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// Pseudo-code for convolution program for the VIA accelerator // Convolution access pattern dictated by micro-coded program.

// Virtual Thread © // Each register index is derived as a 2-D affine function.

Ox00: LOAD(PARAM[ 0-71]) // LD@TIDO /] e.g. idx.; = a,ytb x+c®, where c®is specified by

Ox01: LOAD(ACTIV[ 0‘24]) // LD@TIDO // micro op O fields.

Ox02: LOAD(LDBUF[ ©-311]) // LD@TIDO for y in [0..1)

0x03: PUSH(LD->EX) // LD@TIDO for x in [0.j)

ox05: EXE EAL\E%;\E/)[OG 24] ,PARAM[ 0-71] ,LDBUF[ 0-31],STBUF[ ©- 7]) 77 EXGTIDS rflidx, 1 += GEVM(act[idx,,°], par[idx,,°])

X : - ’ - ’ - ’ - 1 1 = 1 1 1 1

0x06: PUSH(EX->LD) // EX@TIDO rflidx ] += GEVM(act[idx,. ], par[idxg, 1)

Ox07: PUSH(EX->ST) // EX@TIDO - ] )

0x08: POP (EX->ST) // ST@TIDO rflidx. "] += GEVM(act[idx,"], parl[idx,,"])

Ox09: STOR(STBUF[ ©- 71) // ST@TIDO

OxOA: PUSH(ST->EX) // ST@TIDO L

// Virtual Thread 1 : :

©x0B: LOAD(ACTIV[25-50]) // LD@TID1 (b) Convolution micro-coded program

Ox0C: LOAD(LDBUF[32-631]) // LD@TID1

Ox0D: PUSH(LD->EX) // LD@TID1

OxOQE: POP (LD->EX) // EX@TID1

OxOF: EXE (ACTIV[25-50],PARAM[ 0-71],LDBUF[32-63],STBUF[32-39]) // EX@TID1

8X1@f PUSH(EX->LD) // EX@TID1 // Max-pool, batch normalization and activation function

x11: PUSH(EX->ST) // EX@TID1 . .

0 : // access pattern dictated by micro-coded program.

x12: POP (EX->ST) // ST@TID1 I/ E : . - . > .

: ach register index is derived as a 2D affine function.

Ox13: STOR(STBUF[32-33]) /1 5TETID1 /] e.g. idx,, = ag.,.y+tb, .x+c,.°, where c,.°is specified b

0x14: PUSH(ST->EX) // ST@TID1 8 10Xgse T dastY TPastX T Case dst y

// Virtual Thread 2 /1 ~micro op 0 fields.

0x15: POP (EX->LD) // LD@TID2 for y in [0..7)

Ox16: LOAD(PARAM[ 0-711) // LD@TID2 for x in [0..])

Ox17: LOAD(ACTIV[ 0-24]1) // LD@TID2 // max pooling . . . .

0x18: LOAD(LDBUF[ ©-31]) // LD@TID2 rflidxg ] = MAX(rflidx,"1, rflidx, 1)

©x19: PUSH(LD->EX) // LD@TID2 rflidxy,t]l = MAX(rflidx,, 1, rflidx, 1)

Ox1A: POP (LD->EX) // EX@TID2

Ox1B: POP (ST->EX) // EX@TID2 // batch norm

gx%g: EﬁEHgéiTig%)0-24],PARAM[ ©-71],LDBUF[ ©-31]1,STBUF[ 0- 71) ;; E§g$%g§ FE[idx,,"] = MUL(rflidx, "], rflidx, )

x1D: - . 11 . . . .

Ox1E: POP (EX->ST) // ST@TID2 rflidxe,""] = ADD(rflidx,,"1, rflidx,""1)

Ox1F: STOR(STBUF[ 0- 71) // ST@TID2 rflidxg,"?] = MUL(rflidxg,™?], rflidx, "1)

// Virtual Thread 3 rflidx,.,™3] = ADD(rf[idx,..™31, rf[idx.. "31)

0x20: POP (EX->LD) // LD@TID3 ot e

x20: -

Ox21: LOAD(ACTIV[25-50]) // LD@TID3 7/ activation

Ox22: LOAD(LDBUF[32-63]) // LD@TID3 ,—f[-idxdstn-l] = RELU(rf[idxdst”‘l], rflidx,"'1)

0x23: PUSH(LD->EX) // LD@TID3 Fflidx..."] = RELU(rf[idx.."]. rf[idx. ")

0x24: POP (LD->EX) // EX@TID3 dst dst 4> src

0x25: POP (ST->EX) // EX@TID2

Ox26: EXE (ACTIV[25-50],PARAM[ 0-71],LDBUF[32-63],STBUF[32-39]) // EX@TID3

Ox27: PUSH(EX->ST) // EX@TID3 ) )

0x28: POP (EX->ST) /7 ST@TID3 (c) Max pool, batch norm and activation

Acclerator Ox29: STOR(STBUF[32-39]) // ST@TID3

micro-coded program

(a) Blocked convolution program with multiple thread contexts
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—XIsting Deep Learning Frrameworks

High-level data flow graph

Primitive Tensor operators such as Conv2D

Offload to heavily optimized
DNN operator library

eg. cuDNN

Hardware
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New operator introduced
by operator fusion optimization

3 potential benefit: 1.5x speedup
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l Directly generate optimized program
for new operator workloads and hardware
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Tensor Expression (Specification)

C = tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, y] * B[k, x], axis=k))

l

Search Space of Possible Program Optimizations

Low-level Program Variants

inp_buffer AL[8][8], BL[8][8] for yo in range(128):

acc_buffer CLI[8][8] for xo in range(128): .
for yo in range(128): Clyox8:yo*8+8] [x0*x8:x0x8+8] = 0 for y 1n_range(1024):
for xo in range(128): for ko in range(128): for x in range(1024):
vdla.fill_zero(CL) for yi in range(8): Clyl[x] = 0
for ko in range(1%8): : . ) for xi in range(8): for k in range(1024):
vdla.dma_copy2d (AL, A[kox8:ko*8+8] [yox8:yo*8+8 for ki in range(8): —
vdla.dma_copy2d(BL, B[ko*x8:ko*x8+8] [x0*x8:x0%8+8]) Clyox8+yi] [?(0*8+xi] += ClylIx] += Alkllyl * Blk][x]
vdla. fused_gemm8x8_add(CL, AL, BL) Alkox8+ki] [yox8+yi]l * B[ko*8+ki] [x0*x8+xi]

vdla.dma_copy2d(C[yox8:yox8+8,x0o*x8:x0x8+8], CL)
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' C = tvm.compute((m, n),

. lambda y, x: tvm.sum(A[k, y] * B[k, xI, axis=k))
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Example Instance in a Search Space

Tensor Expression (Specification)
' C = tvm.compute((m, n),

. lambda y, x: tvm.sum(A[k, y] * B[k, xI, axis=k))

—

l

Search Space of Possible Program Optimizations

Vanilla Code

for y in range(1024):
for x in range(1024):
Clyl[x] = 0
for k in range(1024):
Clyl [x] += A[Kk][y] * B[k] [x]

18



Example Instance in a Search Space

Tensor Expression (Specification)

C = tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, y] * B[k, x], axis=k))

l

Search Space of Possible Program Optimizations

Loop Tiling for Locality

for yo in range(128):
for xo in range(128):

Clyox8:yo*x8+8] [x0*8:x0*x8+8] = 0

for ko in range(128):

for yi in range(8):

for xi in range(8):
for ki in range(8):
Clyox8+yi] [xox8+xi] +=
A[kox8+ki] [yo*8+yi] * B[kox8+ki] [xo*x8+xi]

19



Example Instance in a Search Space

Tensor Expression (Specification)

C = tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, y] * B[k, x], axis=k))

l

Search Space of Possible Program Optimizations

Map to Accelerators

inp_buffer AL[8][8], BLI[8]I[8]
acc_buffer CL[8][8]
for yo in range(128):
for xo in range(128):
vdla.fill _zero(CL)
for ko in range(128):
vdla.dma_copy2d(AL, A[ko*8:kox8+8] [yo*8:yo*x8+8])
vdla.dma_copy2d(BL, B[ko*8:ko*8+8] [x0*8:x0%8+8])
vdla. fused_gemm8x8_add(CL, AL, BL)
vdla.dma_copy2d(C[yo*8:yo*x8+8,x0*8:x0x8+8], CL)

20
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In the second half of the talk
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Optimization Choices In a Search Space

Tensor Expression (Specification)
' C = tvm.compute((m, n),

Billions

of possible
optimization
choices

: lambda y, x: tvm.sum(A[k, yl] * B[k, x], axis=k))

Loop Thread Cache
Transformations Bindings Locality

ead Tensorization Latency
Cooperation Hiding

More details about the search space
In the second half of the talk

l
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Problem Formalization

Optimization
Configuration

€ Expression ;:m B . Goncrator MG e
Se Search Space L = g(e, C) f(:l’))

Cost: Execute Time

Program

Objective argmin.cs. f(g(e,c))
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Black-box Optimization

Try each configuration € until we find a good one

Code Generator e

Expression ;:m
6 SearC h S pace '\/

f(x)

Challenge: lots of experimental
trials, each trial costs ~1 second
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Use cost model to pick configuration
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Challenge: Need reliable cost model per hardware



Statistical Cost Model

Use machine learning to learn a statistical cost model

>

e Search Space




Statistical Cost Model

Use machine learning to learn a statistical cost model
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Use machine learning to learn a statistical cost model
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Use machine learning to learn a statistical cost model
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Use machine learning to learn a statistical cost model
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Statistical Cost Model

Use machine learning to learn a statistical cost model
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Challenge: How to design the cost model
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Vanilla Cost Modeling

C High-level
Configurations

Flatten as
feature vector

% size/order of loops,
threading choices,
memory SCope,

Feature Vector

Your Favorite Model
FdRdt

Set of configurations can differ per task (task dependent)

Drawback:
lgnores domain knowledge
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Program-aware Modeling: Tree-based Approach

C High-level
Configurations

l touched outer
memory loop
for y in range(8): C A B length

for x in range(8):
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Clyl [x]=0 —>y """" e 8 emd Your Favorite Model
for k in range(8): 8864 X ...........

Cly] [x]+=A[k] [y]l*B[k] [x] ’

1:8:38
| ow-level Statlstlca\ features Jﬁ% di% + S35
Abstract Syntax Tree (AST) of AST

Benefit: low-level AST is a common
representation (task invariant)
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Comparisons of Models

Task Invariant Time Cost
Accuracy

Low Medium

Vanilla Model No

Tree-based Model Low Good

Neural Model High Good
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TVM: Learning-based Learning System

Why do we need machine learning for systems

How to build intelligent systems with learning

End to end learning-based learning system stack



TVM: End to End Deep Learning Compiler

O 9 F @ @

Auto VM




TVM: End to End Deep Learning Compiler

Optimization

High-Level Differentiable IR
AutoTVM

Tensor Expression and Optimization Search Space

Device Fleet

T — R



TVM: End to End Deep Learning Compiler

Optimization

High-Level Differentiable IR
AutoTVM

Tensor Expression and Optimization Search Space !

Device Fleet

T — R



Tensor Expression and Optimization Search Space

o-&-ofe]

Based on Halide’s
compute/schedule
separation

- Y

(
I Hardware

___—____—__—____—__—_—_—_—_—_—_—_—_—_—_—_J




Tensor Expression and Optimization Search Space

Tensor Expression (Specification)

C = tvm.compute((m, n),
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Tensor Expression and Optimization Search Space

Tensor Expression (Specification)
C = tvm.compute((m, n),

lambda y, x: tvm.sum(A[k, yl] * B[k, x], axis=k))
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Software Support for Latency Hiding

" load load matrix store load load matrix store
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S g € Odu € inputs weights multiplication outputs j inputs weights multiplication outputs

No Task-Pipelining

load
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load load
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Task-Level Pipelining
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Software Support for Latency Hiding
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Tensor Expression Language

 C = tvm.compute((m, n),
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FPortable Performance Across Hardware Platforms

Special frameworks for the particular hardware platform
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TVM: End to End Deep Learning Compiler

What about Accelerator Support?



VTA: Open & Flexible Deep Learning Accelerator
O+ @@

Current TVYM Stack

Moreau, Chen, et al. work In progress




VTA: Open & Flexible Deep Learning Accelerator

Current TVYM Stack

VTA MicroArchitecture

Moreau, Chen, et al. work In progress




VTA: Open & Flexible Deep Learning Accelerator
OGS ¢ @@ @

Current TVYM Stack

VTA Hardware/Software Interface (ISA)

VTA MicroArchitecture

Moreau, Chen, et al. work in progress




VTA: Open & Flexible Deep Learning Accelerator

O 9 F @ @

Current TVYM Stack

VTA Runtime & JIT Compiler

VTA Hardware/Software Interface (ISA)

VTA MicroArchitecture

rrrrr

- —
4

SSSSSSS

Moreau, Chen, et al. work in progress




VTA: Open & Flexible Deep Learning Accelerator

® m
Current TVYM Stack
VTA Runtime & JIT Compiler

VTA Hardware/Software Interface (ISA)

VTA MicroArchitecture VTA Simulator

- )
.

r
> -;‘-'.}. ‘-—.-"..

rrrrr

Moreau, Chen, et al. work in progress




VTA: Open & Flexible Deep Learning Accelerator

N,

® Runtime JIT compile
‘g’ accelerator micro code

Current TVM Stack
® Support heterogenous

VTA Runtime & JIT Compiler devices, 10x better than
CPU on the same board.

VTA Hardware/Software Interface (ISA)
® \ove hardware complexity

VTA MicroArchitecture to software

r

. .

ebservices

=

Moreau, Chen, et al. work In progress




VTA: Open & Flexible Deep Learning Accelerator
O 9 T+ @7 @

Current TVYM Stack

VTA Runtime & JIT Compiler

VTA Hardware/Software Interface (ISA)

® Runtime JIT compile
accelerator micro code

® Support heterogenous
devices, 10x better than
CPU on the same board.

® \ove hardware complexity
to software

compiller, driver,
hardware design
full stack open source

VTA MicroArchitecture VTA Simulator

Moreau, Chen, et al. work In progress
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® Machine learning: test bed for automatic optimization. (UW)
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Full Stack Learning-based Learning system
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Model transfer as model complexity grows

Net2Net: Accelerating learning via knowledge transfer. Chen, et al. ICLR 16

Smart data acquisition, task prioritization

Build real-world learning systems as test beds
L earning-based learning systems are ideal starting points
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