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Abstract: Traditional verification techniques for Application-Specific Integrated Circuits 
undergo rising challenges since integrated circuits continually become more complex. This 
paper reveals how machine learning techniques should be integrated within ASIC design 
verification systems. Engineers can optimize the identification of design flaws while speeding 
up simulations and shortening their new product development timelines by implementing ML 
algorithms. An abstract explains the vital importance of adopting ML methodologies for ASIC 
verification, which brings transformative changes through automated assessment and analytic 
intelligence. 
 
Through machine learning adoption engineers transform their ASIC verification approach to 
deliver new methods in the design process. The traditional verification method relies heavily 
on long, costly simulations and extensive testing procedures. The application of ML 
procedures which focus on pattern recognition and anomaly detection methods produces 
substantial operational speedup for this workflow. These techniques learn from historical data 
from previous designs to forecast potential problems in new designs and promote better 
reliability through reduced errors. The document explores different ML models for ASIC 
verification and assesses their performance in lowering verification complexity. 
 
Implementing machine learning technology improves verification practices and creates more 
productive relationships between design experts and verification specialists. ML tools will 
deliver better insights when they evolve to higher sophistication, enabling engineers to make 
effective decisions. The success of ASIC verification requires combining team members 
because fast innovation demands collaborative work. Specific sections explain the use of ML 
techniques in ASIC verification activities, present case-based evidence, and potential 
implications for semiconductor markets of merged technologies. 
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recognition, anomaly detection, simulation, automation, efficiency, reliability, design flaws, 
data-driven, predictive modeling, neural networks, support vector machines, test coverage, 
error detection, model training, validation, performance optimization, time-to-market, 
semiconductor industry, design verification environment, workflow integration, deep learning, 
feature extraction, design automation, iterative testing, quality assurance, engineering 
collaboration, verification tools 

 
1. INTRODUCTION 

 

The Need for Advanced Verification Techniques 
The semiconductor industry now confronts 
unprecedented obstacles because integrated circuits 
(ICs) have become more complicated at an 
unprecedented rate. The increasing need for 
powerful electronic devices leads to challenging 
circumstances in both design and verification 

processes of these circuits. ASICs are essential for 
specific applications because they are vital in 
consumer electronics, telecommunications, and 
automotive industries. ASIC design verification 
methods struggle to address the escalating complex 
designs and shortened product release requirements 
because of their diminishing effectiveness. 
Research and development about machine learning 
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(ML) techniques has become integral to 
verification processes. 
 
Machine Learning: A Transformative Force 
Computers receive the capability to predict from 
data through algorithms developed in the field of 
artificial intelligence, which falls under its machine 
learning subset. Modifications in Machine Learning 
technology demonstrate effective changes in 
financial, healthcare, and autonomous systems. ML 
techniques in ASIC design verification lead to 
significant performance gains because they perform 
automatic routine work and reveal information 
beyond human capabilities. As Asad et al. (2021) 
reported, implementing ML into design verification 
shortens verification time by 50%, shortening 
product development cycles. 
 
Challenges of Traditional Verification Methods 
The established process for ASIC verification 
depends mainly on simulation and formal 
verification techniques. The testing process in 
simulation determines design performance across 
different conditions for correct operation, but 
formal verification uses mathematical models to 
prove the compliance with specifications. The 
effectiveness of these verification approaches 
depends on extensive resources and significant time 
requirements. The increasing complexity of designs 
leads to a massive expansion of the states that 
verification needs to analyze, which becomes 
unachievable through exhaustive methods. Because 
of these limitations, researchers and engineers 
investigate how ML methods can collaborate with 
existing traditional verification approaches. 
 
Enhancing Test Generation with Machine 
Learning 
The most promising ML application for ASIC 
verification occurs through test generation 
enhancements. Testing requires creating test stimuli 
which verify design functionality. Test generation 
techniques face limitations due to the large number 
of possible inputs, which generates an explosion 
effect. Training machine learning models through 
past test data enables them to create better test 
cases that concentrate on parts of the design that 
tend to contain errors. Tests developed through an 
ML-based test generation system achieved 30% 
better fault coverage than standard test generation 
processes according to Wang et al. (2022). 
 
Anomaly Detection: A New Approach to 
Reliability 
ML offers substantial benefits to anomaly detection 
systems that perform verification tasks. The 
process of anomaly detection identifies abnormal 
design activities within simulation execution. The 
detection capabilities of traditional systems can be 
insufficient to identify minor issues that could 

eventually generate final product failures. The 
ability of ML algorithms to detect simulation 
anomalies exists because they receive training from 
observing simulation patterns, which defines their 
boundaries for expected results. Design reliability 
improves through these capabilities, which shortens 
the verification process by reducing necessary 
iteration numbers for issue detection. 
 
Machine Learning tools allow organizations to 
establish collaborative environments. 
Machine learning tools drive changes in 
collaboration among ASIC designers and verifiers 
because of their combined use. Enhanced tool 
sophistication allows engineers to synchronize their 
work more efficiently, which creates an 
opportunity for complete design verification 
analysis. The verification process benefits from 
ML-driven dashboards because they present 
instantaneous checking data, allowing teams to 
direct resources efficiently. The development 
industry demands this team-based approach as 
speedy innovation leads organizations to 
competitive advantages in the current market. 
 
Overcoming Challenges in Machine Learning 
Adoption 
Various implementation challenges exist when 
integrating ML technology with ASIC design 
verification operations. The main impediment in 
ML adoption stems from the requirement of top-
notch training data. ML algorithms need extensive 
training databases, which prove difficult to acquire 
when designing ASIC systems. Toxic overfitting 
occurs whenever the training process creates a 
model that adapts excessively to its input but fails 
to process new design data correctly. Research 
teams utilize transfer learning methods to allow 
trained models from one design set to become 
adaptable for another purpose, thereby minimizing 
the requirement of extensive training datasets. 
 
Cultural Shifts: Embracing New Methodologies 
Furthermore, adopting ML techniques in ASIC 
verification necessitates a cultural shift within 
organizations. Engineers must accept new tools and 
methodologies while training to evaluate and adjust 
their current operational methods. The transition 
toward new methodologies attracts significant 
opposition from industrial sectors having 
longstanding established procedural systems. 
Organizations will start recognizing the necessity 
for adjustment in their operations due to the 
increasingly apparent benefits of ML in staying 
competitive. 
 
Conclusion: The Future of ASIC Design 
Verification 
Computer chip development verification is set to 
experience a fundamental shift through AI 
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implementation as an innovative solution for the 
semiconductor market. Engineers who integrate 
ML techniques into traditional verification 
approaches gain enhanced process efficiency, better 
accuracy levels, and improved collaboration 
between team members. ASIC's success depends 

on accepting these innovative technologies because 
complex designs and instant market needs present 
continuous challenges to the industry. 
 
Designing With ASICs for Machine Learning

 
 

 
 
 

2. LITERATURE REVIEW 
 
Machine learning (ML) has revolutionized ASIC 
design verification, which has become more 
challenging in recent years due to rising design 
complexity and declining effectiveness of 
conventional verification approaches. A review of 
the latest advancements analyzes essential findings 
and research work from 2020 through 2022 to show 
how ML approaches work for ASIC verification. 
 
Traditional Verification Challenges 
The fundamental process of ASIC design 
verification depends on simulation and formal 
verification, alongside their traditional format. The 
combination of simulation testing by designers 
under different conditions matches formal 
verification's ability to prove correct design 
operations mathematically. Khatri et al. (2022) 
establish that rising circuit complexity creates an 
unrealizable scenario for exhaustive simulation due 
to the explosion of states during verification. 
Design complexity growth causes verification time 
to surge exponentially, lengthening product 
development processes and reducing market 
readiness periods. 
 
Machine Learning in Test Generation 
ML has established itself as a key solution for 
ASIC verification through test generation 
applications. Test generation techniques from 
traditional methods fail to provide complete fault 
protection according to Wang et al. (2022). Their 

operating procedures depend on heuristic rules, 
which have shown the ability to disregard possible 
design vulnerabilities. ML approaches use 
previously recorded test data to establish patterns 
that lead to more effective test case generation. 
Applying neural networks on past test cases led Xu 
et al. (2021) to develop new test inputs that 
surpassed traditional approaches by 30% in fault 
coverage scope. 
 
Anomaly Detection and Pattern Recognition 
The application of ML techniques has 
revolutionized anomaly detection. Deep learning-
based and advanced ML algorithms demonstrate 
the ability to discover intricate patterns in 
simulation data to detect abnormal actions against 
planned operations. 
 
A CNN under research by Asad et al. (2021) 
analyzed simulation waveforms to detect problems 
that standard inspection techniques overlooked. 
The model was trained using waveform data with 
labels, which allowed it to master both standard 
operations and defective operations. An anomaly 
detection system based on ML technology 
decreased the time required for engineers to locate 
and address design problems. 
 
Addressing Data Quality and Overfitting 
ASIC verification applications of ML encounter 
two main obstacles: inadequate data quality and a 
model tendency to overfit. The achievement of 
machine learning models depends heavily on 
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superior-quality training data, yet collecting 
sufficient data proves complicated in the ASIC 
design context. Chen et al. (2022) and other 
researchers currently stress the necessity of creating 
diverse design scenario datasets to achieve proper 
generalization for new designs. 
 
A model training challenge is overfitting as it leads 
to perfect results on training data yet poor 
performance on new data. The proposed techniques 
for risk mitigation include cross-validation 
combined with regularization methods. Transfer 
learning has successfully developed since models 
trained for one design set can now be adapted to 
work with different designs. The training process 
becomes more practical because this method 
enables substantial data reduction, thus making it 
possible to implement ML techniques. 
 
Future Directions and Research Opportunities 
Implementing machine learning methods for ASIC 
design verification faces several research 
opportunities while remaining at an initial 
development level. Research focuses on 
unsupervised learning techniques as an attractive 
solution to explore. Unsupervised learning detects 
patterns and anomalies in unlabeled datasets 
through its pattern recognition process. The system 
presents advantages specifically for ASIC 
verification because obtaining labeled data proves 
difficult in this context. 
 
Hybrid verification systems that combine 
traditional verification tools with ML approaches 
should improve verification durability. Combining 
ML technology with existing frameworks enables 
engineers to utilize their best features to create 
more effective and efficient verification 
procedures. 
 
Adopting ML technology in ASIC design and 
verification requires properly implementing 
cultural changes. Organizations should dedicate 
resources to supplying their workforce with 
training and skill advancement programs to enable 
engineers to apply these new tools effectively. 
Industrial competitiveness relies on creating an 
innovative and forward-thinking work environment 
that embraces novel methodologies because the 
semiconductor sector will continually evolve. 
 
Studies of machine learning applications in ASIC 
verification demonstrate substantial progress. 
These techniques help tackle complex verification 
problems that stem from circuit complexity 
increases. The verification process can experience 
major transformations using ML techniques 
because these techniques improve test generation, 
anomaly detection, and build team collaboration. 
The full potential of ML will become achievable 

when organizations solve the current issues 
regarding data quality and overfitting. The future 
direction of semiconductor development and design 
will be significantly influenced by the central role 
that ML integration plays in ASIC verification 
research. 
 

3. MATERIALS AND METHODS 
The application of machine learning techniques 
during application-specific integrated circuit 
(ASIC) design verification has grown due to the 
escalating design complexity of modern designs 
and the challenges of traditional verification 
approaches. This chapter describes the materials 
and methods to incorporate ML within the ASIC 
verification flow, focusing on data collection, ML 
model choice, training, and evaluation. 
 
Materials 
Hardware Resources 
The experimental setup leverages high-
performance computing (HPC) resources, mainly 
GPU, TPU, etc. These resources are critical for 
speeding up the training and running of the ML 
models and processing large data sets efficiently. 
The hardware setup includes: 
Workstations:dedicated High-spec computer 
systems with multiple video cards (e.g. NVIDIA 
RTX 3090) that can execute parallel processing of 
specific applications while models are being 
trained. 
Cloud Computing: Access to Cloud-based Cloud 
Platforms (e.g. Google Cloud, AWS) for Scadians' 
Computer Resources (Hungry Extensie dela 
Models Training). 
 
Software Tools 
Multiple software tools and packages are used in 
the process of ASIC tuningverification: 
Design and Simulation Tools:Cadence Virtuoso, 
Synopsys Design Compiler, and ModelSim are 
ASIC design and simulation tools. These tools 
produce simulated data needed for training models 
using ML. 
Machine Learning Platforms: ML frameworks 
such as TensorFlow and PyTorch produce and train 
different ML models. These frameworks offer 
adaptability for both supervised and unsupervised 
learning methodologies. 
 
Data Collection 
Historical Design Data 
Histórico ASIC designs, simulation sched de teste 
and verification logs are collected. The dataset 
includes: 

 Gud Designs: Designs which have General 
Design check with the least of issues, 

 Faulty Designs: Designs with a defective 
Design Test Phase to get insight into frequent 
failure causes. 
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Test Cases 
Currently, existing test cases derived from 
conventional verification techniques are 
accumulated. This includes: 

 Valid Test Data: Data that correctly tests the 
design. 

 Error Test Inputs: Inputs that are supposed 
to reveal faults and weaknesses within the 
design. 

 
Simulation Waveforms 
For anomaly detection, the post-verification 
waveforms generated are collated. These 
waveforms represent the output behavior of designs 
when various inputs are used.  
 
Data Preprocessing 
Data preprocessing is essential for the quality and 
uniformity of the dataset. The preprocessing steps 
include: 

 Data Cleaning: Remove duplicates and 
irrelevant entries from the dataset. 

 Normalization: Bringing the numerical 
values under a standardized range to enhance 
the model training. 

 Encoding: Converting categorical variables 
into numerical formats suitable for ML 
algorithms. 

 
Machine Learning Model Selection 
The selection of ML models is paramount to the 
success of the verification procedure. Several 
models are discussed based upon particular 
application in ASIC verification: 
 
Supervised Learning 
For generation of test and fault classification, some 
supervised learning models are: 

 Decision Trees 
 Random Forests 
 Support Vector Machines (SVM) 
 Neural Networks (Multi-Layer Perceptrons) 

 
These models are trained on labeled information 
techniques and enumerated outcomes. 
 
Deep Learning 
Deep learning models, such as CNN and RNN, are 
used for high-level tasks such as anomaly 
detection. These models are excellent at learning 
complicated patterns from vast datasets. 
 
Reinforcement Learning 
Reinforcement learning algorithms, such as test 
suite testing, are used in iterative improvement 
situations. Hem frequency analgesic can taper 
incorporated over a few days. 
 
 
 

Model Training and Validation 
Training 
The selected ML models are trained with the pre-
processed data. The training process involves: 

 Input Data Feeding: Feeding the model with 
training data containing features and labels. 

 Hyper Parameter Optimization: Change the 
model's parameters to minimize error 
prediction using methods such as gradient 
descent. 

 
Cross-Validation 
Cross-validation using k-fold is used to ensure the 
stability of the models. This procedure splits the 
data into k groups, then models are trained k times, 
each time with each group left out to test. This 
procedure offers a good way to obtain a reliable 
performance estimate of your model. 
 
Hyperparameter Tuning 
Hyperparameters controlling the model's learning 
process are tuned using grid or random search 
methods. The algorithm searches for the best 
combination of hyperparameters, giving the top 
model accuracy. 
 
Evaluation Metrics 
For the evaluation of the ML models, several 
evaluation metrics are used depending upon the 
particular application: 

 Accuracy is the number of instances 
correctly anticipated relative to the overall 
cases the classification jobs mainly utilize. 

 Precision and Recall: Relevant when false 
positives and false negatives have various 
consequences, particularly in fault detection. 

 F1 Score: The average area of precision and 
recall offers a single measure of the model's 
performance, especially in the case of 
unbalanced datasets. 

 
The materials and methods integrate machine 
learning in ASIC design verification. They are a 
comprehensive approach to capturing data, 
selecting a fitting model, training, and evaluating. 
Applying the most recent ML technologies can 
significantly enhance the ASIC verification 
process, increasing efficiency and accuracy in 
checking potential design mistakes. These 
techniques are essential for dealing with the 
challenges caused by advanced semiconductor 
design difficulties. 
 

4. DISCUSSION 
 
Including machine learning (ML) within 
Application Specific Integrated Circuit (ASIC) – 
for design verification represents a significant 
change in design verification techniques. With 
increasing complexity in ASIC design, 
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conventional verification methods have limitations, 
leading to research and exploration of ML as a 
possible solution. This paper discusses the impacts, 
advantages, esteem, and future bearings of utilizing 
the ML in ASIC outline verification. 
 
Implications of Machine Learning in ASIC 
Verification 
The use of ML in AISC verification is deeply 
significant to both design and verification 
processes. One of the most important advantages is 
the possibility of higher efficiency. Near GDPR 
deadline, ML systems can process a huge data 
stream from the verification process, finding 
patterns, deviations, which can be outside of event 
ranges, as easily overlooked methods. For example, 
with the help of a supervised learning technique, 
models can forecast future design failures 
depending on the existing one. The engineer could 
be directed to parts of the approaching probability 
of issues. This predictive power is faster than the 
conventional verification process and helps 
improve the design quality. 
 
Furthermore, ML can enable automatic test 
generation, significantly reducing the manual effort 
to create the test cases. Classic methods usually 
need to rely on a lot of human input to make sure 
that all possible situations are timely. Unlike this, 
ML algorithms may learn from existing test cases, 
create new ones to improve test coverage, and 
shrink the time to market for new products.  
 
Benefits of Machine Learning Approaches 
Using ML in ASIC verification also has several 
benefits from the point of view of flexibility and 
scalability. As specifications become more 
advanced and technologies advance, the data may 
be retrained in ML models for fresh data, and thus 
will remain current with requirements 
transformations. The ability to do things this way is 
more important than ever in the rapidly changing 
semiconductor business environment. 
 
Another advantage is handling today's increasingly 
complex designs with ML techniques. With current 
methods, as the design complexity increases, so 
does the verification effort; it increases 
exponentially. By pattern recognition of 
complexities that traditional models and statistical 
analysis find challenging, ML models, intensive 
learning approaches, can handle this. This 
scalability also means that the verification 
processes stay practical as design challenges get 
more prominent. 
 
Challenges in Implementation 
Although ML in ASIC verification offers many 
benefits, several challenges must be handled. One 
of the biggest challenges is a lack of good and 

substantial data for training ML models. Data of 
poor and biased nature can produce bad model 
performance and wrong predictions. This ensures 
that a thorough evaluation of data is vital. 
 
Another problem is the interpretability of ML 
models. Most ML techniques, most deep learners, 
create black boxes. Absolutely Engineers don't 
Know How Decisions Are Made. This lack of 
transparency can reduce confidence in the type of 
the model's predictions, especially in safety-
sensitive purposes. Creating methods for obtaining 
greater model interpretability and explain ability is 
crucial for broad acceptance. 
 
In addition, there is a need for a culture change 
across organizations that discuss established 
authentication practices. Gaining from ML requires 
a shift from just technology changes to a change in 
mindset. Engineers must learn to use ML tools and 
comprehend their effects on design verification 
procedures. This training is necessary for achieving 
the full potential of ML integration. 
 
Future Directions 
The future of ML in ASIC Design Verification is 
promising. Further advancements in ML algorithms 
and hardware computing will promote the 
execution of these methods. Researchers are 
studying hybrid models that combine classical 
verification methods with ML methods to exploit 
the best of both. Such hybrids might point to a 
powerful way to handle difficult verification 
questions. 
 
Also, standardized benchmarks and metrics for 
measuring ML models in ASIC verification will be 
necessary. Creating shared evaluation standards 
will help allow evaluations based on common 
criteria and support the application of best 
practices. 
 
Cooperation between academia and industry will 
also be essential in advancing the applications of 
ML in ASIC verification. Researchers can learn 
about engineers' real challenges through 
partnerships and find more practical and effective 
ML solutions. 
 
The inclusion of Machine Learning into the realm 
of ASIC design verification provides a momentous 
chance to improve the efficiency, flexibility, and 
scalability. Although numerous obstacles remain, 
especially in terms of data quality and model 
interpretability, it is enough that the benefits are 
more significant than risks. As the semiconductor 
industry progresses and technology is cultivated, 
adopting ML in verification will be necessary to 
meet the needs of complex designs and the 
importance of high-quality results. The journey 



Nilesh Patel                                                                                                                                                                                                 ISSN(E) 2322-0821, ISSN(P) 2394-9910 

103 
International Research Journal of Engineering & Applied Sciences |irjeas.org                                                                          Vol.11 Issue4 | Oct-Dec 2023 | pp 97-104 

towards optimizing ML in ASIC verification has 
just begun, and its complete capabilities will be 
established through continued research and 
collaboration. 
 

5. CONCLUSION 
 

As the intricacy of Application-Specific ICs 
(ASICs) extends, the conventional methods used in 
design verification are becoming unyielding. 
Embedding machine learning (ML) techniques into 
the ASIC verification flow seems to be the route to 
efficient and effective verification. This conclusion 
integrates insights gained from this tour of ML in 
ASIC design verification of its significant impact, 
challenges to getting your arms around, and future 
research and practice directions. 
 
Transformative Potential of Machine Learning 
The most significant benefits of using ML in ASIC 
verification are its speed and accuracy in handling 
large amounts of data. Regular verification 
approaches have a problem keeping up with the 
incredibly developing complexity of patterns 
fundamentally, thus longer development times and 
cost increases. In contrast, ML algorithms can 
process the historical design records and their 
patterns and predict likely issues even before that. 
By automating bits and pieces of verification like 
test case generation and fault detection, it is better 
to let ML compile the verification process and free 
engineers to focus on those parts of design where 
human judgement counts. 
 
Anything you can improve with the Mantra Project, 
you can also do through Fitbits. When new design 
norms emerge, ML systems can be retrained from 
scratch on new data, so they stay up to date, and 
keep good performance. This flexibility is a must in 
an industry whose top new intelligence and 
software development challenges ever time - 
returns to the sector - yesterday's solutions no 
longer working for today's challenges. 
 
Addressing Challenges 
Nevertheless, despite ML's significant advantages 
in ASIC design verification, its assimilation is 
challenging. One of the main issues concerns the 
quality and representativeness of the training data. 
Poor data can result in biased loot models that 
become pitiful in real life. So companies have to do 
extensive data collection and invest in reasonable 
quality control procedures so that the data available 
to train is robust and representative of the design 
you are testing. 
 
In addition, the interpretability of ML is still an 
enormous challenge. Therefore, many more 
advanced ML methods, such as deep learning, 
operate in ways the engineers cannot fully 
comprehend. This opaqueness can correlate to trust 

huddles, primarily because understanding the 
thought process supporting decisions matters 
concerning safety-critical applications. Research in 
the future should center on creating more 
understandable models and methods that can 
understandably explain their predictions by 
increasing trust engineers and stakeholders have in 
those predictions. 
 
Future Directions 
There are also many areas for further exploration 
and development of ML in ASIC verification in the 
future. Developing standardised benchmarks and 
evaluation metrics will be crucial in assessing 
different ML methods. These standards will 
provide the industry with best practices and 
motivate thebroad adoption of effective ML 
solutions. 
 
Industry-academia collaboration is also expected to 
play an essential role in developing ML 
applications in verification. As projects seek 
theoretical and practical implementations, such 
collaborations could lead to better innovations for 
addressing engineering challenges in practice. 
 
Moreover, the integration of these hybrid 
approaches, where traditional verification 
techniques are combined with techniques emergent 
from ML, exists in the agenda. These crossbreed 
systems could capitalize on the advantages of both 
methods, resulting in a more extensive and efficient 
verification procedure. 
 
In summary, machine learning holds a promising 
potential for improving the ASIC design 
verification processes. By automating repetitive 
tasks, increasing productivity, and coping with 
emerging issues, ML can make a sizable 
contribution to creating high-quality ASIC designs. 
However, achieving the full benefits of ML in this 
domain requires dealing with several challenges 
related to data quality, model interpretability, and 
cultural change in verification practices. As the 
semiconductor industry proceeds on its changing 
trajectory to adopt Machine Learning (ML), it will 
be crucial to sustaining high design complexity to 
stay ahead in the evolving landscape. The journey 
toward the complete migration of ML into ASIC 
verification is not ending, and prolonged research, 
partnership, and changes are required to progress in 
this critical field. 
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