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Tensor Computation

fundamental to compute-intensive applications
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Wide Coverage
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Various Scenarios

from edge to cloud scenarios High Throughput

Cloud Computing

Edge Infrastructure

Edge compute
devices

Sensor Chips

Low power & latency



High Demand for Computing Power

tens to hundreds of 2D convolutions
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A Holistic Solution

tensor application

Workloads Conv #1 Conv#2 *** GEMM#1
~ Software Prog. Prog. o Prog.
Mapping Conv #1 Conv #2 GEMM #1

a large tensor => subtensors o
< &invoke the hardware execution flexibility

Hardware .‘:\‘:E) 1 efficienc
Acceleration @\L ./
N

massive parallelism & _ _
high energy efficiency A dedicated chip

A holistic
solution




The Chicken or the Egg?

memory hierarchy

loop order
Interconnection weaved
tile size
PE array together
fusion
intrinsic
build chips without ? generate programs for a
software evaluation never-before-built hardware



Hardware-software Co-design

Separated Design Flow Co-design Flow

HW design
o~ HW-SW partitioning
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« develop in parallel
« deeply coupled optimization
« early feedbacks

- a late system integration
« high modification costs
« poor solution qualities



Challenges in Co-design

o #1 How to partition
HW-SW partitioning hardware and software?

chips rapidly? HW SW HW part SW part

design HASCO design
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HW/SW Co-design for Tensor Computation

General Approach Tensor Computation
all tensor
applicationsw applications %
A unified intermediate IR: tensor syntax tree with
representation (IR) Z> loop and tensor information
ISW partitionj Specialization m
[ HW part J SW part [ HW part J [ SW part J
Code Code
l Synth Gen. Gen. Gen.
— arbitrary - - Spat|a| -
</> </>
CI hardware / ———+ Accelerator /
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Dedicated Chips and Hardware Intrinsic

hardware intrinsic: one or a set of specific functions supported by the chips

Matrix Multiply with
different sizes

NVIDIA GPU
Tensor Core

Huawei Kirin

}::) 2D convy,
NVDLA.org Pooling,
Activation ...
NVDLA

Emerging Applications
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HW-SW interface: Tensorize

def Conv_workload(A, B, C, ...): Tensor
for y in range(0, 56): .
Spatial Accelerator for rin range(0, 3): Computation

for s in range(0, 3):

for k1 in range(0, 64, 32):

Local MerQ. PE Array for x1 in range(0, 56, 32):

DRAM }H | | for c1 in range(0, 64, 8):
ScratChpa‘ﬁL HO HO Tensorized GEMM(A, B, C, ...)

‘ e R i e | HW-SW interface:
__bank i . :
[CaChe}‘ D =l e O P def Tensorized_ GEMM(A, B, C, ...): Tensorize

[
____________________ []
- Tensor sA, sB, sC
L] sA=A[c1.c1+8, x1+r:x1+r+32, y+s]
v

Ok
[

| v

L]
|

— O O
I

— sB = B[k1:k1+32, c1:c1+8, T, s] burst transfer
for k2 in range(0, 32, 16):
DMAC ‘| for x2 i!1 range(0, 32, 16): :| multi calls
. for c2 in range(0, 8):
" instru. decoder J M = sA[c2, X2:x2+16]
Controller N = sB[k2:k2+16, c2]
CPU L = GEMM _intrinsic(M, N, ...) Hardware Intrinsic:
sC[k2:k2+16, x2:x2+16] += L 16x16 GEMM
C[k1:k1+32, x1:x1+32, y] +=sC

ik R
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Core
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Tensorize Choices

divide & map a tensor computation onto an intrinsic

N

) |

=7

NT

MT

Tensor Computation:
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GEMV
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HW Design Space & SW Design Space

distinct metrics and costs

HW design space

= Scratchpad Size
= # Bank

= |Local Mem. Size

DRAM

—>‘ cache

L1$

Core

PE Array /Local Mem,
- — SH N Scratchpad
= PEArray Size | L 6ank|
= Dataflow ] SH SH —*an _______
[ [ [ _bank ;
| SH SH S Mhank )
S T |
= Bandwidth
= Burst Length | . DMAC
a g |_instru. decoder |
controller

Spatial Accelerator

CPU

« Multi-objective: performance,power, area

« High evaluation costs

SW design space

fff(?z\) for(A2)
or for(B)
reorder :
body; for(A1)
body;
for(A) " reordger y
for(B) INGfor(A1)
body; for(A2)
fobr (()Iz)y for(A1B)
- fuse for(A2)
body;

fuse \“for(AB)
body;

* Performance-driven
 Low evaluation costs
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HASCO: Towards Agile Co-design

application

constraints
|

v
design space
IR
Step 1: HW/SW Partitioning
matching
HW space SW space
primitives
Step 2: Solution Generation
DSE algos
a holist solution
Step 3: Solution Tuning
HASCO

metrics
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Partition Space

tensor syntax tree (TST)

IR for tensor computation

Clk,x,y] = leaf nodes subsets
YAle,x + 1,y + s|* Blk,c,1,5s] => the entire partition space
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Two-step Matching

sub-workload < = > hardware intrinsic

index matching structure matching

OEOOOG

different # nodes

© OO

not a one—.to—

one Mapping / Intrinsic TST
(2D Conv) YVOOG S (GEMM)

GXOXOXO)

unmatched internal nodes
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Design Space Exploration

jointly optimize software and hardware

.
n.‘
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Likelihood Data Prior
/X
Y > HW SW

Bayes' Theorem

+ Joint optimization

VAN

Posterior Distribution

Customize mappings for hardware

Use software latency as a metric :
architecture



HW DSE: Multi-objective Bayesian Optimization

A black-box optimization problem:

Throughput Workload

. HW
Power Metrics y = f(W; X)  params
Area X = argmax, EXf(W; X)

Pareto set to find the parameters x
of params that maximizes y

find good solutions in fewer iterations

Init. the surrogate model

observation

\\
~'\
-~
-----

b
-~
~
~~
““““

Observe new HW params and metrics,

and update the surrogate model
N new observation

Observe new HW params and metrics,

and update the surrogate model
Sso posterior mean posterior uncertainty

-
——
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SW Primitives and Optimization

SW DSE => determine primitive sequences and factors

for(B)

reorder ~ for(A)
body;

for(A)
for(B) lit for(A1)
body; >Pl . for(A2)
for(B)

body;
SW primitives fuse

\ for(AB)

body;

tensorize: uses loops to express a
tensorized sub-workload

SW optimization:
a sequence of SW primitives

y(oo)=Iy1(4), y2(14)],
x(50), r(2), s(v),
k(54)—=[k1(7), k2(52)]
c(54)—=[c1(7), c2(=7)]
x,y1,k1,c1,r,s,y2, k2, c2
(x, y1, k1, ¢c1) — outer

y2, k2, c2
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SW DSE: Reinforcement Learning
¥ N\

SW design | [ ) [ A software
-+  Explore & evaluate >
[ space L P ) | program
""" Identify valuable candidates Revise candidates -
simulated annealing Q-learning

—— Initial candidate e . a neural network
start 1 valuable [ revision choice #1 ]

Evaluate p by candidates [ revision choice #N ]

Its latency [ T
candidate % Q-values
end optimization

generate [ revise candidates }

= Q-learning(p)




HASCO In AHS: Install

Install with shell script

1 sh -c “$(wget https://pku-

ahs.github.io/tutorial/en/master/ downloads/9064601015f9cd5e747a64l1dbdacf3aa/1
nstall ahs.sh -0 -)”

2 source ~/.bashrc

Alternative: use Docker
1 docker pull ericlyun/ahsmicro:latest
2 docker run -it ericlyun/ahsmicro:latest /bin/bash

Visit our website: https://pku-ahs.github.io/tutorial/en/master/steps.html for details.
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HASCO In AHS: User Interface

Python Interface

1

2 dtype = “int8”

3 method = “Model”

4 constraints = {“latency”: 1000, “power”:20, “area”: 100}
5 stts = ..

6 hw_space = ..

7

8 generator = GEMMGenerator(stts, hw _space, dtype)

9

10 benchmark = BenchmarkCNN(“MobileNetV2”, dtype, generator.type)
11

12 codesign(benchmark, generator, method, constraints,

13 init size=10, trail num=20)
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HASCO In AHS: User Interface

Details on HW-Space Definition

6 hw space = {
“x”: [4, 8, 16, 32],
“vy”. [4, 8, 16, 32],
“dma_buswidth”: [64, 128],
“dataflow”: [“WS”, “0S”]

=

HW DSE
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HASCO In AHS: User Interface

Details on STT Definition
TENET: Relation Centric

5 stts = { o .
“0s”: [[1, @, @], {S[1,3,k]->PE[1,k]}
:@, 1, @:, {S[i,j,k]-)T[i+j+k]}
on > WS 3y
“wsr: 11, e, @], TensorLib: STT Matrix
[0, 0, 1], HW DSE Call
1, 1, 1]] X] [1 0 0
} 0 0 1”
t 1 1 1
o v )

Name Matrix



HASCO In AHS: Program Interface

HW
params

{

Mapping file

PE array file

Statement file

(o

=

Latency
Throughput
Power

i

Latency
TotalVolume
UniqueVolume
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HASCO In AHS: Converting TENET Output

Latency = max(inputDelay, outputDelay, computationDelay)
Throughput = TotalVolume / Latency

Energy = UniqueVolumex f,; +TotalVolumexX f,,

Power = Energy / Latency

Target Transfer factor f; Z> Metrice
HW Workload factor f,,

TENET
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HASCO In AHS: Command Line Interface

hasco.py -i CONV -b MobileNetV2 —f space.json

e -i intrinsic, CONV/GEMM

* -b benchmark

« -f the JSON file that specified design space
* -| the restriction on latency

* -p the restriction on power

 -a the restriction on area

“stts”: {..}
“hw_space”: {..}
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HASCO In AHS: Output

Summary CSV

rst directory software

hardware

IR

Config JSON

Verilog
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HASCO In AHS: DEMO

30



	幻灯片编号 1
	Tensor Computation
	Wide Coverage
	Various Scenarios
	High Demand for Computing Power
	A Holistic Solution
	The Chicken or the Egg? 
	Hardware-software Co-design
	Challenges in Co-design
	HW/SW Co-design for Tensor Computation
	Dedicated Chips and Hardware Intrinsic
	HW-SW interface：Tensorize
	Tensorize Choices
	幻灯片编号 14
	幻灯片编号 15
	幻灯片编号 16
	幻灯片编号 17
	幻灯片编号 18
	幻灯片编号 19
	幻灯片编号 20
	幻灯片编号 21
	幻灯片编号 22
	幻灯片编号 23
	幻灯片编号 24
	幻灯片编号 25
	幻灯片编号 26
	幻灯片编号 27
	幻灯片编号 28
	幻灯片编号 29
	幻灯片编号 30

