its
layout optimization and dynamic resource allocation capabili-
ties under specific time constraints.

3.1.2 Non-real-time applications

In contrast, non-real-time applications—such as message-
digest algorithm 5 (MD5), video conferencing (Leon et al.,
2024), surveillance systems, and information service systems
(Leon et al., 2023)—can tolerate certain latency without com-
promising functionality. These general computing scenarios
have no strict latency restrictions, with their core requirement
being to improve task throughput via multi-chiplet parallelism.
For example, mild frame delays in videoconferencing only re-
duce output quality rather than disabling the system. Such
characteristics allow the WSC optimizer to prioritize chiplet
density and interconnection efficiency in layout design, verify-
ing its ability to optimize throughput and resource utilization
under weak time constraints, as well as its adaptability to
general computing chiplet combinations.

3.1.3 Throughput

In information service systems, throughput refers to the
number of transactions processed by a system or server per
unit of time. It reflects the system’s ability to process requests
and is a key indicator to evaluate the system’s performance.
In this study, the throughput of the application is used as
the primary objective of system optimization. Specifically, for
real-time applications, the execution time of individual tasks is
considered a constraint. By strictly controlling the execution
time of each task, all tasks are ensured to be completed within
the specified time; for non-real-time applications, the execution
time threshold of individual tasks is set as an upper bound.
Through reasonable task scheduling, the system throughput is
maximized while ensuring the quality of service.

3.1.4 Crucial aspects of WSC design

In WSC design, thermal management, yield enhancement,
and fault tolerance are critical to addressing the challenges
of high-density integration. To align with WSC’s inherent
demand for reliable, high-performance operation, we adopt a
symmetrical and balanced layout strategy that mitigates stress
concentration from component placement, laying a founda-
tional framework for yield improvement; we integrate fault-
tolerant design in the development process by refining task
scheduling and resource allocation, and leverage our proposed
reinforcement learning (RL) framework to mitigate faulty-node
impacts, enabling the identification of robust scheduling strate-
gies that physically isolate critical tasks from failure regions.

Based on a general-purpose design philosophy, we select
two typical tasks—MD5 and signal processing—that represent
non-real-time and real-time application scenarios, respectively.
Meanwhile, we construct a WSC architecture supporting flexi-
ble resource configuration through the combination of general-
purpose chiplets. This design is particularly well-suited for
compact high-performance computing scenarios: such devices
require strict compliance with size and weight constraints while
delivering high computational throughput. The inherent high-
density computing and storage capabilities of WSC, coupled
with the architectural design proposed in this study, effectively
resolve the trade-off between computing power and form factor
in traditional solutions, accurately meeting the dual require-
ments of portability and high performance for field-deployed
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or space-constrained systems.

3.2 WSC design architecture

The proposed WSC architecture aims to address the com-
plex challenge of integrating multiple cores into a single chip
(as shown in Fig. 2). Adopting a layered and progressive design
strategy, it not only ensures efficient design and optimization at
each stage, but also effectively reduces the overall design com-
plexity. Among its key features, the integration of independent
switch components stands as a core design decision: by decou-
pling routing/switching functions from compute chiplets, it
not only avoids the rigidity limitations and high redesign costs
of domain-specific integrated architectures, but also supports
the direct reuse of general-purpose chiplets. This not only en-
hances the system’s flexibility in adapting to various workloads
but also enables efficient inter-component communication.

3.2.1 Cores

Core types are divided into computing, storage, and
switching variants; their key physical attributes—size, power

consumption, and storage capacity—are summarized in
Table 1.

3.2.2 Components

The components are essential in the hierarchical wafer-
scale architecture, linking cores and establishing efficient com-
munication paths while respecting physical limits such as
wafer-scale stress distribution. Internally, each component
must feature a uniform, symmetric cell layout, and its foot-
print must stay within four times the reticle size (such as
26 mm×33 mm).

3.2.3 Wafer-scale chip

In the context of the wafer-scale layout stage, employing a
systematic design methodology can significantly streamline the
process by breaking it down into manageable stages. Other-
wise, the design space becomes excessively broad, which makes
it challenging to identify feasible solutions and leads to ineffi-
cient allocation of search time on ultimately unviable options.
A progressive strategy for WSC design begins with the core

Processor

DRAM Switch

...

Without DDR

With DDR

Chip library Processor Component Wafer-scale layout

Fig. 2 An example of a hierarchical WSC design method

Table 1 Nomenclature

Notation Meaning

C = {ci | 1 ≤ i ≤ m} The set of processors

V = {vi | 1 ≤ i ≤ n} The set of tasks

E = {ei,j | 1 ≤ i, j ≤ n, i �= j} The set of edges with ei,j being the edge between task i and task j

W = {wi,j | 1 ≤ i, j ≤ n, i �= j} The set of bandwidths with wi,j being the edge between processor i and processor j

M = {mi | 1 ≤ i ≤ n} The set of task storage requirement with mi being the storage required for task i

Q = {qi,j | 1 ≤ i, j ≤ n, i �= j} The set of inter-processor communication data with qi,j being the communication data

between processor i and processor j

Wi, Hi The width and height of processor core i

Pi The power consumption of processor core i

T, R The execution time interval and the computational capacity

DO,DR The delay of sending and receiving data (without DRAM)

DS,DW The delay of switching and transmitting

MM, SM The capacity of DRAM and SRAM

Mi, Cj Core i and component j

CK The operator time ratio of SRAM and DRAM

Sc, Sw The area of the component and wafer

Lchip, Lcomponent Minimum spacing between chips and components
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processing elements and components, and gradually progresses
to integration at the wafer level. This staged approach ensures
that each component is optimized before moving on to the next
stage, thereby enhancing the overall design efficiency and re-
ducing unnecessary exploration of impractical solutions. The
proposed design concept adopts the layer-by-layer approach
and includes elements such as cores, processors, components,
and WSCs.

3.3 Task partitioning and scheduling

3.3.1 Processor

The selected core serves as the initial input to the frame-
work. The processor primarily consists of computing and mem-
ory cores. Each computing core is capable of connecting to
memory cores. However, the relative positions of the comput-
ing core and memory core must remain fixed due to interface
constraints, such as the requirement that the connection lines
between the central processing unit (CPU) and memory be as
short as possible and of equal length. This fixed positioning
allows the entire processing element to be treated as a sin-
gle entity during the space exploration phase of the design
process. In traditional design architectures, each processing
element is usually equipped with a large capacity of off-chip
DRAM, so there is no additional consideration for its storage
requirements. However, the performance of computation us-
ing DRAM is significantly lower than that of on-chip SRAM
because of the long latency of off-chip data transfer. To this
end, we introduce CK as a metric to quantify the execution ef-
ficiency of operators on SRAM and double data rate SDRAM
(DDR).

Meanwhile, the findings (Jung et al., 2022; Chen YW
et al., 2024) revealed that the majority of mature dies are
equipped with integrated SRAM, while DRAM typically func-
tions as a discrete die, necessitating its consideration as an
independent entity about area and cost. SRAM is predomi-
nantly employed as a cache for the compute die. The reason is
that although SRAM is not cost-competitive, its low-latency
characteristics are critical to improving system performance.
In scenarios where the rapid access and processing of data is
imperative, the use of SRAM has been shown to enhance sys-
tem responsiveness and overall performance to a considerable
degree. Consequently, the utilization of SRAM is deemed the
optimal choice for this study.

3.3.2 Components

To achieve the desired functionality, it is customary to
integrate a switch inside the components. This facilitates ef-
ficient data transfer while taking into account physical con-

straints such as the stress distribution of the wafer system. The
layout should be designed to be uniform and symmetric, and
the area of the component should generally not be too large.
The maximum area of the component is subject to the con-
straint of satisfying a 4-fold photomask area (26 mm×33 mm).

WSCs typically adopt homogeneous components through-
out the entire wafer to balance manufacturing cost and yield.
The design paradigm is illustrated in Fig. 2. This method
stresses high-throughput links among components. In the con-
ventional architecture, DRAM is attached to each processing
element with a large capacity, but the off-chip data transfer
delay affects the computational performance compared to the
on-chip SRAM. For simulation approximation purposes, a ratio
CK is assumed to represent the relative efficiency of executing
operators in SRAM and DDR. This assumption makes it more
accurate to model the impact of the memory hierarchy on the
overall chip performance at the wafer level, highlighting the
importance of efficient on-chip memory utilization.

3.3.3 Compilation

During compilation, the front-end takes in the applica-
tion algorithm’s description. It then performs dependency
analysis and abstracts the algorithm into operators of varying
granularities. However, if the operator graph is overly fine-
grained, the scheduling space can become too large, making
it harder to find a good scheduling strategy. Additionally,
excessive graph complexity can reduce its effectiveness as a
scheduling tool. Traditional development methods demand
a lot from compilation front-ends, requiring them to directly
translate programs into suitable operator graphs. In contrast,
using domain-specific languages (DSL) offers a more efficient
approach. Front-end tools can efficiently convert DSL into
operator graphs, ensuring compatibility with existing appli-
cations. Multi-level intermediate representation (MLIR) is a
framework for compilers and toolchains, aiming to provide a
flexible foundation for a wide range of compiler optimizations
and transformations. As shown in Fig. 3, the MLIR approach
generally includes several key phases and elements.

3.3.4 Multi-level intermediate representation

The high-order intermediate representation (IR) module
subsequently optimizes the computation graph. Then, the
code optimization and transformation module converts the
low-order IR and performs hardware parameter transforma-
tion. The memory management module optimizes data access
to generate IR for specific target platforms. Finally, the code
generation module produces executable code for the hardware,
which is executed by the target machine. To address the porta-
bility issue for heterogeneous wafer-chip-based platforms, the

Source 
file Compilation MLIR Intermediate 

representation
Optimization 

transformation
Code 

generation

Operator 
graph

Task partition 
and scheduling

Fig. 3 Application compilation framework
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compilation scheduling module uses a scalable heterogeneous
parallel compilation framework. This includes application pro-
gramming interfaces, intermediate representations, heteroge-
neous code generation modules, and task scheduling modules.
Applications developed with this framework’s interface can
generate executable programs for platforms with diverse hard-
ware, such as CPUs, GPUs, and reconfigurable devices, en-
abling efficient execution on WSCs.

3.3.5 Operator graph

As shown in Fig. 4, a simple operator graph consists
of four operators, denoted as v1, v2, v3, and v4. In WSC,
different tasks exhibit different performances across various
execution times due to micro-architecture design, cache size,
and compiler-generated code optimization (Table 2 presents an
example of task execution time on different chips). Following
the example shown in Fig. 4, the critical path L is 1 → 3 → 4.
In this example, operator v1 is mapped to core A, and operator
v3 is mapped to core C. It can be demonstrated that a direct
path exists between cores A and C. Employing an analogous
calculation method, the transmission delay from operator v1
to operator v3 can be determined as

D13 = DO +DR +
2q13
Wb

+DW. (1)

Similarly, the transmission delay between operator v3 and op-
erator v4 can be determined as

D34 = DO +DR +
2q34
Wb

+DW. (2)

C D

A B

v1

v3

v2

v4

v1

v3

v2

v4

v1

v3

v2

v4

v1

v3

v2

v4

Fig. 4 Task graph mapping relationship and chiplet re-
source allocation in a wafer-scale system

Table 2 An example of task execution time on four chips

ID Task execution time (ms)

chip_0 chip_1 chip_2 chip_3

0 75 83 59 64
1 48 29 64 46
2 54 19 44 83
3 15 56 98 98
4 71 89 71 67
5 61 13 46 69
6 47 21 83 89
7 79 75 14 68
8 44 73 20 52
9 12 66 27 49

3.3.6 Task partition and scheduling

After forming the operator graph, a direct mapping to
the processing elements can be established, creating the cor-
responding mapping relationships. Tij represents the corre-
sponding execution time of operator i mapped to process-
ing element j. Based on the execution time of each op-
erator cluster and the transmission delay, scheduling algo-
rithms, such as modulo scheduling, can be used to sched-
ule tasks. Two scheduling methods are considered: conven-
tional and pipelined. In conventional scheduling, data are
processed only after reaching the execution units. In con-
trast, pipelined scheduling enables execution units to perform
tasks and store data concurrently, effectively hiding storage la-
tency and optimizing performance. For pipelined scheduling,
inequalities (3)–(5) must be satisfied, and the link bandwidth
must handle more bytes in time T than the processing element
can process, as shown in Table 1.

Ms ≥ mi +Ri, vi ∈ V, (3)

Ms ≥ mi +Ri

⌈
D

T
+ 1

⌉
, vi ∈ V, (4)

Wb ≥ R/T, (5)

where �·� denotes the smallest integer that is greater than or
equal to the enclosed value.

Inequalities (3)–(5) outline the constraints on storage and
bandwidth: inequality (3) ensures that storage Ms meets the
sum of task storage mi and communication data Ri, inequal-
ity (4) requires storage Ms to handle mi, Ri, and the ratio of
delay D to execution time T , and inequality (5) ensures that
bandwidth Wb can transfer communication data R within time
T .

4 A framework for WSC architecture design
method

4.1 Overview of the automatic design framework

This study aims to develop an efficient automated design
framework for WSC architectures, enabling specific applica-
tions to achieve high performance. As illustrated in Fig. 5, the
process starts with compiling the application program to ab-
stract operators into task graphs. Then, operators are selected
from the operator library, and their information is extracted
for component layout and expansion. Subsequent steps include
determining the interconnect topology, bandwidth allocation,
operator clustering, and mapping strategies. Throughout this
process, evaluating key metrics such as throughput and la-
tency is critical. Since decisions on chiplet selection, place-
ment, and bandwidth topology are interdependent and affect
task scheduling methods, the framework adopts a cyclic it-
erative approach to optimize these parameters. Specifically,
feedback loops facilitate iterative optimization, where design
outcomes are continuously refined using a deep learning model.
This ensures that the final WSC design achieves an optimal
balance between performance and cost, maximizing the overall
efficiency.



8 | ENGINEERING Inform Technol Electron Eng 2026 27(4):250008

Chip library

Application

Component layout Wafer layout

v1

v4

v3v2

t0

t3

t2t1

t4

t0

t3
t2t1

t4

Operator clustering Operator mapping

v1

v4

v3v2

v1

v4

v3v2

Clustering

Layout

Evaluation

Optimization goals

...States Action

Environment
State Action

Reward

...States Action α

Environment
State Action

Reward

Constraints

Latency, area, and throughput

Processor

SwitchDRAM

...
Processor

SwitchDRAM

...

Fig. 5 A comprehensive optimization framework for operator clustering and task mapping in WSC systems

4.1.1 Core selection

Core selection is critical to the efficiency of WSC, as out-
lined in Section 2. Components on a wafer typically adopt a
homogeneous design, with two primary architecture generation
schemes. The first involves users copying devices and associ-
ated layouts based on conventional rack computing architec-
tures. The second enables users to select a range of devices—
such as multiple processors, various interconnect topologies, or
different interconnect bandwidths, which are then automati-
cally optimized by the architecture generator. This flexibility
ensures the selection of the most suitable configuration tailored
to specific application requirements.

4.1.2 Layout stage

The objective of layout optimization is to arrange as many
components as possible on the wafer while adjusting the posi-
tion and rotation angle of the cores to minimize area. Irregular
placement has been shown to cause issues such as warping and
local overheating. Therefore, it is crucial to carefully consider
the connection relationships between components. The pro-
cessing core should be as close as possible to the storage core
to minimize latency and avoid crossing connections. The op-
timization of layout is intended to enhance the overall system
performance and reliability.

In pursuing the above layout optimization goals, it is cru-
cial to represent and optimize the layout scheme efficiently
and accurately. Traditional layout representation methods of-
ten have limitations in handling large-scale complex systems
and fail to meet the demand for efficient optimization. There-
fore, this study introduces the sequence pair representation
method (Tang et al., 2001) to provide a more effective solu-
tion for layout optimization problems. To efficiently handle
the fixed contour constraints in WSC design, we draw on the
methods of Zou et al. (2016) in fixed contour layout planning.
By using the simulated annealing strategy, we combine rota-
tion, movement, and swap perturbations to provide a solution
for WSC design.

A sequence pair is composed of two sequences X and
Y , each containing n elements that represent n blocks. The
sequence pair (X,Y ) can be expressed as shown in Eq. (6),

where xi and yi denote the positions of block i in sequences X

and Y , respectively.

(X,Y ) = (〈x1, x2, . . . , xn〉, 〈y1, y2, . . . , yn〉). (6)

By computing the longest common subsequence (LCS) of
the sequence pair, we can determine the coordinates of each
block and the layout dimensions as follows:

xi = LCS(X1, Y1), yi = LCS(XR
2 , Y1), (7)

where X1 and Y1 represent the subsequences before block i

in the sequence pair (X,Y ). XR
2 is the reverse of subse-

quence X2. For example, the layout information represented
by the sequence pairs (〈a, c, d, b, e〉, 〈c, d, a, e, b〉) is shown in
Fig. 6, where each element has the following dimensions:
(〈8, 4〉, 〈2, 3〉, 〈4, 5〉, 〈4, 3〉, 〈4, 6〉).

c
d

a

e

b
(0, 5)

(0, 0) (4, 0) (8, 0)

(8, 6)

Fig. 6 An example of sequence-pair layout representation
with corresponding module coordinate positioning

In WSC design, we adopt a rigorous hierarchical design
approach. For each component, the following constraints must
be strictly satisfied:

max

(
m∑
i=0

xi + Lchip

)
·max

(
m∑

j=0

yj + Lchip

)
≤ Sc. (8)

It is crucial to ensure that the replication of each compo-
nent, along with the interval Lcomponent between them, does
not exceed the specified effective wafer area Sw.
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4.1.3 Operator clustering

To facilitate mapping onto computing resources, the op-
erator graph undergoes clustering, which aligns the number of
nodes in the clustered graph (VJ) with the number of comput-
ing units in the component. This process preserves the original
dependency relationships between operators, streamlining re-
source allocation and enhancing task execution efficiency. The
clustering is implemented through a structured three-step ap-
proach, and the resulting VJ must satisfy the following core
conditions:

∀(vi ∈ VJk), vi ∈ V, (9)

∀(vi ∈ V ), vi ∈
⋃
k

VJk, (10)

∀ (ei,j , vi ∈ VJk, vj ∈ VJl) , ∃ek,l. (11)

Specifically, conditions (9) and (10) ensure comprehen-
sive partitioning of DAG, while condition (11) maintains the
integrity of original dependencies throughout this partitioning
process.

4.1.4 Task mapping

Following the formation of the operator cluster graph, a
direct mapping to the processing element can be established
to define the corresponding mapping relationship. In WSC de-
sign, different tasks exhibit different performances across var-
ious execution units due to micro-architecture design, cache
size, and compiler-generated code optimization (Table 2 shows
the difference in execution time of a task on different chips).
The operator mapping strategy aims to minimize the overall
task completion time by allocating interdependent task oper-
ators to chips with different computational capabilities. This
involves determining the topological ordering of the operators,
which defines the execution sequence, and the specific compute
chip to which the operators should be assigned. These two key
factors make up a multi-objective optimization problem.

4.1.5 Evaluation

The performance metrics of the system are derived via the
performance evaluation (PE) stage in our framework (lines 2–4
of Algorithm 1). These metrics form the core of the current
solution state, which guides the RL-based optimization loop
(lines 5–15): after generating a new solution, we re-execute
the PE stage to update metrics. These metrics align with the
formulas in Eqs. (12) and (13), where N denotes the number
of switch nodes, DO and DR represent the delay of sending
and receiving data (without DRAM) respectively, DS and DW

represent the delay of switching and transmitting respectively,
and Mi and Cj represent the number of cores and groups
respectively (the definitions of parameters are also given in
Table 1).

Latency = DO +DR +
2R

Wb
+ (N − 1)×DS +N ×DW, (12)

Throughput =
∑

Mi

∑
Cj

Ltotal
, i ∈ M, j ∈ C. (13)

Algorithm 1 Pseudocode of the proposed framework
Input: ChipInfo, DAGInfo;
Output: layout and mapping solution;

/* generate the initial solution */
1: generate the initial layout and mapping solution;

/* performance evaluation (PE) stage */
2: P,L ← calculate the critical path and length;
3: TS, TH, TP ← calculate the latency, throughput, and power;
4: CurrentState = {TH,TS,TP, P, L};

/* RL-based action selection */
5: for i← 0 to niters do
6: Action = model(CurrentState, ChipInfo, DAGInfo);
7: new solution ← Action(layout, mapping);
8: if satisfy layout constraint & mapping constraint then
9: turn to the PE stage and calculate the cost;

10: costnew = costcalculated(TH,TS,TP, L);
11: if costnew < costold then
12: accept the new solution;
13: end if
14: end if
15: end for
16: return layout and mapping solution

4.1.6 Decision model

A decision-making model based on deep learning and re-
inforcement learning is employed. Core selection, bandwidth
selection, and topology selection are regarded as integral steps
in the process, similar to moves in a chess game. Each step
presents a range of options, and a deep residual network is
used to evaluate the current situation and suggest the next
action. When searching reaches a leaf node, the final results,
such as throughput, are used as rewards to propagate back to
each node.

4.2 The proposed reinforcement learning
framework

As shown in Fig. 7, the proposed reinforcement learning
framework combines a graph convolutional network (GCN)
with neural networks to optimize chip layout and scheduling.
As shown in Eqs. (14) and (15), the GCN comprises two layers:
the first layer with parameters W (1) for the initial feature ex-
traction, and the second layer with parameters W (2) for deeper
feature extraction. The output of this process is an (m× 128)-
dimensional feature matrix Z, which integrates global node
information. This feature matrix is seamlessly incorporated
into the operator neural network, ensuring that the weight pa-
rameters of the GCN are optimized along with the operator
neural network during the optimization process. The input
model first converts the task graph into a disjunctive graph,
generating an (m × (n + 2))-dimensional feature matrix and
an (m×m)-dimensional adjacency matrix. These matrices in-
clude information such as chip execution time, finish time, and
schedule status. For simplicity, assume m = 10 (the number
of operators) and n = 4 (the number of chips).

Ã = D−1/2AD−1/2, (14)

Z = softmax(Ã ·ReLU(ÃXW (1))W (2)), (15)

where A is the adjacency matrix, Ã is the normalized adja-
cency matrix, D is the indegree matrix, and ReLU(·) is the
rectified linear unit activation function. X is a matrix for
incorporating the information of adjacent nodes.
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Fig. 7 Schematic of the reinforcement learning framework (FC: fully connected layer)

Then, the GCN processes these inputs to produce an
(m×128)-dimensional feature matrix that captures global node
information. During feature preprocessing, candidate opera-
tor features are isolated and combined with an average vector
to form refined inputs for the operator neural network. The
operation network then takes this input and outputs a prob-
ability distribution over candidate operators. Based on these
probabilities, the operation selection step chooses an operator,
which is used for both gradient descent updates and as input to
the core neural network. Finally, the value network evaluates
stored samples to update the model under the guidance of a
specific loss function, as shown in Eqs. (16)–(18):

Operator_Loss = mean (− log (o−probs) ·Dr) , (16)

Chip_Loss = mean (− log (c−probs) ·Dr) , (17)

V_Loss = mean(mse(Vs, T )). (18)

Here, mean(·) refers to computing the arithmetic mean of
squared errors across all samples, and mse(·) (short for mean
squared error) denotes calculating the squared difference be-
tween the predicted and true target values for each sample,
followed by mean reduction to obtain the overall error.

Operator_Loss and Chip_Loss are losses of the actor net-
work, representing the policy gradient losses of the operator
and the chiplet, respectively. V_Loss is the loss of the critic
network. o−probs denotes the output probabilities of the op-
erator; c−probs denotes the output probabilities of the chiplet.
Dr represents the reward per iteration and Vs represents the
state value function.

Finally, the features extracted from the GCN are inte-
grated through a connection layer. This layer combines out-
puts from different inputs— operation information, chip vec-
tor, and average vector—into a unified feature representation
for subsequent neural network layers. This integrated approach
enables efficient task scheduling by leveraging the strengths
of GCN and neural networks within a reinforcement learning
framework.

The advantage function δt at model update t+1 is given

by
δt = Rtγv

(
So+c
t+1 , ωt

)− v
(
So+c
t , ωt

)
, (19)

where Rt is the immediate reward vector collected at t,
v
(
So+c
t+1 , ωt

)
is the value of the next state collected at t, and

v
(
So+c
t , ωt

)
is the value of the current state collected at t. In

addition, ωt, θt, and φt correspond to the value network, oper-
ator network, and chip network at time t, respectively. γ is a
discount factor. The value network parameter ωt+1 is updated
according to

ωt+1 = ωt − αω ·mean
(
δt∇ωv

(
So+c
t , ωt

))
. (20)

The operator network parameter θt+1 is updated with

θt+1 = θt − αo
θ · mean (δt∇θ logπ (Ao

t | So
t , θt)) . (21)

Additionally, the chip network parameter φt+1 is updated with

φt+1 = φt − αc
φ ·mean (δt∇φ logπ (Ac

t | Sc
t , φt)) . (22)

αω, αo
θ, and αc

φ are the discount factors. The action
probabilities π (Ao

t | So
t , θt) and π (Ac

t | Sc
t , φt) are defined as

the predicted action probability under the condition of the
given state vector and action vector.

The right side of Fig. 7 illustrates the policy network and
value network. The policy network outputs action probabil-
ity distributions, while the value network evaluates samples
to update the model under a specific loss function, as shown
in Eqs. (16)–(18). During each iteration, based on the cur-
rent state, the operator neural network (actor_1) generates a
probability distribution (prob_1) to select an action. Once an
action is chosen, the core neural network (actor_2) produces
another distribution (prob_2) for core selection, as shown in
Eqs. (19)–(22).

Here, we give an example to illustrate the operator se-
lection detail, in Fig. 8. From step 1 to step 5, the process
of selecting an operator choice tree is as follows: in step 1,
operator v1 has a probability set p1, p2, p3 and a reward set
r1, r2, r3 with corresponding candidate operator nodes v2, v3,
and v4. In step 2, when operator v2 is chosen in the next
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Fig. 8 An example of the operator search tree with probability and reward assignments

step, v2 reveals its candidate operator nodes v5 and v6, and at
the same time, a set of probabilities and a set of rewards are
obtained. In the same way, in step 3, operator v3 shows its
candidate operators v7 and v8. Step 4 presents the candidate
operators v9, v10, and v11 for operator v4, similarly. Finally,
in step 5, starting from operator v1, different paths are chosen
based on probabilities and rewards to determine the operator
to be executed. For example, from v1 to v5, the path reward
can be calculated as R1−5 = r2 + γr5.

In the process of optimizing chiplet selection and layout,
we fully consider factors such as performance, area, and power
consumption. We can customize the weights of these factors
based on the specific application’s needs to create an overall
optimization goal, as expressed in Eq. (23). For instance, when
selecting chiplets, we consult a chip library containing key
parameters like size, power consumption, storage, and latency.
During layout and scheduling, these factors are integrated into
the iterative optimization process based on the reinforcement
learning model.

Total = αt × Throughput + βl × Latency + γp × Power, (23)

where αt, βl, and γp denote the weighting parameters for
throughput, latency, and power, respectively. These param-
eters are tunable based on specific application requirements
(e.g., prioritizing high throughput).

5 Application examples and experiment

5.1 Experimental setup

The WSC architecture-automated design framework is
implemented in Python and integrates the PyTorch-based RL
module. The framework consists of an analysis input module,
a layout module, an operator clustering module, and a rein-
forcement learning-driven iterative module. The chip operator
library provides support for CPU, digital signal processing
(DSP), field programmable gate array (FPGA), SRAM, and

DRAM, whose physical parameters and capacity constraints
are strictly defined following inequalities (3)–(5). During train-
ing iterations, heterogeneous task streams (bandwidth: 1–
64 Gb/s, covering PCIe/UCIe protocols) are dynamically gen-
erated, with core physical information summarized in Table 3.

Table 3 Chip library examples

Type Size (mm2) Power (mW) Data Latency (ms)

DSP 9.8× 10.7 5 14M 10

CPU 24.5× 20.1 30 64M 10

DDR 8.75× 8.75 1000M

Switch 1.0× 1.0 0.8 200

It should be noted that existing WSC design solutions—
such as Tesla’s DOJO—achieve extreme TB/PB-level band-
width through domain-specific customization. Such designs
deeply bind specific chip architectures, protocols, software
stacks, and task types, sacrificing flexibility and scalability
despite meeting the needs of exclusive scenarios. In contrast,
the 64 GB/s bandwidth constraint in our experiments only
reflects the current limitations of general-purpose commer-
cial chiplets, not the technical upper bound of the SDSoW
framework. By avoiding reliance on domain-specific chiplet
customization or exclusive interconnection protocols, SDSoW
natively supports both general-purpose commercial and ded-
icated high-bandwidth chiplets; this design enables flexible
multi-scenario adaptation and rapid verification, which aligns
with the heterogeneous task settings of our experiments.

5.2 Task description

MD5 is a widely used password hash function. MD5
accepts a 64-byte multiple of the integer as input (with the
possibility of a smaller integer), and the output is a 16-byte
hash value. This is employed to ensure that the information



12 | ENGINEERING Inform Technol Electron Eng 2026 27(4):250008

transmission is complete and consistent. MD5 can thus be re-
garded as an operator, the graph of which is shown in Fig. 9a.
The external input, which is the key to be cracked, is rep-
resented by 0xAECF, while the plaintext spaces are repre-
sented by 0x00000000–0xFFFFFFFF; the relevant task data
are shown in Table 4.

In the domain of signal processing tasks, taking the radar
signal processing flow as an example, as shown in Fig. 9b, the
amount of data in a single task is 1× 715× 93× 16 bytes, and
there are 20 groups of data that can be executed in parallel.
After executing the 20 groups of data, they are merged into a
20×715×93-dimensional matrix to input the STAP task, and
finally, CFAR target detection is performed. The relevant task
data are shown in Table 4.

The comparison scheme incorporates both the architec-
ture (Li FP et al., 2022) of fixed DDR external memory and
the mesh interconnection architecture without external mem-
ory. In the verification stage, the closed-loop feedback mech-
anism is used to transmit the timing violation and thermal
distribution results back to the layout network (as shown in
Fig. 5) to facilitate the parameter iteration.

5.3 Layout comparison

5.3.1 MD5 procedure

In the MD5 task, the layout with external memory can
place four components, each equipped with four processing
elements, within the effective area of an eight-inch wafer (as
shown in Fig. 10a). In contrast, the optimized architecture,

which eliminates DDR at the layout stage, can place nine com-
ponents, each with nine processing elements, on the same wafer
size (see Fig. 10b). This significantly improves the component
density and processing capacity within the same footprint.

5.3.2 Signal processing procedure

Under the signal processing task, each processing element
in the layout with external memory must be equipped with
DDR, as each processing element must perform the entire task
and handle significant data interaction. In such a layout, 18
components, each with four execution units, can be placed
within the effective area of an eight-inch wafer (as shown in
Fig. 10c). Fig. 10d shows the optimized layout results achieved
by our proposed WSC framework. By removing DDR from
the layout stage, the new architecture can accommodate 30
components, each consisting of 4 processing elements, within
the same wafer area. This optimization significantly enhances
the component density without compromising functionality.

5.4 Latency and throughput comparison

5.4.1 MD5 procedure

The performance of the architecture under consideration
is compared to that of a layout with external memory in terms
of throughput and latency. The wafer layout results are shown
in Fig. 10. The optimized architecture significantly reduces
the area of each core group, which allows a larger number of
core groups to be placed on a wafer, thus reducing computa-
tional latency. From a throughput perspective, the optimized

(a) (b) 

Fig. 9 An example of a decryption and encryption task (a) and a signal processing task (b)

Table 4 Resource and computational requirements of the task

Task Procedure Processor Memory Communication Computation

MD5 MD5
CPU 2000 8000
DSP 32 000 12 000

CGRA 128 000 2000

Signal processing

Reading data

DSP

30M 0.5M× 20 100
Main clutter frequency shift 30M 0.5M× 20 100

MTI 30M 0.5M× 20 100
Pulse compression 30M 0.5M× 20 100
Pulse integration 45M 0.5× 20× 1.4 700

STAP 45M 0.5× 20× 1.4 1000
CFAR 45M 0.5× 20× 1.4 100
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layout employs an unbound storage structure that allows more
resources to be allocated, significantly increasing processing
speed. In the layout with external memory, where each DSP
performs the entire task individually, the throughput of the
system is calculated as Eqs. (12) and (13). The computational
latency and the system throughput are shown in Fig. 11a and
Fig. 11c, respectively. The experimental results show that the
throughput is improved by a factor of 22 compared to the
layout with external memory.

5.4.2 Signal processing procedure

As shown in Figs. 11b and 11d, increasing bandwidth re-
duces latency in both architectures, but the improvement sat-

urates beyond 4 GB/s for the external-memory (traditional)
design. The proposed buffer-less architecture achieves an
11× throughput gain by exploiting data-level parallelism and
eliminating off-chip DRAM. However, when the bandwidth
falls below 8 GB/s, the traditional layout temporarily outper-
forms the proposed architecture, as its task-level parallelism
achieves higher resource utilization under severe bandwidth
constraints. This crossover highlights the critical need for
hardware–software co-design.

As illustrated in Fig. 12, a signal processing task is as-
signed to a component including four processors: A,B,C, and
D. Each element conducts five rounds of single-channel sig-
nal processing, with final results aggregated at processor D.
In the timeline, gray areas indicate inter-core communication

(a) (c) (d) (b) 

Fig. 10 Comparison of wafer layout for the MD5 task (a and b) and the signal processing task (c and d): (a) attached
storage (MD5); (b) optimized layout (MD5); (c) attached storage (signal processing); (d) optimized layout (signal
processing)
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Fig. 11 Latency and throughput comparison of different design methods across MD5 procedure and signal processing
procedure: (a) latency (MD5 procedure); (b) latency (signal processing procedure); (c) throughput (MD5 procedure);
(d) throughput (signal processing procedure)
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5 iterations
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Fig. 12 Pipelined execution of the signal processing
procedure

latency, and colored segments show operation execution on
processors. The horizontal axis measures latency, showing the
task pipeline’s temporal progression. Each processor operates
in iterative cycles with a set number of processing cycles per
iteration. Dotted lines mark pipeline stages, showing data flow-
ing from one processor to the next. This visualization offers
insights into the signal processing task pipeline’s parallelism
and latency. It clarifies how each processor performs its op-
erations in a pipelined way, and results are aggregated at D,
while clearly showing inter-core communication latency.

5.5 Analysis of different optimization methods

We conducted experiments to validate the superiority of
our RL-based method. Detailed experimental settings are as
follows: the simulated annealing (SA) algorithm and enumer-
ation (Enum) method were selected as baselines. MD5 was
adopted as the test task, with constraints derived from an
eight-inch wafer, and the number of tasks was set to 10, 15,
20, 25, 30, and 50. Performance was evaluated from two key
perspectives: the throughput of scheduling schemes generated
within a specified time and the search time under predefined
constraints.

As shown in Fig. 13a, the experimental results demon-
strate that our proposed method reduces the search time by
an average factor of 12 compared with Enum and by 44%
compared with SA. Fig. 13b further validates its superiority
in throughput under time-constrained scheduling: compared
with Enum and SA, the proposed method achieves notable
throughput improvements, delivering a consistent performance
across multi-task scenarios. These results confirm significant
performance gains in both search efficiency and scheduling
throughput.

6 Conclusions

The development of WSC design holds significant promise
for the future. Our proposed hardware–software co-design
methodology offers a comprehensive solution to address the
complexities and high-performance requirements in modern
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Fig. 13 Overall performance comparison of different opti-
mization methods in multi-task scenarios: (a) search time
comparison results in multi-task scenarios; (b) throughput
comparison results in multi-task scenarios

microelectronics. We have systematically explored the WSC
development process, focusing on optimizing the architecture
space for hardware–software co-design. Despite challenges such
as limited tools and core libraries in WSC design, we have
made great progress by building a comprehensive core library
and refining the design flow, which has greatly boosted the
design efficiency.

Moving forward, we plan to expand our exploration into
diverse application fields, such as large-scale AI training, au-
tonomous driving, and scientific computing to verify the frame-
work’s adaptability. We will conduct in-depth evaluations of
multi-task execution on a single fixed layout, validating its
cross-task generality to address layout rationality and cost
concerns. Additionally, we will integrate thermal and power
management into optimization goals, supplement system-level
power analysis, and perform quantitative evaluation of yield
and stress factors for more reliable designs. Furthermore, we
will enhance support for heterogeneous components and final-
ize the open-source toolchain with detailed tutorials to en-
sure reproducibility, boosting the framework’s flexibility and
practicality.
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