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Al Landscape and Terminology

Artificial Intelligence

Machine Learning

Autoenc

Transfor Chat oders
mers GPT

GANs
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Machine Learning - Basics

Supervised
o Classification

SVM
Perceptron
Random-forest
Decision Tree
ANN

Deep learning
LSTM
Transformers

Labelled Data

Labels

Model
Training

CCCCCCCCCCCCC

— Class1
Predict
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Machine Learning - Basics

. Supervised \ :
Classification
Regression

. Unsupervised
Clustering -

CCCCCCCCCCCCC

Chustesr 1 »
Chusher 2

Chusier

Summary:

- Given training data, ML algorithms can predict class of
unknown data

- Can model complex data behaviour
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Use of Al in Semiconductor design
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Semiconductor Design Process ORBI
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Generative Al Use Cases in Semiconductor Design & Verification

Front-end Design and Verification

b
£
Design Capture Simulation RTL Synthesis Floorplanning LVS/DRC/ERC Power
* Design Modeling * Functional DFT Insertion Placement Extraction Thermal
* Formal Routing Timing Signal Integrity
*  Gate-level IP/library char
*  Mixed-signal

Testbench Generation Conversational Interaction for EDA
EDA Code Generation (RTL) EDA Automation Code Generation
(Python/Perl/Tcl)

Bug Summarization

Backend EDA Assistants

Bug Summarization
Frontend EDA Assistants

[GafAlUSEEases  Workloads

D 2D B 150 =5 =5 2 2D
Verification

Production and Test

Chip Tests
» l.'.‘.IF’E..f Metrology * Wafer Tests
*  Yield Analysis *  Failure Analysis
* Sort *  Field Tests

*  Assembly

* Packaging Design
* Test Diagnostics
* Qperating Procedure Assist

Image source: AWS Blogs



Design of Processor core
Branch prediction
Custom instructions
Instruction scheduling

Design of memory sub-system
Prefetch

Cache: replacement policy, cache
partitioning

Cache: Set utilization
Non-volatile memory

Multi-processors
Different workloads

ML in Computer System Design
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Prefetching

Question: Which address to prefetch, when to
prefetch (spatio-temporal locality)

Conventional methods: Calculating strides
distances

ML methods:

. As classification problem or regression problem
. LSTM: Long warmup and prediction latency
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Reinforcement Learning in Prefetching

. Adaptive and online learning

™| Prefetcher ]

Rewards:
Features of memory T Accurate and
Prefetch from address timel
request to address A Reward A+offset (0) y
(e.g., PC) | - Accurate but late
| - Loss of coverage

| Processor & “Inaccurate
| Memory Subsystem ) No-prefetch

Bera, Rahul, et al. "Pythia: A customizable hardware prefetching framework using online
reinforcement learning." MICRO-54, 2021.
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Chip Design and its Impact on Al
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® |s machine learning a recent phenomenon?

Samuel AL. Some studies in machine learning using the game of
checkers. IBM Journal of research and development. 1959
Jul;3(3):210-29.

® \Why so popular now?
O Abundance of labelled data
O Abundance of compute and storage power



Evolution of Deep Neural Network ORBI

Error rates in ImageNet Challenge over years

18

16 8 Layers
144
124
Tops 10- 19 Layers
Error 8 22, Layers
Rate 6
4 -
; .
0 - : :
2012 2014 2015 2015
AlexNet VG GoogleNe ResNe

In 2017 ImageNet chalfénge 29 olit of 38 teams'had less

than =94 error



DNN Architectures ORBI

Inception-v4
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Canziani A, Paszke A, Culurciello E. An analysis of deep neural network models for
practical applications. arXiv preprint arXiv:1605.07678. 2016 May 24.



Understanding Computation
Requirements of DNN

e Assume computation requirement: 10 Gig operation
e One operation takes 10 compute cycles

e CPU speed 2.5 GHz

e Time for one inference:
o 1T0x102x10/(2.5x 10° ) =40 seconds

Required time per inference : << 40 msec

Trivia:

ChatGPT has 175 B parameters
Took 34 days to train

On 1024 A100 GPUs
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Internals of DNN Architecture: SIOTTINE

. ORBIT
Convolution Layer =
]
]
Input feature Kerne Output featureOutput feature
map: ]  Kernel map: map:
NxLxW Nx KK LxW’ 5302 MxLxW

K  MxNxKxK



Observations

e Lot of inherent parallelism
o Each pixel in output feature map can be computed in parallel
o Each feature map can be computed in parallel
o Each dimension of 3D convolution can be computed in parallel
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How GPUs could help?

e Whatis GPU?

e How does GPU works/How it is faster?
o ldentify work to be done by each pixel (called a thread)
o Thousands of small cores - each work on a pixel

e Synchronization and thread management issues?
o All threads are same?
o Single procedure multiple data (SPMD)



® SPMD: Single procedure/program multiple data

® Each processing element execute one thread, works on different
data depending on thread id.

® Each PE will have their own control flow
O May finish in different time
O What get executed where - invisible to programmer
O Many similar Pes

® Simplified processor/control design

CCCCCCCCCCCCC



SPMD Example

Sequential program
Void matrix add(....) {
For(i=0; i < N, i++)
For(j=0; j < N, j++)
index = 1 * N + j;
C[index] = A[index] + B[index];

}
Main() A

matrix_add(A, B, C, N);
}

CCCCCCCCCCCCC

« SPMD

//tid is calculated based on thread ID
Void matrix add(...) {

//Int tid;

If(tid < N*N)

C[tid] = A[tid] + B[tid]

}

Main() A

matrix_add<<<thread size>>>(A, B, C,
N)



How GPU architecture helps in machine
learning?

e Machine learning frameworks targets GPUs
o Keras, PyTorch, TensorFlow

e Library provided by GPU vendors

o Writing efficient GPU programs is difficult
o CuDNN by nVIDIA for efficient implementation of DNN kernels

e Cloud computation and cloud storage

CCCCCCCCCCCCC



Possible alternatives to GPU

e Hardware accelerators

e Application specific processors
o NPU/TPU

e Embedded processors

CCCCCCCCCCCCC



Al and Embedded/edge computing
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Application running on laptop or mobile device

-Sends data to cloud
-Cloud do the inference
-Sends the results to application on the device

Challenges

-Real time response?
-Cloud cost?

CCCCCCCCCCCCC



Inference Power Cost at Cloud SORBIT

SEMICONDUCTOR

LLaMA TB/13B/65B - Inference Energy per Second
(Alpaca) LLaMA 658 - Inference Energy per Second
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Samsi, Siddharth, et al. "From words to watts: Benchmarking the energy costs of large language model inference." 2023 IEEE
High Performance Extreme Computing Conference (HPEC). |IEEE, 2023.



Opportunities:

-Multi core devices
-On chip GPU
-NPU accelerator

Example: HiSilicon Kirin 970 SoC

- ARM Cortex-A73 MPCore4 @up to2.36GHz, ARM Cortex-A53
MPCore4 @up to1.8GHz

ARM Mali-G72 MP12 GPU
6GB LPDDR4X 1866MHz

CCCCCCCCCCCCC



Opportunities in Embedded SoCs

® Using GPUs and NPUSs

® Exploiting full potential of multiple ARM cores
O Using threads

O Using SIMD floating point unit present in each core
O Use optimized code

® Use all 8 cores together

CCCCCCCCCCCCC



Potential of optimized ARM code
Using ARM Compute Library on HiKey 970 board

Resource utilized

Gaussian 5x5 filter (for
processing one image)

Canny edge algorithm (for
processing one image)

One A53 core 12.5 msec 77.2 msec
4 A53 cores 4 msec 29.1 msec
One A73 core 6.8 msec 48.37 msec
4 A73 cores 1.98 msec 15.5 msec

Using Cimg library on HiKey 970 board

Resource utilized

Blur (0-order Deriche filter)

Gaussian Blur

One A73

0.48 sec

1.51 sec




Summary

Computation
speed, storage,
Cloud

Al and
Semincoductor

Semiconductor
Technology

Al and ML
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