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Large Scale Computation in ML

Training compute (FLOPs) of milestone Machine Learning systems over time
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Contemporary ML Systems are Inflexible

Researchers demand efficient, large-scale compute more than ever
Almost all optimizations relate to the data movement

But current compilers are highly specialized towards
= Operators

= Transformations
= Models

Tuning, or even just visualizing the output of a compiler is difficult

ETH:zurich
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DaCeML

= Data-centric lowering and multi-level optimization of DNNs

Usability Generality | Interactivity
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Usage

from torch import nn
from daceml.pytorch import dace module

@dace module
class MyModule(nn.Module):
def  init (self, n_in, n_out):
super(). init_ ()
self.linear = nn.Linear(n_in, n_out)

self.fanout = n_out

def forward(self, x):
return self.linear(x) / self.fanout
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System Overview

OTHER DNN FRAMEWORKS

O PyTOI’Ch 1" TensorFlow @Xl’let Keras

and more...
‘ ] ONNX \
: Import, Conversion,
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from torch import nn
from daceml.pytorch import dace module

@dace module
class MyModule(nn.Module):
def init (self, n_in, n_out):
super (). init ()
self.linear = nn.Linear(n_in, n_out)
self.fanout = n _out

def forward(self, x):
return self.linear(x) / self.fanout

Memlets: explicit
data movement
at all granularities

computations
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inear.bias

Access nodes to
data containers

Library nodes with
domain-specific
semantics
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Maps: Parametric
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Optimization Pipeline

O PyTorch

Other DNN
Frameworks

—¢) ONNX—

1" TensorFlow —

'xnet

+ Symbolic
Shape
Inference

SDFG

Multi-Level Optimization via Progressive Lowering
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SDFG
O PyTorch —»
Other DNN Coarse-Grained
Frameworks @ O N NX Transformations
1l TensorFlow

+ Symbolic
@xnet Shape e ——— |, (2

Multi-Level Optimization via Progressive Lowering
Inference

ONNX_Relu_96

ONNX_outputDOTdenseDOTweight

Einsum: zy->yz 7

ONNX_outputDOTdenseDOTweight

1tDOTdenseDOTbias

ONNX_Add_99

ONNX_Add_99
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SDFG
O PyTorch

_>
Other DNN Coarse-Grained
€ onnx—~ ([ —

1F TensorFlow

+ Symbolic
@xxnet Shape e ——— |, (2

Multi-Level Optimization via Progressive Lowering
Inference

Lowering ONNX nodes

@python pure op implementation
def Softplus(X, Y):
Y[:] = numpy.log(l + numpy.exp(X))

11
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SDFG
def forward(self, x): O PyTorch _,
y = F.softplus(x)
st (N |- - —
return x Yy 1| TensorFlow

+ Symbolic
@xnet Shape e ——— |, (2

Multi-Level Optimization via Progressive Lowering
Inference

[0:8, 0:32, 0:224, 0:224]

Comx o>

[0:8, 0:32, 0:224, 0:224]
i

<7out - (dace.float32(1) + 7in2)>

g [0:8, 0:32, 0:224, 0:221:4]

7 [0:8, 0:32, 61224, 0:224] l
@,
- :9‘*“’“ Map Fusion <_out = (__inl * tanh(log((dace.float32(1l) + exp(_ inl))) ))
O
@D
[0:8, 0:32, 0:224, 0:224]

_ out = tanh(_inp)

[0:8, 0:32, 0:224, 0:224]

i
é
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SDFG

: Model Metadata ...seesesssssssssssssssnsssnnnsnnes Symbolic Automatic
O PyTO rch ............................. . Differentiation }
Recomputation Tuning
Other DNN Coarse-Grained Local Data Movement
Frameworks @ O N NX Transformations Reduction

1| TensorFlow

+ Symbolic
@xnet Shape e ——— |, (2

Multi-Level Optimization via Progressive Lowering
Inference

Operator-Level AD DaCeML: data-centric, Symbolic AD

state_0 state_0

_elementwise__map[__i0=0:3, __i1=0:5]

)

Conv

W (64x64x3x3)
B <64)

inp

O
__out = log(_ inp)
Y

__out

. -

_elementwise__map[__i0=0:3, __i1=0:5]

8x64x244x244

AD

Conv

W (64x64x3x3)
B <64)

ONNX_0_gradient

8x64x244x244

out-grad Data-movement information enables automatic backward-kernel synthesis!

13
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SDFG

: Model Metadata ...seesesssssssssssssssnsssnnnsnnes Symbolic Automatic
O PyTO rch ............................. . Differentiation }
Recomputation Tuning
Other DNN Coarse-Grained Local Data Movement
Frameworks @ O N NX Transformations Reduction

1| TensorFlow

@xnet + Symbolic
E Shape Multi-Level Optimization via Progressive Lowering Jics
Inference

Post-AD Optimization Pre-AD Optimization

> > @D
ONNX_3_gradient

7 [0:8, 0:32, 0:224, 0:224]
radient m i

= ] [0:8, 0:32, 0:224, 0:221:4]
ﬁﬁg x0 = exp(_ inl) 5_0

) oW1yt =
x1l = (x0 + 1.0)
[0:8, 0:32, 0:224, 0:224] w2 - tanh(log(xl) )
(oo omsaient - T S ) __inl gradient = (_ out _gradient * ((((__inl * x0) * (dace.float32(1) -
g (x2 ** 2))) / x1) + x2))
Y

outer_fused[__i0=0:8, __i1=0:32, __ i2=0:224, i3=0:221:4]

ONNX_0_gradient

Intermediate Memory: OMiB

No other framework can perform this type of low-level pre-AD optimization

Intermediate Memory: 134.75MiB 1



spcl.inf.ethz.ch

ETH:zurich

. 4 @spcl_eth

Symbolic Automatic

O PyTOrCh ............................. ssefSssscssssecsssssesseasinnsanass Differentiation
Recomputation Tuning

Other DNN Coarse-Grained Local Data Movement Global Data Layout

e € ONNX— ([ (R
1l TensorFlow boli

.xnet + Ssyr:n olic

: ape Multi-Level Optimization via Progressive Lowering
Inference

—

SDFG

—ED
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g [PGA

Prune layouts

NN

Div_map[i0=0:512, i1=0:10]

~44

_out=(_in1/_in2)
M)

'

Div_map[i0=0:512, i1=0:10]

Memlet propagation
& codegen is data-
layout aware

( )

That don’t permit
lowering to BLAS
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1
. MOdel MEtadata ... eessssesessacsensssensnsseaees Symbolic Automatic SDFG [O:H, O:8, 0:SN]
O PyTorCh ......9...e......e...a...§..;.a..~ Differentiation > CPU [O:§2]
Recomputation Tuning !
Other DNN Coarse-Grained Local Data Movement Global Data Layout Hardware
e () ONNX— GPU P e
1" TensorFlow o> o
@xnet + Symbolic
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s [0:3%2] AN
é
| Reduce (Max), Axes: [3]'] —i—/
-
# Operator implementation in NumPy o L
_ [0:H, 0:B, 0:5N, 0:SM] 'gsz]
def Softmax(input, output): g
. . . . o = math.exp((inp - mx))
max = input.max(axis=axis, keepdims=True) C - pI . ) CD
exp = np.exp(input - max) Naive Lowering WarpTiling R a—
sum = exp.sum(axis=axis, keepdims=True) QI> CLD
output[:] = exp / sum [Reduce (Sum) Axes: 3] l\n
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q Model Metadata ...icceeeeceeencesencassncasancness Symbolic Automatic
O PyTo rch—— e : Differentiation )
Recomputation Tuning
Other DNN @ Coarse-Grained Local Data Movement Global Data Layout Hardware
Frameworks O N N X Reduction Optimization Specialization GPU
| TensorFlow

+ Symbolic
@xnet Shape e ——— |, (2

Multi-Level Optimization via Progressive Lowering
Inference

9 W -

v TRANSFORMATIONS

v Selection S moc » as ch the . OO R . Display Breakpoints  Refresh SDFG
~ Viewport
FPGATransformState M, N e.symbol(s) for s in "MNI SDFG gemm  Go to Generated Code Clear Info x
MapTiling
StripMining
" L f K1,
MapDimShuffle : T arg_names [ABC] /
ReduceExpansion _ , 2
Sl .float64[M, N]): | .
MapReduceFusion constants_prop . V4
GPUTransformMap

tmp = dace.define_local([M, N, K], dtype=A.dtype
GPUTransformMap T G
MapTilingWithOverlap for i, j, k in dace.map[@:M, ©:N, ©0:K]:
MapExpansion tmp[i, j, k] = A[i, k] * B[k, j] —r -

OuterProductOperat v T
uterProduci eration
P multiplication[i=0:M, j=0:N, k=0:K] \\

GPUTransformLocalStorage C[:] = np.sum(tmp, axis=2) ) o
GPUTransformLocalStorage l\_(
Global s

. J \)
FPGATransformSDFG ’ multiplication
A r -rand(M, K)
NestSDFG B ) l

General v

ndom.rand(K, N)
GPUTransformSDFG global_code

.random.rand(M, N)
v Uncategorized
multiplication[i=0:M, j=0:N, k=0:K]

Cmp)

init_code

Reduce (Sum), Axes: [2]

|- TRANSFORMATION HISTORY

No previously applied transformations instrument No_Instrumentation v

openmp_sections (@

symbols

Uncategorized

name gemm
> SDFG ANALYSIS

> SDFG OUTLINE

Ben-Nun et al. "Stateful Dataflow Multigraphs: A data-centric model for performance portability on heterogeneous architectures." (2019). 17
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Symbolic Automatic
O P)/TO - _ Model Metadata ... S — Mool Atoms m

Recomputation Tuning

Other DNN @ Coarse-Grained Local Data Movement Global Data Layout Hardware
Frameworks O N N X Transformations Reduction Optimization Specialization GPU

1" TensorFlow

+ Symbolic
@xnet Shape e ——— |, (2

Multi-Level Optimization via Progressive Lowering
Inference

> TRANSFORMATIONS
> TRANSFORMATION HISTORY
~ SDFG ANALYSIS

Overlay scaling method
@® Mean © Median

Overlays:
# Memory Volume # Static FLOP

Runtime Measurements:

‘ Browse Clear

Runtime visualization criterium: ~ Mean v

Symbol list
K 32

M 32

N 64

Ben-Nun et al. "Stateful Dataflow Multigraphs: A data-centric model for performance portability on heterogeneous architectures." (2019). 18
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User-guided optimization, combinatorial search

Symbolic Automatic
Differentiation

Recomputation Tuning

Hardware
Specialization

Global Data Layout
Optimization

Local Data Movement
Reduction

Coarse-Grained
Transformations

Other DNN
Frameworks _’@ O N N ><_>

1" TensorFlow —

@xnet + Symbolic
' Inference Multi-Level Optimization via Progressive Lowering
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Results - Pre-AD Fusion (Mish)

Mish

1750 Forward+Backward B Forward

[3/91 [2/7] [2/3] [1/3] [1/4]

1500 1579.44
1417.82
1250 Batch: 8

Ut SEZOSZ0 = XLA manages to produce a single
2 1000 1064.22 fused kernel
Q) ] [} [}
E = But fails to eliminate global
650 27 [T !oads/stores introduced to stash
°00 intermediate values
449.66
393.38
) . .
) EE]

PyTorch torch.jit TF+XLA DaCeML
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Results — Softmax

1900 Softmax
[1]
Batch: 8,
1000 From BERT-Large, seqlen 512
o0 1] [1] [3] [3] [1] [1]

337.02m337.02 333.07 g 332.32
200
0

PyTorch torch.jit JAX TF+XLA DaCeML Triton TVM

Transformation recipe matches hand written kernels and generalizes to other

operators (e.g. Layer Normalization)

21
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Results — Automatic Optimization

PyTorch torch.jit JAX TF+XLA DaCeML
— = — = — — — — — =
4 ) ( )
ResNet-50 (@) 1455 32.04 9.98 31.94 14.17 3393 1233 3557 | 10.03 32.45
Wide ResNet-50-2 (@) | 22.50 70.94 2245 70.83 40.49 98.13 32.79 99.06 | 20.62 67.99
MobileNet V2 (®) 998 1845 622 1553 — —  7.42 2029 4.74 14.77
.2 | EfficientNet (®) 2.05 6.90 204 694 239 740 154 6.37 | 157 15.00
e | MLP Mixer (W) 163 3.65 136 366 177 401 — @ — 1.48  4.25
2 | FCN8s () 46.85 158.42 46.82 158.40 —  — — — | 45.97 166.30
< | WaveNet () 23.21 46.39 18.67 41.49 — - — — | 26.16 41.07
BERTLARGE () (@) | 11.05 31.76  11.05 31.82 10.93 29.94 11.14 38.73| 11.44 32.98
BERTLARGE (me) ()| 2.94 818 292 820 319 8.11 380 10.76| 3.34 9.25
| DLRM () ) 118.07 126.55 117.38 12683 —  — — — | 117.69 126.42
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Results — Guided Optimization

8 EfficientNet-BO (MBConv)

[l Case Sensitive | Search | Refresh SDFG

quma;b[‘_io:o 8, __i1=0:32) / General :
[13/60] [13/62] [13/61] [13/56] 1

’ oW
14 1 5'00 \ - in_connectors Ve

outer_fused[b=0:8, out_x=0:224, out_y=0:224] out connector' /,

/ setzero - J

< erqﬁ;;p}ojechonvaT’w’ei’glj(

New fUSion ms: Array properties:

d_cin[cin=0:32]

opportunity 32

Forward+Backward s Forward
16

12

General

. allow_conflicts @D

e

. lifetime _Scope v
Conv. .
7 96 location . V4

o

Time (ms)

6 6.92 :

offset [0,0,0,0] /

597 : shape [16,32,1,1] #

Conv_92_expansion_272_innerim=0:16]

: storage _GPU‘Shared A

v Default

strides

outer_fused_cin[cin=0:32] zzﬁlisl‘:r:ned
total_size CPU:Heap
CPU_ThreadLocal
2 outer_fused[b=08, out_x=0:224, out_y=0:224] transient GPU_Global

GPU_Shared

TERMINAL  DEBUG CONSOLE  PROBLEMS OUTPU FPGA_Global
FPGA_Local
1 57 1 57 1 48 1 40 FPGA_Registers
= = e . FPGA_ShiftRegister

Auto Map fission Fused Full fusion
convolution & vectorization

6 clicks 10 clicks 2 clicks
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Results — Guided Optimization

BERT-Large (encoder layer, mixed precision) 0 EfficientNet-BO (MBConv)
12 Forward+Backward s Forward Forward+Backward B Forward
[28/99] [28/99] [272/675][47/127] [25/102] Batch: 8, input: 3x224x224
10?76 < EfficientNet-BO MBConv 1
10 Batch:8, seqlen 512 [18 /54][15 /5139 /14126 / 93][ 13 / 56
) . 7.40
. . 6.90 6.94 )
8 818 8.20 8.11 . 6 6.37 .
E © £
— — 4
4
2
2
0 0

PyTorch  torch.jit JAX TF+XLA DaCeML PyTorch  torch.jit JAX TF+XLA DaCeML
24
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Summary
oy SeeeSREDw—— g g | comme, | SeSSeDw—_ 5=t i

From bareh Lageas
from dasenl . pyteneh Lapert dade mduie

tdace module
class Wysadule(nn Module)r @ @ @
daf _ iait_ (eelf, & La, & oet)i
wapec()._init_ () TN G g Access nodes Lo
selif. 34 o RAearin_in, B vt ) 1 ana containers
Suhd-aladle & S.imerv s, ase owre |
Ubrary nodes h '
daf forward(self, x): caecx 3 @ ww:‘ Mot Maetadiots e
returs self linear(s) / self. fanout ) > Om - E m
SR sernantics ety
PR—— (10=0:512, 11=0:10) = o EEBEEEEESE=S 4
s ,,,;. - — o T St + Symbeic m
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Results — Softmax Results — Models
’ Seftmax
poacd (1] Py Torch torch st JAX TF+XLA DaCeML
Basch: 8 1090.0 - = - = — = — = -+ =
OO0 Feom DERT Lage, saghn 512 —
(" (3) (3] (] (1) ResNet-50 (@) 1455 3204 998 3194 1417 3303 1233 3557 1003 3245
_. 00 Wide ResNet-50-2 (@) 2250 T0.04 2245 7083 4049 9813 3279 9906 20.62 67.99
5 T35 84 MaobieNet V2 (@) 998 1345 62 1553 — — 742 2029 474 1477
g @ ¥ EfficentNet (@) 205 690 208 6% 239 740 154 637 157 1500
= g MLP Mocer (49) 163 365 136 366 1LT7 401 @ — — 148 425
oo £ FCNEs (d9) 4685 15842 4682 15840 — - - - 4597 16630
337 02 [ 337.02 32 32 < WaveNet (#) 2321 @43 1867 4149 — — = 216 4107
200 BERY Ly e (@) 11058 30176 1105 3182 1093 2994 1114 73 1144 3298
BERY uncr wen (D) 294 818 292 820 319 S11 380 1076 34 928
DLRM (&2) 1MBOT 12655 11738 12683 — - —_ = 11765 12642

PyTorch teech 5t TEAXLA DaCeML  Tritos T™VW
EfficentNet (@) 20 &% 24 oM 23 T 1M oW 140 S97
BERT Lancy ween (@) 294 &18 252 D 319 &1 180 107 274 762

Gurded

Trarsformation recipe matches hand written kernels and generalizes to other

s (e.g Layer Normadization)

github.com/spcl/daceml
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