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The Mapping Gap

High-level application logic Varied, low-level interfaces
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FIQXNLPW (Tambe et al., 2020)
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FIQXNLPW (Tambe et al., 2020)
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Compiler Support Challenges

 Lack of a unified hardware specification
*No ISA!
* Interfaces via MMIO commands

* Granularity mismatch
* Source language is fine-grained
* Accelerators operations are high-level

e Custom memory and numerical formats



Instruction-Level Abstraction
(Huang et al., 2019)

WR ©x33000010
WR ©x33000050

WR ©x33700010
WR ©x33700050

GB_CONTROL_START
GB_ATTENTION START
CONFIG_GB_CONTROL
CONFIG_GB_ATTENTION

—

Architectural state variable:
(cfgMode, cf glsRnn, cf gNumTimestep,valid, memlL, ...)

prm—

Instruction CONFIG_GB_CONTROL:

§; & (inWr A—inRd A inAddr = 0x33700010)
N;[cfgMode] ¥ ITE(valid, inDatal1:3],cfgMode)

N;[cfglsRnn] & ITE (valid, inDatal4: 4], cf gIsRnn)




Instruction-Level Abstraction
(Huang et al., 2019)

[ ] [ ] [ ] I
Forma"y SpECIfIEd interface! Architectural state variable:
(cfgMode, cf glsRnn, cf gNumTimestep,valid, memlL, ...)

Just like an ISA!
[

WR ©x33000050 GB_ATTENTION_START Instruction CONFIG_GB_CONTROL:

WR ©x33700010 CONFIG_GB_CONTROL — §; & (inWr A—=inRd A inAddr = 0x33700010)

WR ©x33760050 CONFIG_GB_ATTENTION Ni[cfgMode] = ITE (valid, inData[1:3],cfgMode)
- = N;[cfglsRnn]| & ITE (valid, inData[4: 4], cf glsRnn)




Instruction-Level Abstraction
(Huang et al., 2019)

Easy lowering

NN, 0 MMIO commands!

WR 9x33000010 GB CONTROL START (CJ gMroue, oy gIsKhm, oy gvamr omestep, valid, memlL, ...)

———

WR ©x33000050 GB_ATTENTION_START Instruction CONFIG_GB_CONTROL:

WR ©x33700010 CONFIG_GB_CONTROL — §; & (inWr A—=inRd A inAddr = 0x33700010)

N;[cfgMode] ¥ ITE(valid, inDatal1:3],cfgMode)
WR ©0x33700050 CONFIG_GB ATTENTION -
B N;[cfglsRnn] & ITE (valid, inDatal4: 4], cf gIsRnn)




Instruction-Level Abstraction
(Huang et al., 2019)

— S~

MU R Simulation & verification via /‘
WR ©x330000Tv tep,valid, memlL, ...)

s

WR ©x3370001¢
WR ©x3370005¢ ONT

d A inAddr = 0x33700010)
gMode] ¥ TTE (valid, inData[1: 3], cfgMode)
N;[cfglsRnn] & ITE (valid, inDatal4: 4], cf gIsRnn)




TVM Bring Your Own Codegen

conv2d(*, *)

conv2d(%data, %wl);

softmax(%a);

relu(%h):. — relu(*)

nn.dropout (%c);

relu(
conv2d(%d, Z%w2) + %bias

A

:

%a
%b
%C
%d
%e

relu(conv2d(*, *) + *)

%a = (fn(¥%x, %y,
Codegen="custom conv2d") {
conv2d(%x, %y)
}) (¥%data, %wl);
%b = softmax(%a);
%C (fn(%z,
Codegen="custom relu") {
relu(%z)
1) (%b);
%d = dropout(%c);
%»e = (fn(%x) %y) %ZJ
Codegen="custom relconv") {
relu(conv2d(%x, %y) + %z)
})(%d, %w2, %bias);

[custom_convzd.c

custom_relu.c

5

custom_relconv.c

Syntactic pattern matching is key!




3LA: Codegen via ILA

Import from Match Relay Map Relay fragments Lower. to accelerator Heterogeneous
frameworks to TVM fragments to ILA instructions interface hardware backends
5 - - .
1[ 7o\ FlexNLP func A: (,:M(;PU i;St::CtlonS lnte
& & ® o PP | instr. 1 (STR r2, exffffoeee) e re’ .
\\ / \o”/ instr. 2 (LDR r3, oxffffee1e) 2N [ A
y ° BNE  loop HLSCNN
. 0N\ : ; Access accel 1 (MMIO)
® ©o 7% PLeAllLE Sonce B STR  r2, exffffoeee ( )
PP | instr. 3 (STR r2, exffffaaee) e NVDLA
. \‘/ o._9® instr. 4 (LDR r3, exffffaabb) LDE [0 00]‘.0 \
; Access accel 2 (MMIO) p N
\ STR  r4, exffffolee VTA
O e NVDLA func C: LDR  r5, exffffel1e . J
() BB | instr. 5 (STR ra, exffffelee) . CPU instructions
& t o instr. 6 (LDR r5, exffffe11e) MOV r3. r2
.h VI I I SUBGT ro, ro, ri ex

ILAAG o



Further Possibilities

* End-to-end functional verification
* Flexible matching (semantic reasoning)
* Automating compiler stack generation
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JUMP

Joint University Microelectronics Program

WWW.Src.org/program/jump
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Applications Driving Architectures



http://www.src.org/program/jump

TVM (Chen et al., 2018)
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