=% Microsoft

ATIEBER G System for Al
RS MRE NS EIESS B

Computation frameworks for DNN



FERS
- FERT

- Tensor

- Data-flow graph, DAG

- Backpropagation and auto-differentiation

- Graph execution and scheduling

- Symbolic and imperative execution, static vs dynamic graph
- Hardware device support

2%/ \ng

- Caffe, Theano, DistBelief
- TensorFlow, CNTK

+ PyTorch, Chainer, DyNet




ol REZIJEN
1T EX—1NE2SEBIREL (BEMNE) 7 = f(w, x;)

¥ — \B %
£F » clle=—o | »
dog I I Raccoon
T | l ’
= \\) DS o .Wl " - - " loss <—'*wf
2. ENALHAHBTR: min L(w) = Loss(¥;, y;) T - 25
i I l T l Error
derror derror derror derror derror
dw, dw, dws  dwy dws
3.ITEBEHEMNSEH:. w; « w; — 1V, L(w)




fBll: —MikiRENTERGE

IEMERES WSS —MREIT I

N, D =
X np
np
np

N &
nmn

C

grad c
grad b
grad a
grad z
grad x
grad y

Efficiency

oo
o
[V}
<+
N

numpy np

14

.random.randn (N, D)
.random.randn (N, D)
.random.randn (N, D)

grad ¢ * np.ones((N, D))
grad b.copy ()

grad b.copy ()

grad a * y

grad a * x

o I -

——
1l
a

B

grad_x grad_y grad_z

Python-like

¢

> Flexibility



Bl: B—HliRAT R
AR FERERANINER S S — N A

xx1lib
X, y = load data()

y = xxlib.resnetl52 (x)

Efficiency <[ library ] Python-like > Flexibility



A= F T RESRIBR

- IR NIRRT RiE
ARSI B S

- SRHEDERE TR
RS ST ASINERE

- IREEIENA YRR RS

. ERESITEE

- ERRECEE, SEFRT: ARTRANER, NS, RERRIILES
BRI RIS S EHH T

- ERSTI, FRESMNHETSR

=)




BHARYREZEIESE (-2010)
. FERRRATRE

- EFCNNMIEHEIGRBIZIREE, m—Em

WlayersZBpk, 40:

- Convolution, Pooling, BatchNorm, ActivationZs

- FEEFR
- B R B AL E FRIF TURE M AR )Y 4%
- (EB R —LE Flayerfg pi— MR RV E]
- FEZRIEME—Mayer R EMBEITEIN
. TEFZIGEINE: CPUIIGPUMERGITE
- (KFEIELR: Caffe
Xy n=
- IR T —ERRERNRREYT
- TTEMEES: SIFGPUINIEITE

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

name @

input:

"ResMNet-152"

"data"

input_dim: 1

input_dim: 3

input_dim: 224

input_dim: 224

layer

layer

{

bottom: "data

top: "conwl™

name: “conwv "

typ Convolution

ooooo lution_param {
num_output: &4
kernel_size: 7
pad: 3
stride: 2
bias_term: false

¥

bottom: "conwl™

top: "conwl™

name: “bn_convl™

type: "BatchMNorm™

batch_norm_param {

y

use_global_stats:

true



BHARREZSIINESR (-2010)

- FEEFR
- BT A R B SR IURE X I 28
- 1REIA T —EFE Hlayerfdpl— N EERYE]
- TEZRREHE—NMayer R EBETTESCIN
. THEZIGEINE: CPUFIGPURNERITE
- (KFERIELR: Caffe

Rrs
BT —ERENA R
- HHAMEBEE: SGPUNEIH

FC-4096

MaxPool
Conv-512
Conv-512

MaxPool
Conv-512
Conv-512

MaxPool
Conv-256
Conv-256

MaxPool
Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

Image

name: "ResMet-152"

input: "data™
input_dim: 1
input_dim: 32

input_dim: 224
input_dim: 224

layer {
bottom: "data
top onwvl™
name: “Tconwv i"
type: "Convolution™
ooooo lution_param {
num_output: &4
kernel_size: 7
pad: 2
stride: 2
bias_term: false
by
¥
layer {
bottom: "conwl™
top "conwl™
name: “bn_conwl™
type: "BatchMorm”™
batch_norm_param {
use_global_stats: true
¥

library Layer-based

Python-like

Efficiency <

> Flexibility



sB—ESRRIRIRTE (1)

- RIEMHERIBRFIELIRE RES
- BHAGSRIFIENREN (Layers) EKRETXSEFRLayeréPEEHTSCE

- YMattention layer, Bach normalization layer, smapled softmaxZs

Je suis étudiant </s>

attention |
vector

....

a student <s> Je suis étudiant

— |

JRIRIER

i~

BRI ELER



B—CIEZERIBERTEN
- FTHOILILEE (Optimizer) BRIIHEEISEHITEIE

- §lAdagrad, Adadelta, RMSprop, Adam, AdaMax, Nadam, AMSGrad

IS AIER

| FC-4096 |

MaxPool
Conv-512
° —_ C -512
SG D:w e« w T]VW onv

MaxPool
‘ Conv-512
Conv-512

SGD with momentum: w « w — (yVi,* +nV5) MaxPool
Conv-256
Conv-256

MaxPool
- \ Conv-128
Conv-128

MaxPool
Conv-64
Conv-64

| Image |

https://ruder.io/optimizing-gradient-descent/



https://ruder.io/optimizing-gradient-descent/

sB—CIESRRIRPRTE()

T-EIERRY B + /50" AOISGMETOELUR B #TRYI
- ERERETEIINEHT, JRNN
- XY P TR E P 35|15

B IRREEAYNPRSHTRE, WAlphaGo

Recurrent Neural Networks

Training set V Discriminator

[ 1 -
Random AT D=

Generator = Fake image

ZHRIRT,

Environment




B_NREFIMER (2010-)
- SRR B MR AR

nr\

Tensor

B® Microsoft

CNTK

++

O

Caffe?

BilRfmizEia s tHIEC]
Python, Lua, R, C++

BiI3kS (Auto Differentiation)

-

F—RBIRDY: ITRE

SIHO@

BRI SRERT
Batching, Cache, Overlap

¥

AR LA LAST S

GPU kernel, auto kernel generation

&
CPU, GPU, RDMA devices




BT ERE (DAG) ANTHRIESR
- BEAZUREGST: Tensor (N4EZ{ZH) T

- TensorfiZdk: [2, 3, 4] -
- JCEZREL: int, float, string, etc. |

- HZNizEHJ5: Operator
- HE&REAINEEFEMK
- B OperatoriZfIN M AN Tensor, FiHEM M Tensor

- TensorFlows g > 400N E AN operator VT log WS
Sub MatMul Merge
Mul Conv BroadCast
Div BatchNorm Reduce
Relu Loss Map
Tanh Transpose Reshape
Exp Concatenate Select
Floor Sigmoid




B AUERE (DAG) RITRIESR

B RE RN TEEEIIAS
- TR Operator
- 1K ~Tensor

- IFERES (WS m%OperatOI’ Tensor 0 Tensor 1
- §NVariable Operator

Variable

- %55&AY0perator

- §0: Switch, Merge, While ZEFMIEEF iR
- FFTRHUIZ

- W0 EHIBRAERTRT RZERUKEIR R

Tensor 2




RIEE SRR

Numpy

numpy np

np.random.seed (0)

NI = 14

x = np.random.randn (N, D)
y = np.random.randn (N, D)
z = np.random.randn (N, D)
a=x %y

b=a+z

c = np.sum(b)

grad c =

grad b = grad ¢ * np.ones((N, D))
grad a = grad b.copy()
grad z = grad b.copy()
grad x = grad a * y

grad y

grad a * x

X y

sum [-x-}

B

<
<

grad_x grad_y grad_z




RIEE SRR

Numpy

import numpy as np
np.random. seed (0)

N, D

X =

y
z

a
b

CcC =

np.
np.
= np.

3, 4

random.randn (N, D)
random.randn (N, D)
random.randn (N, D)

X *y
a+ z

np.

grad c
grad b
grad a
grad z
grad x
grad y

sum (b)

1.0

grad ¢ * np.ones((N, D))
grad b.copy ()

grad b.copy ()

grad a * y

= grad a * x

TensorFlow

import tensorflow as tf
np.random. seed (0)

N, D=3, 4

X = tf.placeholder (tf.float32)
y = tf.placeholder (tf.£float32)
z = tf.placeholder (tf.float32)

a=x+%*y
a + z
= tf.reduce sum(b)

(ol op
[

grad x,grad y,grad z = tf.gradients(c, [x,y,z])

with tf.Session() as sess:
sess.run([grad z], feed dict=values)
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- SRR EIE B REGFAL?

AFIENH EETHIERENITERS?




BilskS (AD)

REF TR S BB
L(w) = Loss(f(w,x),y1) = ag(vtv)

RS ERE— MR

L(x) = exp(exp(x) + exp(x)?) + sin(exp(x) + exp(x)?)




=35 (Symbolic Differentiation)

- FRY

dL

= e ERERENHI S
2R *&E/J &ﬁ/_tﬂfriel_ﬁ

- SEEERAR: —(F) +9(0) = —f () + - 9(®)

L(F@90) = () 9@ + (5960) FG0)
- F80: L(x) = exp(exp(x) + exp(x)?) + sin(exp(x) + exp(x)?) M ELAILIESH A

VLI, LIRSHERATUSTRIITE

- —— = exp(exp(x) + exp(x)?) ((exp(x) + 2exp(x)?) + cos(exp(exp(x) + exp(x)?) (exp(x) +
2exp(x)?)

- EBRE

3

ARY Y

)R

- REFIMBIFE K> [FRESRMER> HELASKETKE
- REF—EEFLEKRS

. 4[Relu, Switch



#UEK S (Numerical Differentiation)

BB R ET ER LS

—te A\ \ ¢
=i
g x>

- BRI

=1/

of (x) _ f(x+he)— f(x)
dx h

|A)ER

- BFEUEITTEPRVERTFIAA e S TG A5 RIS R ST
- EELERERTRER—ELEKRENEF: WRelu, Switch



BifI’kS (Auto Differentiation)

- B S | NREERER— N EFRIIRED R —FRS:
- FXEENRERIR— MTREIRE

L(x) = exp(exp(x) + exp(x)?) + sin(exp(x) + exp(x)?)

a = exp(x)
b = a?
c=a+b>b
d = exp(c)
e = sin(c)
L=d+e




Bil3kS (Auto Differentiation ) (ll)

a = exp(x)
b = a?
c=a+b
d = exp(c)
e = sin(c)
f=d+e

1

df dd  df de
dd dc  dedc
df de
de db
ﬁ de  df db
deda  dbda
& da
da dx

df
dd
df
de
df

df
db
df
da
df
dx

d d

d—z exp(c) + d—“z cos(c)
df

dc

af df

% + %20,

df

T exp(x).



HzkS (AD) (li)

i 1 Forward propagation
- =

af

o 1

df  df df
= @exp(c)+£cos(c)
df df

db — de

daf - df df

da ~ de b

df df

— = —exp(x).
da da Backward propagation



8 :

- Forward #[] Backward propagationitEER2E—F?

]
f

~
o LAY |

q

=3R4 K {FERBackward propagation?

¥
X



IHETEREFSMESR
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RIETEFHRE R ENTRE

H O

HRIEBPRIRIEEHCORITEL

TE|0JjR:

FERFEXEREITERS

8]S4

df  df
de ' db

— exp(x).



WMAEREF SHESRARLIMEZIRS (1)
S MR E R TRREIER

IR

TensorFlow

import tensorflow as tf
np.random. seed (0)

N, D=3, 4

b4 tf.placeholder (tf.float32)

A=

y = tf.placeholder (tf.£float32)
z = tf.placeholder (tf.float32)
EREI
:7%T1§¥i JE@J = a=x%*y
b=a+ z
¢ = tf.reduce sum(b)

grad x,grad y,grad z = tf.gradients(c, [x,y,z])

with tf.Session() as sess:
sess.run([grad z], feed dict=values)

HERTE
2g




INGE-

- IRBIRR: 20

/

EJILE

- BllmiES: &

IR EBIERE

- BEikS:

JRIEE z:)ﬂ"]i

21&

TF-backpropagationfy
SREAERE

Bilnfmizia S tAiE0]
Python, Lua, R, C++

H#l3kS (Auto Differentiation)

-

F—RERS: THiRE

DU

BRI SRERT
Batching, Cache, Overlap

e

RZACBIM SR

GPU kernel, auto kernel generation

it EEE
CPU, GPU, RDMA devices




- IR N BT RIRIVIFEZREITER BRI 2 EIER
- FUERBE N REZIERFHEEFR BT, FTLATCIFEIFM
Uit PassEMLETTEREEIREHFITE

FrRiE | ARFHRE BEUERE Operator i%_ft%e HFS .
L ERR Batch

Il)tr
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Efiit: GEMMBZIRLIS

- Batch same-type operators to leverage GPU massive parallelism

MO[214]

Oo

I
-

—

2,

1

\_/

]

M,[4,1]

A"

M,[2,4]

v 4

|
i

0,[2,1]

—

Concat(M,[2,4], M,[2,4])

M,[4,1]

N/

Concat(0y[2,1], 0,[2,1])

!

Ot

Data-flow graph of a GRU cell
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Efiit: GEMMBZIRLIS

- Batch same-type operators to leverage GPU massive parallelism

Data-flow graph of a GRU cell
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R RERREST

RIBIKERR, OXAERBIZI TS
Multiply(x, y) -> a

Add(z, a) -> b

ReduceSum(b) -> ¢
ReduceSum_grad(c, b) -> b_delta
Sum_grad(b_delta, a) -> a_delta @
Add_grad(a_delta, z) -> z_delta >
Multiply(a_delta, x, y) -> x_delta, y_delta

Uq*\@
Yo

N o vk w

-~
SS
~
||||||||
S
~

> I I I 1 E

Operators
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R REIRHAZRIT

- FUEREEREEA T B8 E’Jﬁﬁ*ﬁ?&?

- IRIESUE BRI B IR AE FH

JEERAS

- X}

Y

(°
N
-

R, SRR
HAEFITEAS

(°
-

PATTeRERiEE TR, FIIMAERERAS!




SR RERR D 5SS ENE

- BICER D

import numpy as np
np.random.seed(0)
import tensorflow as tf

N, D = 3000, 4000

—p] with tf.device('/gpu:0'):
. =float32)

Y
y = tf.placeholder(tf.float32)
z = tf.placeholder(tf.float32)
H
a=x‘y
c = tf.reduce_sum(b)

grad_x, grad y, grad_z = tf.gradients(c, [x, ¥, 2])

with tf.Session() as sess:
values = {
X: np.random.randn(N, D),
y: np.random.randn(N, D),
z: np.random.randn(N, D),

}

out = sess.run([c, grad x, grad_y, grad z],
feed_dict=values)

c_val, grad_x val, grad y val, grad _z _val = out

33



SR RERR D 5SS ENE

- IR SRS B oS —2HSend/Recv operators

Transparent tensor
Dispatch i transmission mechanism
partitions

mmEm—————————

i ——————— -

34



ITERZ (Kerne) 5SS t8(43735

- RtzKerne) X T EFEEHBERMEFEIITESCI

- B NOperator&Ba] LLERRZZ 1 NKernel

- IBIEITEISEINAETLIE . GPU kernel, CPU kernel, ASIC kernel, FPGA kernel
- IRIBHEERBIARET LA float kernel, int kernel, half kernelZs

- tR¥EOperator/gtE A E L LB ZFhkernel
- IBITHTEZRS B otRIEOperatorAJiR 85 2:E
N AYkernelZR3AAT

SN '€

i

B Eavin =]
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$ll: TensorFlowH ;FHBICPU/GPU kernel

O 00 NN Oyl B W N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24

kemplate <typename Device, typename OUT_T, typename IN_T,
typename ReductionAxes, typename Scalar>
struct ReduceEigenImpl<Device, OUT_T, IN_T, ReductionAxes,
functor::MeanReducer<Scalar>> {
void operator()(const Device& d, OUT_T out, IN_T in,
const ReductionAxes& reduction_axes,
const functor::MeanReducer<Scalar>& reducer) {

static_assert(std::is_same<Scalar, typename OUT_T::Scalar>::value, "");

Eigen::internal: :SumReducer<Scalar> sum_reducer;

out.device(d) = in.reduce(reduction_axes, sum_reducer) /CPU COde

static_cast<Scalar>(in.size() / out.size());

}
};

// T: the data type

// REDUCER: the reducer functor

// NUM_AXES: the number of axes to reduce

// IN_DIMS: the number of dimensions of the input tensor
#tdefine DEFINE(T, REDUCER, IN_DIMS, NUM_AXES)

\
template void ReduceFunctor<GPUDevice, REDUCER>::Reduce( GPU Cod‘e

OpKernelContext* ctx, TTypes<T, IN_DIMS - NUM_AXES>::Tensor out, \

TTypes<T, IN_DIMS>::ConstTensor in,
const Eigen::array<Index, NUM_AXES>& reduction_axes,
const REDUCER& reducer);

\
\

SIS



INGE-

- IRBIRT: SUERE
- Eﬁi‘f"ﬁin'ér _%H"Qﬁi*ﬂl EIE

JRIZE 2:)]1"31 2? SHERE

- B9 BiLE
- FieT FRE
- IREWNE: BTV
- BFA%: BP0

N Mt

Kpropagationfy

g—tzt)]/\

IREE

Bilnfmizia S tAiE0]
Python, Lua, R, C++

H#l3kS (Auto Differentiation)

-

F—RERS: THiRE

DU

BRSNS RERT
Batching, Cache, Overlap

e

RZACBIMSRF

GPU kernel, auto kernel generation

it EEE
CPU, GPU, RDMA devices




E?ﬁlb\ﬁ?&lllb EIJVI-%H: Eﬁﬂﬁ,“\*ﬂﬁkm

- LR

- IENERKRE: HFSENEEY LS TEREI

- NEFREARERS: LR

SUEREERDTARFEREmEH

- BOFRIRIEME TLX%T?&.B A REAREFH R HIRIES

- TR

AR SFRBE YT SEURAESII AR EER, #LDebug

- RENRENE: ZRTEFES, T HEEHIRIINS ST AT AT

Caffe
Programing with config
Large kernel granularity

« TensorFlow, CNTK, Caffe2
Declarative programming
Graph optimization

Python, Numpy, Scipy
Cannot leverage GPU
No programming restrict

Static graph

More Efficiency < Layer-based

Python-like > More Flexibility



B AISEERERNTRIESS

- JATE N IBHIT-Define-by-run
- ARISEEMITEIRE
R Ci=
- VEEIRTH{ER Layertafk
- FAFBE & X Layeral LARE layerHR,
- AISCEYIEENTRER
- EHIRESEES RN WPython
- YIEEZIREINE: CPUFIGPURYESRGTE
- fZFRIEZE: PyTorch
- LR

- IR RIGHA fmiE A Al it

PyTorch

torch
from torch.autograd import Variable

N, D =

Variable (torch.randn (N, D) .cuda())

N &
nmn

Variable (torch.randn (N, D) .cuda())
Variable (torch.randn (N, D) .cuda())
a=x%*y
b=a+ z
c = ¢ + torch.sum(b)

c.backward ()



BTSSR RERITEIESRR: PyTorch Example

class LinearLayer(Module): class FullBasicModel(nn.Module):

def __init__(self, in_sz, out_sz): def __init__(self):
super().__init__() super().__init__()
t1 = torch.randn(in_sz, out_sz) self.conv = nn.Conv2d(1, 128, 3)
self.w = nn.Parameter(t1) self.fc = LinearLayer (128, 10)
t2 = torch.randn(out_sz)
self.b = nn.Parameter(t2) def forward(self, x):

t1 = self.conv(x)

def forward(self, activations): t2 = nn.functional.relu(tl)

t = torch.mm(activations, self.w) t3 = self.fc(t1)

return t + self.b return nn.functional.softmax(t3)
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IATSEEAE- 1T

Prototype, debug, train, Optimization, other

experiment )) languages, deployment T T
(I) scripting ’ or ﬁ {

AST Code

def dumb_function(x):
return x.t().t()

>>> traced_fn = torch.jit.trace(dumb_function,
i torch.ones(2,2))
>>> traced_fn.graph_for(torch.ones(2,2))
graph(%x : Float(*, *)) {

return (%x) ;

¥
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-

» PyTorch, Chainer, DyNet
+ Caffe : : :
» Imperative programming(Define-by-run)

* Programing with config - No graph optimization

* Large kernel granularity

» TensorFlow, CNTK, Caffe2 * Python, Numpy, Scipy
» Declarative programming « Cannot leverage GPU
» Graph optimization * No programming restrict

More Efficiency «Layer-based-Static graph-Dynamic graph. Python-like » More Flexibility




T RERES

Frameworks

Hardware

Gen 1 pre-2010

Custom purpose
machine learning
algorithms

Theano
DisBelief
Caffe

Algebra &
linear libs
 CPU
« GPU

Gen 2 2070-present

Deep learning
frameworks
provide easier
ways to leverage
various libraries

= 5

Al framework
Dense matmul
engine

Gen 3 present-

Machine Learning Language and Compiler

4

1111

1111

TT 11

LI

A Full-Featured Programming Language for
ML: Expressive and flexible
Control flow, recursion, sparsity

Powerful Compiler Infrastructure:
Code optimization, sparsity optimization,
hardware targeting

SIMD - MIMD

Sparsity Support

Control Flow and Dynamicity
Associated Memory
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SEEE

- Large Scale Distributed Deep Networks, NIPS"12

- Caffe: Convolutional Architecture for Fast Feature Embedding, MM'14

- TensorFlow: A System for Large-Scale Machine Learning, OSDI'16

+ PyTorch: An Imperative Style, High-Performance Deep Learning Library, NIPS"19

- Theano: A Python framework for fast computation of mathematical expressions, arXiv 16
- Automatic Differentiation in Machine Learning: a Survey, [Link]

- Automatic Differentiation and Neural Networks, [Link]


https://people.cs.umass.edu/~domke/courses/sml2011/08autodiff_nnets.pdf
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