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Outline

e ScaleHLS Recall



Recall: ScaleHLS Motivation

for (int i = 0; i < 32; i++) {
) A

for (int j = 0; j < 32; j++
C[i][j] *= beta;
for (int k = 0; k < 32; k++) {

}

C[i][j] += alpha * A[i][k] * B[kI[j];

Optimizations

for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++)
C[i][j] *= beta;
for (int k = 0; k < 32; k++) {
#pragma HLS pipeline

{

P}

Clil[j] += alpha * A[i][k] * B[k]I[]l];

How do we do HLS
designs?

Loop pipeline, unroll
Function pipeline, inline
Array partition, etc.

Directive

W XILINX

Generate RTL with . VITIS and etc.
Pipeline Il is 5 and overall latency is 183,296



Recall: ScaleHLS Motivation (Cont.)

for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++)
C[i][j] *= beta;

{

for (int k = 0; k < 32; k++) {

C[iI[j] += alpha * A[i][k] * B[kI[j];
PP}
for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++) {
if (k == 0)
C[i][j] *= beta;
C[iI[j] += alpha * A[i][k] * B[k][j];
PP}
for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++) {
#pragma HLS pipeline
if (k == 0)
C[i][j] *= beta;
C[il[j] += alpha * A[i][k] * B[k][]];

Fr}

[ How do we do HLS

designs? 1

Loop
Optimizations

Directive
Optimizations

Generate RTL with

Loop interchange
Loop perfectization
Loop tile, skew, etc.

Loop pipeline, unroll
Function pipeline, inline
Array partition, etc.

W XILINX

. VITIS and etc.

Pipeline Il is 2 and overall latency is 65,552



designs?

Recall: ScaleHLS Motivation (Cont.) [ How do we do HLS ]

Node fusion
Graph . .
e IP integration
Optimizations .
Sample Task-level pipeline, etc.
for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++) {
C[i][j] *= beta;
for (int k = 0; k < 32; k++) {
Clil[j] += alpha * A[i][k] * B[k][]];
P Loop interchange
Loop P . g'
Ootimizati Loop perfectization
for (int k = 0; k < 32; k++) { ptimizations Loop tile, skew, etc.

for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++) {
if (k == @)
Cl[il[j] *= beta;
C[i][j] += alpha * A[i][k] * BI[k][j];
} o} inali
Directive Loop .plpell.ne,.unrcl)ll.

Function pipeline, inline

Optimizations Array partition, etc.

for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++)
for (int j = 0; j < 32; j++
#pragma HLS pipeline
if (k == 9)
CLil[j] *= beta; . v XILINX
Clil[j] += alpha * A[i][k] * B[K][j]; Generate RTL with & \/|T|5 and etc.

{
)

Fr}

Pipeline Il is 2 and overall latency is 65,552




Recall: ScaleHLS Motivation (Cont.)

Difficulties:
e | ow-productive and error-proning

e Hard to enable automated design
space exploration (DSE)

e NOT scalable! )X

Solve problems at @
the ‘correct’ level

AND automateit MLIR

Approaches of ScaleHLS:

e Represent HLS designs at multiple
levels of abstractions

e Make the multi-level optimizations
automated and parameterized

e Enable an automated DSE

e End-to-end high-level analysis and
optimization flow

for (int i = 0; i < 32; i++
for (int j = 0; j < 32; j
C[i][j] *= beta;
for (int k = 0; k < 32; k++)
C[i][j] += alpha * A[i][k]
P}

* BIkI[31;

for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++)
if (k == 0)
C[i][j] *= beta;
C[i][j] += alpha * A[i][k]
P}

* BIkI[3];

for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++)
for (int j = 0; j < 32; j++
#pragma HLS pipeline
if (k == 0)
C[i][j] *= beta;
C[il[j] += alpha * A[i][k]
}ro)

{
)

* Blk][i];

How do we do HLS
designs?

Node fusion
IP integration
Task-level pipeline, etc.

Graph
Optimizations

[ Manual Code Rewriting ]

Loop Loop interchange

e .. Loop perfectization
Optimizations Loop tile, skew, etc.

[ Manual Code Rewriting ]

Loop pipeline, unroll
Function pipeline, inline
Array partition, etc.

Directive
Optimizations

[ Manual Code Rewriting ]

W XILINX

Generate RTL with . VITIS and etc.

Pipeline Il is 2 and overall latency is 65,552



Recall: ScaleHLS Framework

HLS C/C++ PyTorch
Polygeist Torch-MLIR ATZ? 55’; Zf Z’bar Z;j
Front-end Front-end Graph-level IR - “
TOSA Linalg Tensor OptGgap:ses
i Loop-level IR
Loop ] Automated
fafline Veetor BemRel i Opt. Passes =) DSE Engine
i Directive-level IR
Affine Vector MemRef HLSCpp | < Oy:?tl ri(;[;\gzs
Translate
¢ Lowering
HLS C/C++ HLS QoR
Emitter Estimator <«—» Transform
CIRCT
Framework
: 1] ]
Verilog HLS C/C+ ScaleHLS Tool ScaleHLS Dialect Existing Dialect

[1] Polygeist: C/C++ frontend for MLIR. https://github.com/wsmoses/Polygeist
[2] Torch-MLIR: PyTorch frontend for MLIR: https://github.com/llvm/torch-mlir

[3] CIRCT: Circuit IR Compilers and Tools https:/github.com/llvm/circt

Represent It!
Graph-level IR: TOSA, Linalg, and Tensor dialect.

Loop-level IR: Affine and Memref dialect. Can
leverage the transformation and analysis libraries
applicable in MLIR.

Directive-level IR: HLSCpp, Affine, and Memref.

Optimize It!

Optimization Passes: Cover the graph, loop, and
directive levels. Solve optimization problems at the
‘correct’ abstraction level.

QoR Estimator: Estimate the latency and resource
utilization through IR analysis.

Explore It!

Transform and Analysis Library: Parameterized
interfaces of all optimization passes and the QoR
estimator. A playground of DSE. 3"

Automated DSE Engine: Find the Pareto-frontier of
the throughput-area trade-off design space.

Enable End-to-end Flow!
HLS C Front-end: Parse C programs into MLIR.

HLS C/C++ Emitter: Generate synthesizable HLS
designs for downstream tools, such as Vivado HLS.


https://github.com/wsmoses/Polygeist
https://github.com/llvm/torch-mlir
https://github.com/llvm/circt
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Motivation: Limitations of ScaleHLS DSE

for (int i = 0; i < 32; i++
for (int j = 0; j < 32; j
C[i][j] *= beta;

for (int k = 0; k < 32; k++) {

C[i][j] += alpha * A[i][k]
P}

* BIkI[31;

for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++) {
for (int j = 0; j < 32; j++)
if (k == 0)
C[i][j] *= beta;
C[i][j] += alpha * A[i][k]
P}

* BIkI[31;

for (int k = 0; k < 32; k++) {
for (int i = 0; i < 32; i++)
for (int j = 0; j < 32; j++
#pragma HLS pipeline
if (k == 0)
C[i][j] *= beta;
Clil[j] += alpha * A[i][k]
P

{
)

* Blk][i];

Graph
Optimizations

Loop
Optimizations

Directive
Optimizations

- — -0 Call Graph
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Motivation: Limitations of ScaleHLS DSE (Cont.)

Inter-kernel Correlation

1 float AL3ZIC161: e Node0 is connected to Node2 through buffer A
2 NODE@_I: for (int 1=0; 1<32; i++) o If buffer Ais on-chip, the partition strategy
% 'HODER.K: Tar CGINR kSoy k<lh; kbh) of Ais HIGHLY correlated with the parallel
4 A[il[k]l = ...; // Load array A. .

. strategies of both Node0 and Node2

6 float B[161[16]; .

7 NODE1_K: for (int k=0: k<16; k++) e Node1 is connected to Node2 through buffer B
8 NODE1_J: for (int j=0; j<16; j++) o Same as above ss
9 BLkIJ[jl] = ...; // Load array B.
10 H : . *

i float CL161[16]; o No*deO, 1, and 2 have different trip count: 32*16,
12 NODE2_I: for (int i=0; i<16; i++) 16*16, and 16*16*16

13 NODE2_J: for (int j=0; j<16; j++) o To enable efficient pipeline execution of
14 NODE2_K: for (int k=0; k<16; k++)

NodeO, 1, and 2, their latencies after

15 CLilC[j] = ACi*2]1[k] = BCkI[j1; L .
parallelization should be similar

Simply merging the local Pareto curves will not work well!



Motivation: Designing dataflow architecture is hard!

Manual LeNet Accelerator Design

e Layer fusion Layer Task || Factor Range
o Convolutional layer (All Layers) - BATCH | {1, 5, 10, 15, 20}
o RelU layer Conv+ReLU
o Max pooling layer —————  Taskl||KPFygsra|| {1, 23,6}
Pool
Parallelization
[ ) B t h . COHV+R€LU Taskz KPFtaSkZ {1, 2’ 4, 8, 16}
© balchsize Pool CPFrasko {1,2,3,6}
o KPF (Kernel parallel factor) { }
KPF 1,2.3,4.6,8
o CPF (Channel parallel factor task3 ¥ Sl s
( P ) Conv+ReLU Task3 CPF || {1,2,4.8, 16)
e Layer fusion and parallelization decisions are Linear Task4 5 ,

made empirically
o The resulting design space still has
24,000 design points



Motivation: Designing dataflow architecture is hard! (Cont.)

e Dataflow designs are Pareto- 60k
dominating CaEg W el
design w/o df
e Dataflow cannot guarantee a 50k A~ pareto w/ df g
good trade-off @ ¥~ pareto w/o df
9 a0kd4 @ worst w/df d | G
e Dataflow design space is difficult & % expert design ' ' I
= hida design o® ewe ® |]13013xq o
to comprehend = ok 9
-}
Q. 2 »
e Automated tool outperforms = S0 &80 40 oo B UII T
. 3 e =)
exhaustive search © 20k A i : :
.|E BEOID 00 § WP Wne® e p 0 & O
COY YWY X ) 20 0e® C 1A N L ou 7 oa0eq O
10k A o;.u.- VY éﬁu?@rm ® e® 6,.» o od | 3§3)& ) o
Expert Exhaustive HIDA VY ' Resie nt o o :
/ SIS aeme S 00 e ® SR o [ ]
Resource Util.  95.5% 99.2% 95.0% ok L SeeVeve_ = ! . .
Throu. (Imgs/s) 41.6k 49.9k 532k 20% 40% 60% 80% 100%
Develop Cycle 40 hours 210 hours 9.9 mins Resource Utilization: max(BRAM%, DSP%, LUT%)

Productivity Performance Scalability
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HIDA Framework

Inputs

Outputs

Vitis HLS Schedule0 HIDA
++ )
PyTorch HLS C o Node0
Add /| Node1 Conv.
I
Torch Optlmlzed - 7 N < ol [R18]E281E3n]Ea ..
MLIR Polygelst HLS C++ 5)6|7[8]9]-
Dispatch0 FIIELS,EH Node2 Conv.
TaskO mitter 0|1]2|3|4]..
Add 5(6(7|8[9]..
External
Task1 Memory
Conv. e 8
¥ E:Z::Z::L__ Node6 Conv.
Task2 ||  [fz=====-
Conv. Schedule6-0
— | Task6 Conv. Node6-0
L ] Tile Load
Add Dispatch6-0
[
Task6-0 —V
1(-)aosnkv4 ' Tile Load e Node6-1
T ! v 5 Node5 Node6 Tile Comp)
Task5 Task6é T.ill-:s(I:(:r: % Cany Gony,
Conv. Conv. - ; I v 1 L] o
\'I';s‘ld/ \ Task6-2 ‘F: R ) Node6-2
Tile Store -~ - \ Tile Store
Add | 8 Add \
Functional Dataflow Structural Dataflow

——Tensor or Memory Ref. Passing —— Memory Accessing —Streaming ——Memory

PyTorch or C/C++ as input
Optimized C++ dataflow design as output

MLIR-based dataflow intermediate
representation (IR), optimization, and
code-generation



HIDA Intermediate Representation

Inputs Outputs

1 o T Schedule0 HIDA High-level Low-level
Y etc. Node0 y Dataflow Dataflow
Add gf| s e Optimizations Optimizations
= ‘ Optimized _’ \\\ i o[1]2]3]4].-
[ e ] [powgelst] L@g# B e le < >
l ! | :
Dispatch0 HLS C++ | el Task fu_sic_)n Parallel?zgtior?
—— Emitter e Task splitting Buffer optimization
ZZd slel7[s[o[.| | ... Data movement
—— Ll g e, o T
Task1 Memory
Conv. EEETEEE
! e ceimin | Node6 Conv. .
Task2 || Lioooooo Two-level dataflow representation
Conv. Schedule6-0
= ‘k3/ 1| Taské Conv. Node6-0 F . | ﬂ
as ! 5
Add ! | [ pispatche-0 Tile Load e Functional dataflow
i ||| [Tt o Capture high-level dataflow characteristics
i Tile Loa v Y 1 = .. . .
co y ] S{| [Node5 | [ Nodes L o Efficient dataflow manipulation
Task5 Task6 Task6-1 % Conv. Conv.
G Conv Tile Comp. = v v 1
. . : [ ] 1
~— | || e [ X e Structural dataflow
Task7 K S K Node7 " ) . .
Add \ flle'Stoce| | f Fs Add | | e Store o Capture low-level micro-architectures
Functional Dataflow Structural Dataflow o Efficient SCheduling and parallelization

——Tensor or Memory Ref. Passing —— Memory Accessing —Streaming ——Memory



HIDA Functional Dataflow

%tensor = hida.task()
hida.task() { ...

: tensor<64x64xi8> { ... }
%tensor ... }

Inputs Outputs
Vitis HLS Schedule0 HIDA
++ )
PyTorch HLS C o Node0
Add Node1 Conv.
X !
oy ] Optimized LS & j of1]2]3]4]-
[ MLIR } {PO'YQG'“] HLS C++ I
Node1
l Conv. *
Dispatch0 HLS.CH ] Node2 Conv.
Emitter | TS
Task0 Node2
Add ConV. 5(6(7|8[9]..
External
Task1 Memory
Conv. EEsnsong
¥ e Node6 Conv.
Task2 ||  [fz=====-
Conv. Schedule6-0
Tas‘k3/ ; Task6 Conv. Node6-0
Add /|| bispatché-0 IR 5 Fead
Task6-0 1 4
Ezsnk: : Tile Load 2 v \ ST
T ! v S Node5 Node6 ITile Comp
Tasks Taské Task6-1 % Conv. Conv. :
Conv. Conv. WileiEomp: ; I L] N v 4
\'I';s‘k7/ \ Task6-2 'F: e : Node6-2
Add \\* Tile Store § Add \“ Tile Store
Functional Dataflow Structural Dataflow

——Tensor or Memory Ref. Passing —— Memory Accessing —Streaming ——Memory

Functional Dataflow

e Hierarchical structure
o Support multiple levels of dataflow
o Inside of Task6, the tile load, computation,
and store are further dataflowed

e Transparent from above
o All tasks share the same global context
o Support efficient task fusion and splitting




Input Output
i u pere Schedule0 HIDA
PyTorch HLS C++ V't'StHLS, D
- Add /| Node1 Conv.
L PN ar . e %buffer = hida.buffer : memref<64x64xi8, ...>
Torch- ~ Optimized B RN ’ 5|6|7 8|9 . o :
[ MLIR } [P°'yge'5t] HLS C++ hida.node() -> (%buffer : memref<64x64xi8, ...>) { ... }
l l i hida.node(%buffer : memref<64x64xi8, ...>) -> () { ... }
Dispatch0 I-:EerSut(t:;: ] Node2 Conv.
A Sl ool Structural Dataflow
—
skt  Memory_J e Explicit buffer representation
e fIIIIi Nosehcon o Support both memory-mapped and stream
Conv. Schedule6-0
— 1| Taské Conv. Node6-0 bUﬁ:e rs
Task3 ! :
Add ! | | pispatch6-0 Tile Load
e Task6-0 e Isolated from above
' Tile Load ! )
o A =3 || ]| redes ] [odeed | || [Nodee o Each node has its own context
Task5 Task6 LCE s Conv. Conv. - : :
Conv. | | Conv. TieComp) (| | — ¥ _ ¥ _\ :::. o Decouple inter-node and intra-node
a2k Node7 ol [heee2 dataflow optimization
Add . Tile Store ® Add o Tile Store
X . ¢
Functional Dataflow Structural Dataflow

——Tensor or Memory Ref. Passing —— Memory Accessing —Streaming ——Memory



HIDA Structural Dataflow (Cont.)

hida.buffer] {depth = 3}|: memref<64x64xi8,|#hida.partition<[cyclic, block], [4, 4]>, #hida.layout<[8, 8], [1, 2]>,|#hida.mem<bram_t2p>>

Number of Stages Buffer Shape Partition Fashions Partition Factors Tiling Factors Vectorization Factors  Buffer Placement
hida.stream : hida.stream<il, 3> hida.node(%buffer<2> : memref<...>, %stream : hida.stream<il, 3>) -> ( ... ) [ «o. 1 { ... }
Stream Type Number of Entries RO Arg List (Arg1  Arg1 Buffer Port  Arg1 Type Arg2 Arg2 Type)  RW ArgList Param List Operations

*buffer, stream, and node operation syntax in structural dataflow. RO and RW denote read-only and read-write.

e Multi-stage buffer representation
o  Support complicated schedulings, e.g., multi-line buffer

e Affine-based partition, tiling, and vectorization representation
o  Support automatic buffer optimization upon affine analyses

e Explicit buffer memory effect representation
o Avoid unnecessary inter-node analysis




Integration with MLIR Dialects

Structure IR E Data IR E Payload IR E Control IR %:.
I I I g
1 1 1 4
! Tensor ! ! g
' ' ' LinAlg 3
Functional | : : o
1 Y | 1
Dataflow I I | Arithmetic | 1
: MemRef : : v
Lowering | : :
C 1 1 1 Affine [
1
: 1 : ~
1 1 1 } (o]
Structural Buffer + I y I ) 3
Dataflow | Stream 1 | Arithmetic : Affine + =
: \ | * Primitive | | | Directive ®
1 L 1 v Q

[] HIDA Functional Dialects [___| HIDA Structural Dialects [__| Existing Dialects
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Multiple Producer Elimination

Schedule

NodeO

Y

Buf0

Buffer inside of the context



Multiple Producer Elimination

Schedule Opt. Schedule
NodeO NodeO
\ A \ A
Buf0 Buf0
\ \ 4
Node1 Node1
Buf1 Buf1 Buf2
\ A \/
Node2 Node2
y y
Buf2 Buf2’
(a) (b)

Buffer inside of the context




Multiple Producer Elimination

Schedule

NodeO

\ 4

Buf0
\ I:-

Node1

A
\ 4

Buf1

\

Node2

A

Schedule Opt. Schedule
NodeO NodeO
\ A \ A
Buf0 Buf0
\ \ 4
Node1 Node1
Buf1 Buf1 Buf2
\ A \/
Node2 Node2
3 y
Buf2 Buf2’
(a) (b)

Buffer inside of the context

Y

Buf2
(c)

Buffer outside of the context

\




Multiple Producer Elimination

Schedule

NodeO

Y

Buf0
\

Node1

A
\ 4

Buf1

\

Node2

A

Opt. Schedule

NodeO

——l -
1

Buf1

Schedule Opt. Schedule
NodeO NodeO
\ A \ A
Buf0 Buf0
\ \ 4
Node1 Node1
Buf1 Buf1 Buf2
\ A \/
Node2 Node2
y y
Buf2 Buf2’
(a) (b)

Buffer inside of the context

\ 4

Buf2

(c)

\

Buffer outside of the context




Data Paths Balancing

Schedule

NodeO

\ 4
| Bufo || Buf3 |
\ 4

Node1

y

\
Bt |
\ 4

Node2

\ 4

| Buf2 |
(@)




Data Paths Balancing

Schedule Opt. Schedule (v1)
Node0 Node0
\ 4 \ 4
| Bufo || Buf3 | ||| Bufo || Buf3 |
\ 4 Y
Node1 Node1 Copy
\ 4 y \ 4
| Buf1 | | Buft || Buf3’ |
Y y
Node2 Node2
Y \ A
| Buf2 | | Buf2 |
(a) (b)

On-chip balancing




Data Paths Balancing

Schedule Opt. Schedule (v1) Opt. Schedule (v2) | External
Memory
NodeO NodeO NodeO
Y \ A \ A
[ Bufo |[ Bufs ||| [ Bufo |[ Bufs | || [ Bufo |+ Token | | | Buf3
\ 4 Y \ 4 BUf3’
f bh
Node1 Node1 Copy Node1 3
Soft
\ 4 y \4 \ 4 FIFO
| Buf1 | | Buft || Buf3’ | || [ Buft | Token’:
\ 4 y / \ 4
Node2 Node2 Node2
\ 4 \ 4 \ 4
| Buf2 | | Buf2 | | Buf2 |
(a) (b) (c)

On-chip balancing

Off-chip balancing



HIDA Design Space Exploration

Step (1) Connectedness Analysis

i fioat AL321[16]:

2ANODE@_I: for (int 1=0; 1<32; 1++)IV 0 5 - . Permutation Map  Scaling Map
- f ™t k=0: k<16 ource Target Bufler
4 NODE@_K: for (int k=0; k<16; k++) el N ——

/

A[il[k]l] = ...; // Load array Ax
Node0 Node2 A [0, 0, 1] [0, 2] [0.5,1] [2,0,1]
Nodel Node2 B [0, 1, 0] 12, 1] [1,1] [0,1,1]

float B[16]1[16];

4

5

6

71 NODE1_K: for (int k=0; k<16; k++)

g  NODE1_J: for (int j=0; j<16; j++) ]
9 BLk1[jl = ...; // Load array B.; e Permutation Map

0 ! o Record the alignment between loops
v float CL16][16]; /
0 A[NODEZ T Tor (int 1=0. 1<16. i+°}
%] NODE2..J: ToF (int 3=0: 3<16; j++)
14 NODE2 K: for (int k=0; k<16; k++)
15 CLil[j] = ALi*2]1[k] * B[kI[j1;

I
I \
! 1
! 1
! |
! I
\
1
\




HIDA Design Space Exploration (Cont.)

Step (1) Connectedness Analysis

1 float AL321[16]:

0.5?4NODE®_I: for (int 1:2; 1<i2; 1+;) iy Source Target Buffer Permutation Map  Scaling Map

3 NODEQ_K: for (int k=0; <16¢ ++)\

4 ACi1[k] = ...; // Load array A.\ SHET Vhe S0 WO
,'5 1 Node0 Node2 A [0,0,1] [0,2] |[05,1] [2,0,1]
1 6/ float B[161[161; ‘| Nodel Node2 B [0,1,0] [2,1] [T, 1] [0, 1, 1]
I 77, NODE1_K: for (int k=0; k<16; k++) I

! ¢ NODE1_J: for (int j=0; j<16; j++) ! _

19 B[k1[jl = ...; // Load array B. , e Permutation Map

Yo ! o Record the alignment between loops

n 'float C[161[16]; )

12YNODEZ2_1: for (int 1=0; i<16; i+ } 2 e Scaling Map

13 “NODE2_J: for (int j=0; j<16; j++) @ : :

- NODEZ K+ For (it k=0 k<16 o) o Record the alignment between strides

15 CLil[j] = A[i*2]1[k] * BL[kI[jI;

e Affine Analysis-based
o Demand preprocessing: Loop normalize
and perfectize, memory canonicalize




HIDA Design Space Exploration (Cont.)

Step (2) Node Sorting

e AB%JUG; ; i , Node Connectedness Intensity
2 NODE@Q_I: for (int i=0; 1i<32; i++)

3 NODE@_K: for (int k=0; k<16; k++) NodeO 1 512

4 A[Lil[k]l = ...; // Load array A. Node1 1 256

’ Node2 2 4096

6 float B[16]1[16];
7 NODE1_K: for (int k=0; k<16; k++)

s NODE1_J: for (int j=0; j<16; j++) e Descending Order of Connectedness
9 BLk1[jl = ...; // Load array B. o Higher-connectedness node will affect
- more nodes

11 float CL161[161];

12 NODE2_I: for (int i=0; i<16; i++) e Intensity as Tie-breaker

13 NODE2_J: for (int j=@; j<16; j++) - : :

N NODEZ. i+ For (9% k=0; k<lby It o  Higher-intensity nodes are more

15 CLil[j] = ACi*21C[k] * BLkI[jI1; computationally complex, being more

sensitive to optimization

e Order: Node2 -> Node0 -> Node1



HIDA Design Space Exploration (Cont.)

float A[32][16];
NODEQ_I: for (int i=0; i<32; i++)
NODEQ_K: for (int k=0; k<16; k++)
A[Lil[k] = ...; // Load array A.

float B[16]1[16];
NODE1_K: for (int k=0; k<16; k++)
NODE1_J: for (int j=0; j<16; j++)
BLk1[3j] = .:s: /! Load array B.

float ClL16]1[16]:

NODE2_I: for (int 1i=0; 1i<16; i++)
NODE2..J: ToF (int 3=0: 3<16; j++)
NODE2_K: for (int k=0; k<16; k++)
CLil[j] = ALi*x2][k] = B[kI[jl;

Step (3) Node Parallelization

Assuming maximum parallel factor is 32

Node2 Parallelization: [4, 8, 1]
o Overall parallel factor is 32
o ScaleHLS DSE without constraints
o  Solution unroll factors: [4, 8, 1]



HIDA Design Space Exploration (Cont.)

1. float AL321L161:
2l NODEQ_I: for (int i=0; i<32; i++)
3 NODEQ_K: for (int k=0; k<16; k++)
4 A[Lil[k] = ...; // Load array A. L
5
6 float B[16]1[16]; L4
7 NODE1_K: for (int k=0; k<16; k++)
8 NODE1_J: for (int j=0; j<16; j++) L4
9 BLk1[j]l = ...; // Load array B.
float C[16][16];
NODE2_I: for (int 1i=0; 1i<16; i++)
NODE2..J: ToF (int 3=0: 3<16; j++)
NODE2_K: for (int k=0; k<16; k++)
CLilCj1 = ACi*2]1Ck] = BLkI[jl;
Permutation Map  Scaling Map
Source Target Buffer
S-to-T T-to-S  S-to-T T-to-S
Node0 Node2 A [0, 0, 1] [0, 2] [0.5,1] |[2, 0, 1]
Nodel Node2 B [0, 1, 0] 12, 1] [1,1] [9,1,1]

Step (3) Node Parallelization

Assuming maximum parallel factor is 32

Node2 Parallelization: [4, 8, 1]

NodeO Parallelization: [4, 1]

(@]

Overall parallel factor is 4, calculated from
intensities of NodeO and 2 (32*512/4096)
ScaleHLS DSE with connectedness
constraints, the unroll factors must NOT
be mutually indivisible with constraints

m  Multiply with scaling map:

m [4,8,1]9[2,9 1]=][8, 9, 1]

m Permute with permutation map:

m  permute([8, 2, 1], [0, 2] = [8, 1]
Solution unroll factors: [4, 1]



HIDA Design Space Exploration (Cont.)

1. float AL321L161:
2 NODEQ_I: for (int i=0; i<32; i++)
3 NODEQ_K: for (int k=0; k<16; k++)
4 A[Lil[k] = ...; // Load array A. L
5
6 float B[16]1[16]; L4
71 NODE1_K: for (int k=0; k<16; k++)
8 NODE1_J: for (int j=0; j<16; j++) L4
9 BLk1[j]l = ...; // Load array B.
[ J
float cL16ll16]:
NODE2_I: for (int 1i=0; 1i<16; i++)
NODE2..J: ToF (int 3=0: 3<16; j++)
NODE2_K: for (int k=0; k<16; k++)
CLilCj1 = ACi*2]1Ck] = BLkI[jl;
Permutation Map  Scaling Map
Source Target Buffer
S-to-T T-to-S  S-to-T T-to-S
Node0 Node2 A [0, 0, 1] [0.2] [05,1] [2.0.1]
Nodel Node2 B [0, 1, 0] 12, 1] [1,1] |[0,1,1]

Step (3) Node Parallelization

Assuming maximum parallel factor is 32

Node2 Parallelization: [4, 8, 1]

NodeO Parallelization: [4, 1]

Node1 Parallelization: [1, 2]

(@]

Overall parallel factor is 2, calculated from
intensities of NodeO and 1 (32*256/4096)
ScaleHLS DSE with connectedness
constraints

Solution unroll factors: [1, 2]



HIDA Design Space Exploration (Cont.)

float A[32][16];
NODEQ_I: for (int i=0; i<32; i++)
NODEQ_K: for (int k=0; k<16; k++)
A[Lil[k] = ...; // Load array A.

float B[16]1[16];
NODE1_K: for (int k=0; k<16; k++)
NODE1_J: for (int j=0; j<16; j++)
BLk1[3j] = .:s: /! Load array B.

float CL16]1[161];
NODE2_I: for (int 1i=0; 1i<16; i++)
NODE2..J: ToF (int 3=0: 3<16; j++)
NODE2_K: for (int k=0; k<16; k++)
CLilCj1 = ACi*2]1Ck] = BLkI[jl;

Step (3) Node Parallelization

Parallel Factor Loop Unroll Factors

Node Intensity

w/oIA w/IA IA+CA IA CA Naive
Node0 512 32 4 4,1 | 221 84 | [48]
Nodel 256 32 2 (1,21 | [L2] (48] | [48]
Node2 4,09 32 32 |[4,8 1]1[4, 8 1] [4 8, 1]|[4,8, 1]

v v

Intensity-aware (IA) Naive
Connectedness-aware (CA) ScaleHLS
HIDA DSE DSE

X /

Array Partition Factors \ Bank Number /

Array
IA+CA IA CA Naive 1
A [8,1] [8,2] [8,4] [8,8]
B [1,8] [2,8] [4,8] [8,8]

C [4,8] [4,8] [4,8] [4,8]




ResNet-18 Ablation Study on HIDA
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ResNet-18 Ablation Study on HIDA (Cont.)

EIA+CA [1IA-Only 1 CA-Only
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s
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reduce resource utilization
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HIDA Results on DNN Models

HIDA

7 08 FF DSP Throughput (Samples/s)*
Keernel Compile Number Number Number sgs
Time (s) HIDA ScaleHLS [70] SOFF [37] Vitis [34]
2mm 0.65 38.8k 27.4k 269 239.22 122.39 (1.95x) 30.67 (7.80x)  1.23 (194.88x)
3mm 0.79 38.7k 27.8k 243 175.43 92.33 (1.90%) - 1.04 (167.99%)
atax 2.06 44.6k 34.6k 260 1,021.39 | 932.26 (1.10x) | 2,173.17 (0.47x)  103.18 (9.90%)
bicg 0.72 16.0k 15.1k 61 2,869.69 2,869.61 (1.00x) | 2,295.75 (1.25%)  104.19 (27.54X)
correlation 0.91 14.5k 12.3k 66 67.33 59.77 (1.13x) 3.96 (16.99%) 1.32 (50.97%)
gesummy 0.60 34.2k 22.8k 232 31,685.68 ]31,685.68 (1.00x)| 3,466.70 (9.14X) 266.65 (118.83X%)
jacobi-2d 1.98 91.4k 56.6k 352 257.27 128.63 (2.00x) - 2.71 (94.95x)
mvt 0.42 23.8k 16.5k 162 9,979.04 | 4,989.02 (2.00x) | 870.01 (11.47x)  62.13 (160.62X)
seidel-2d 3.59 5.5k 2.5k 4 0.14 0.14 (1.00x) - 0.11 (1.28x)
symm 1.05 14.9k 9.5k 74 2.62 2.62 (1.00X) : 2.02 (1.29x)
syr2k 0.69 14.3k 12.8k 78 27.68 27.67 (1.00x%) - 1.44 (19.23X)
Geo. Mean 0.99 1.29% 4.49x% 31.08%

* Numbers in () show throughput improvements of HIDA over others.




HIDA Results on DNN Models

HIDA o _— Throughput (Samples/s)* DSP Efficiency*
Model — Compile  \\ ber Number pyyp, PNNBuilder ScaleHLS . |DNNBuilder| | ScaleHLS
Time (s) [75] [68] [75] [68]
ResNet-18  83.1 142.1k 667 45.4 2 33 (13.88x)  73.8% = 5.2% (14.24x)
MobileNet  110.8 132.9k 518 137.4 - 154 (8.90x)  75.5% . 9.6% (7.88X)
ZFNet 116.2 103.8k 639 90.4 1122 (0.81x) : 82.8% | 79.7% (1.04x) -
VGG-16 199.9 266.2k 1118 483  27.7(1.74%x)  6.9(6.99x) 102.1% |96.2% (1.06x)| |18.6% (5.49)
YOLO 188.2 202.8k 904 33.7  22.1(1.52x) - 94.3% | 86.0% (1.10x) -
MLP 40.9 21.0k 164 938.9 : 152.6 (6.15X)  90.0% 2 17.6% (5.10x)
Geo. Mean 108.7 1.29% 8.54x 1.07X 7.49X

* Numbers in () show throughput/DSP efficiency improvements of HIDA over others.




Conclusion

O HIDA GitHub Repository
https://github.com/UIUC-ChenLab/ScaleHLS-HIDA

e We propose a two-level dataflow intermediate representation, Functional and
Structural dataflow, to capture the dataflow characteristics

e \We propose a dataflow optimizer for efficient dataflow optimization and
parallelization

e We demonstrate 8.54x and 1.29x higher throughputs over the SOTA HLS
optimization framework and RTL-based neural networks accelerator


https://github.com/UIUC-ChenLab/ScaleHLS-HIDA

