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Schedule

o Lecture#1: Theory: The Standard Model of ML
A blueprint of ML paradigms for ALL experience
(Jan 19 Thursday, 4.450m-6.150m UK Time)

o Lecture#2: Tooling: Operationalizing The Standard Model

Compose your ML solutions like playing Lego
(Jan 20 Thursday, 1:00pm-2:30pm)

o Lecture#3: Computing: Modern infrastructure for productive ML

Automatic tuning, distributing, and scheduling
(Jan 20 Thursday, 4:.45pm-6.150m)

Petuum’
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Tooling:

Operationalizing The “Standard Model”
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Recap of Part-l: Standard Equation

min — Eqey) | £(2,9) | + 5D (4G 3), o (x.3)) - (@)
3 terms: .

Experience Divergence Uncertainty
- data examples - Cross Entropy e.g., Shannon entropy
- rules - JS Divergence
- reward - f-Divergence
- adversarial models - Wasserstein Dist.

migz —E4+D-—H

Petuum’ 5 g
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Recap of Part-l: Standard Equation

ming £(6, &)
/ / \ ~ -~ -
L vy RSN
Optimization Model Experience
solver architecture

Petuum’ 6 g
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ARTIFICIAL INTELLIGENCE

Part-ll: Operationalizing The “Standard Model”

e ML solution design
o Plugging arbitrary experiences in learning

e Tooling for composable ML

—)

ming £(9, &)
/ / \ ~o

Findings: Raw Data Enrichment Model/Algorithm System/Infra

-~

b w ll - ~> :gww "lm::,? lm'_"e" Z: e s . Hierarchical LSTM
Optimization Model Experience 2, — “ o = E _
H 8 ges of the thoracic spine e :
solver architecture o ‘ 7 :

No acute cardiopulmonary abnormality.

Task: Automatic Medical Report Generation

Requires inter-operation R e S
between diverse systems

User interface for Doctors

Q!
i

Petuum’ ! g
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Problem solving by plugging arbitrary available
experiences in learning

Standard equation
mip — Eqcay | £00,9) | + D (.9, po (. 9) - pHCo)

q,6

f=w @) +w fxIED 4 ws fxI®) + ws f(xIED + -

Petuum’ 8 g
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Problem: Controllable Text Generation
Ex. controlling sentiment

Goals: generating a new sentence that has the target sentiment while
preserving all other aspects

Key challenge: no direct supervision data

target sentiment

positive
Model
source text Do (X) generated text
The manager is a horrible person! The manager is a perfect person!
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Designing the Solution

Goals: generating a new sentence that has the target sentiment while
preserving all other aspects

1) Consider what experiences to use

target sentiment

positive
Model
source text Do (X) generated text
The manager is a horrible person! The manager is a perfect person!

Petuum’ [Hu et al., ICML'17] . P
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Designing the Solution

Goals: generating a new sentence that has the targetjsentiment b/\/hile
preserving all other aspects |

1) Consider what experiences to use

@Sentiment classifier

The manager is a . - | |
perfect person! % £S|Sentiment classifier —» logit of target sentiment

Petuum’ [Hu et al., ICML'17] ) P
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Designing the Solution

Goals: generating a new sentence that has the target sentiment while
preservingjall other aspects

1) Consider what experiences to use

@Sentiment classifier

Petuum’ [Hu et al., ICML'17] ) P
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Designing the Solution

Goals: generating a new sentence that has the target sentiment while
preservingjall other aspects

1) Consider what experiences to use

Self-construction
@ data examples

@Sentiment classifier

target sentiment

negative
Model
source text Do (X) generated text
The manager is a horrible person! The manager is a horrible person!

Petuum’ [Hu et al., ICML'17] - P
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Designing the Solution

Goals: generating a new{sentence that has the target sentiment while
preserving all other aspects

1) Consider what experiences to use

Self-construction
@Sentiment classifier @ data examples @ Language model
The manager is 2 — L] Language model — perplexity score

pertect person!

petuum” [Hu et al., ICML'17] ) P
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Designing the Solution

1) Consider what experiences to use

As

@ Self-construction

Sentiment classifier data examples

2) P

Petuum’

ug experiences into the algorithm

[Hu et al., ICML'17]
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Language model
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Designing the Solution

1) Consider what experiences to use

Self-construction
@Sentiment classifier @ data examples @ Language model

2) Plug experiences into the algorithm

Source text: The manager is a horrible person!

Experiences plugged in: Resulting generated text:

f = f(xIBd)
+ fx8)

i |
n f(x AL ) The manager is a perfect person!
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Experimental Results

Accuracy (T)  Perservation (T) Language quality ()

Sentiment classifier gs 98.9 (& 0.1 326.1

+ Self-construction ~ ~

data examples @ 87.7 & 635.6 (&) 115.6

+ Language model éL 912 & 57.8 & 47.2 &)

Petuum’ [Hu et al., ICML'17] - P
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Applications in other controllable generation problems

Controlling sentiment

Guiding conversation flow

____________________ s Hi, how are you today?

e A . [Hu etal., ICML'17]
Neg ' The film is strictly routine! | Fine. Just finished riding along the river.

Cool! You can ride bikes, listen to music
there too.

Rewriting content
Yes. | like Taylor Swift.

He scored 23 points and pulled down 8 rebounds .

| love to sing her songs! Do you?

Name LeBron James
) : Not really. | cannot sing well.

Points 32
: ing? ino!

Rebound | How about dancing? | love dancing!
i 4

S .

Assists |7 [Tang et al., ACL'19]

scored 57 points, pulled down

[Lin et al., pre-print’20] 18

Petuum’ rebounds,
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Applications in other controllable generation problems

Generated images under different poses

source targetpose  Base + Constraint true target

¥

Constraints of (
human gesture i\‘j @3

[Hu et al., NeurlPS5’18]
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Compositionality

Modular and standardized

Complex “rhythms” and “chords”
systematically built out of simpler “notes” 2

One-off design and programming




UCSanDiego Use MT as thé St
example due to time constraint

Running Example: Machine Translation (MT)

source.dat target.dat
@:@ | like this movie. Ich mag diesen film.

: @ > Lovely and poignant Schon und ergreifend data instances

cleaning, tokenizing, Insanely hilarious! Wahnsinnig witzig!

truncating, ... 7| 7

BLEU @
Semantic ROUGE reward Adversaries
score e
experiences
__________________________________________ model/
ovaluation . architecture == C"ﬂ L
u training -— o) |

id & Norm ]
= P 1
E]E].. """"" .E]E]E].%J
Nx Add & Norr —ept
id & Norm accept
| Multi-Head M':‘\ij::d —\ [_\ [m_‘ [T ’—‘ @

post-processing
< min
q,6

Petuum’
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Running Example: Machine Translation (MT)

cleanir
truncat

BLEU
Semantic RO

score

evaluation
post-processing

dline(int arge, char *tarav)

char surgaasel;

snume,da’r

transpart_type tiype = k
chars xertal = nULL
chars s,

anspartany;

e = nuLL;

ProductOutPath = geteny("ANOROID_PACO!
iF (aProductoutpath == NULL || gPraduc
GProductoutPath = NULL;

aertal = geteny("ANDADID_3ZRIAL

tazerver = 1
3 €lse if(1atrena(arav(o], "nodaena
no_dasran = 3;
3 else if (1atrcrplaraviol, “fork
ta_dasnan = 3
3 else if(1atrcrplaraviol, “pe.
paratat = 1
3 else if(1atencrataraviol, “-5",
const char
if taravieara)
iF (arge < 2) return usage
product = argy] -

product = argu[o] + 2;

3
ProductOutPath = find_product
i (aPraductoutpath == WULL) [
fprintt(stdars, "adb: coul,
product);

return usage():

3
3 else if (araviogrole=

if (
3 else ¢
flarae <
L

3 else if (1atrerplarav(ol,”-d7))
ttype = KTranaportuab;

3 else if (1atrerplaraviol,”-e%))
ttspe = KTranaportiocal;

aravio],"-a%))

araviol, “one,
NSt char “hostname = MULL;
if (argvionra) ==

if (arge < 2) return usage

ey ¢

3 else if(1atencrataraviol, “-57,
if (argviolrz) == vet) ¢
f (arge < 2) return usage

port_ste = argu(e)

3
i (strien(aarvar_part_str)
tiat) aertol
« port <= 0 1]
fortntt(stdare,
“adb: port nun
rver_port_at

Petuum

"
ftarae

¥
3 else ¢
fortntr(atdere,
adb: part nunbe
return usage()

3 else ¢

break;

¢ _transport(ttype,
¢ tep_spactrical

ctaty;
sort);

U (ta_server)
iF (no_da

ifi ¢
fortatr(atders,

retura <

ot
return usage():

. tdevicesy) €

char tstopt;

if (arge < 2)
Uatopt = *7;
€lse if (arge == 2 &8 tatrcmp(ar

fortatr(stders,
return

Unage: adb

anprtntribur, sizeof bur, “host
trp = adb_query(but);
ifene
Brintr("List of devices atts
Brintr(*xain",
return
3 else ¢
retura 3;

if(tatrenptarauial, “cannect™)) ¢

char trg
if (arge 1= ) ¢
fprinte(atders, "Usage: adb

return

anprintribur, sizeof bur, “hoat

® = adb_query(bur

iftene
printr(*ssin®, tre);

f(tatrenptargvie), “dtaconnect™))

if (arge == 23 ¢

anpetntr(bur, sizeof sur, °h)
else ¢

anprtntr(bur, sizeof sur, °h)

if (1atremptaravien, -
return ads_

) €
nd_smutator_cammand| |

USRI

if ¢
Brintr(*\ab[42;33m0);
Friush(stdout)

= tnteractive_sheli(l

if iy ¢
Brintr("iasblont);
frlush(atdout);

3
retura «;

anprintr(bur, sizeof bur, “shell:xa 120

while(arge-- > o) ¢
atreatibur, © *);

fortio

O(*tntaractive shell lasp. bure

74 = adb_connect(bur);
ifira > o

av == 0 || strchr(

target.dat

Fparataty

fortntf(atders, "\n- wattin

Brintr(*\aiblon");
Friush(stdout):

3
O(tntaractive shell loop
return o

f(atecrptarguia), "kill-servar)) €
int ra;

fd = _adb_connect(host:kill®);
iferd == o1 ¢
fortatriat server nat r

retura :

return o;
f(atecnptarguie), “stdetoad)) ¢
farge t= 2) return ussge();

if(adb_downlosd (“stdetond”,
retur 3;

3 else ¢
retura o;

:

F(atecnplarauial, “ramaunt®) |1 tate
trcrplaraviel,
tremplaravial, “tepte™) |
trcmplaraviel, “raot®)) {
char command[1003;

if (1atrcmptaravien,
anprtatf(canmand, sizeof(cor

@ == kTransparts *

q

o

d 13
i

fi

and(bur, sizeof bur

vice, ttype, sertal);

Teturn do_sync_ts(araviil;

f(tatecnptaravion, “push®) €
f(arge 1= 3) return ussge(y;
return do_sync_push(argvlil, aravizl, 0

ftarae > 1) ¢
ac

arave return do_sync_pull(aravs
30to to 3 else ¢

N return usage();

return o;

3

tatrcmplaravial, “farward®)) {
char hoxt_prefix(ed];

trcmplaraviel, “tnstall®))
03

if (arge < 2) return us
return tnstall_spp(ttype,

char st = o;
char no_rebtnd = o

f(tatrenptaraviol, “untnatali®y) ¢
if (arge < 2) return usage()
return untastall_spp(ttype,

while (arge > 1 88 arguizire]

if (tatrcmplarguiz], “--ltat))
at = 3

else if (tatrcmplaravizl, *-o)

f(atecnptaraviol, “ayne™))
char arcara, androtd_srcpath, *da
int teatonty = o;

else if (1atrcmat
int rat;
ifarae < 2) ¢

if (st o
retura us

3 else iftarac == 2)

i (rertan) ¢
anprintrihont_prarix, sizeof h
sertaly;

3 else if (ttype == kTransportuss)

anprtntrihont_srarix, sizeof b

3 else if (ttype == kTransportiocs

anprintrihont_prarix, sizeof
else ¢

anprtntrihont_prarix, sizeof h

rat = find_aync_diea(arcar,
if(rat 1= 2y return

ync(androtd_srcpath,
rcpath 1= WULL)
rat = do_sync_sync(data_srcpath,

f(tatrenptaravie)
trerptaraviol,

forintr(stdare, x| trcmparauio], et devaath*))
return 1 ¢
3 char ure:
printr(sa”, far
tras(rormardn); farnat haxt_command(bur, 3izeof bur, araviol, tizse.
retura o; trp = adb_susey(bur);
A ifcene) ¢
printr(xata”, tred:
retura o;
» elae ¢
retura 1
)
)
else iF (ramove) € iatrenptaravion, “status xtndon)) €
i (arac status_windon(tizpe, sertal);
retura o;

arcarg = MULL;
3 else if (arge >= 2 &8 strcmp(araviil, ©

Sandrotd_srcpath, Kdats

aravy;

ortal, arge, arav);

1) =0y ¢

repath);

yater

Ustenty);

“rdata”, Uatenly);

atrcmplaravie], "loteat™) || tatrcm(aravle], "langeat™)) {

MOHAMED BIN ZAYED
UNIVERSITY OF
ARTIFICIAL INTELLIGENCE

g

1N €

Translation
Predictor

Multi-Head
Attent

& 7_J
Norm We T
ouput
Head Muiti-Head
ttion Attention
Tenstomer

db_clona(rd);

t f(tateenptaravie), "tageat™) 11
forward <loca + return togcat(ttype, sertal, arge, arav):
torward 4 <toca N
else
« if(ateenptaravion, eee™)) €
if (arge return ppplarac, arav);
retura us N
const ch nd = no_rabtnd

anprinte(bur, sizeof bur, "xa:us if (1atrcrptaravion,

return adb_connect(“host:start.sa

3
F(adb_cammand(bur)) €
xatan, iF (1atrerp(arguio), “backup)) ¢
return return backup(arac, arav);

3 3
return o;

if (1atrcnptaravie),

to

3

trcmal i (1atrcrptaraviol, “3dws™)) ©

iftarac it rd = adb_connect(*3dwp 3

iAF (rd >=0) 1

iftarae < 1) €
ting tnteractive shellin®y;

nd_durp(rd);

retura o;

3 else ¢
fortatr(atd
return .3;

if(tatremptaravier,
hetp();
retura o;

if(1atremplaraviol,
veraton(atdout);
return

:

usage();
retura

“hetp®) 11

tan"3) €

Position; Trnstomer
Encodin
ut Output
iding Embedding Postion
Embeddings
ts Outputs Ebadtings
(shifted right)
e I ]! [Enn
Transformer - model G : | |
nput few) (%) =) () :mm]
Santance
+ labol ctor is | good
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Solution with Composable ML Tools

b L iemct, S
Dccu
S
=
Good work - but 7 think -
we might need a little
more detail right fere.

Composable ML

A modularized way to
build complex applications

Petuum” llll T
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Solution with Composable ML Tools

o Build Al solutions more easily, via pick-and-choose:

o EXperiences: data instances, reward, adversaries, rules, ...

o Models: recurrent, transformer, convolutional, ...

o Tasks: classification, regression, generation, discovery, ...

e Stop writing same one-off code again and again
o More reliable and easier to debug

o Easier to onboard new developers

Petuum’ 24 Lg
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Running Example: Machine Translation (MT)

data instances

source.dat target.dat
@:@ | like this movie. Ich mag diesen film.

| @ > Lovely and poignant Schon und ergreifend

cleaning, tokenizing, Insanely hilarious! Wahnsinnig witzig!

truncating, ... 7 7

BLEU @ .
SemanticROUGE reward Adversaries
score -
experiences
evaluatlon. training
post-processing <
< ' min
q, 6

model

Petuum’

oooooooooo
Encoding
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ML Components ming £(6,

Optimization Loss Operation  Architecture

Divergence Experience

Petuum” 26 g
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ML Components ming £(6,

Optimization Loss Operation  Architecture

Divergence Experience

Petuum” 27 g
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Architecture ming £(0, €)

e Neural network design
e Graphical model design

o Compositional architectures

Petuum’ 28 g
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Architecture ming £(6,€)

e Neural network design
e Graphical model design

e Compositional architectures

Petuum’ 29 Lg



UC San Diego IBQ& :

mn!l

Neural Architecture (1): Language Model i (6. 6)

o Calculates the probability of a sentence:

o Sentence:
Example:

y — ()’1;}72; "';yT) (I, llke, thIS, ...)

Petuum’ | 30 g
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Neural Architecture (1): Language Model i (6. 6)

o Calculates the probability of a sentence:

o Sentence:
Example:
y — ()’1;}72; "';yT) (I, llke, thIS, ...)
T
pe(y) = . pe e | ¥1:6-1) - pg (like | I) pg(this | I, like) ---

Petuum’ 31 g
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Neural Architecture (1): Language Model i (6. 6)

o Calculates the probability of a sentence:

o Sentence:
Example:
y — ()’1;}72; "';yT) (I, llke, thIS, ...)
T

Pe(y) = . pe e | y1:6-1) - pg (like | I) pg(this | I, like) ---

Architecture (1.1) | ke his
1 [ !
LSTM RNN LSTMy —> LSTMy —>| LSTMy ——> ...

[ f f
Petuum’ <BOS> | like 32 g
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Neural Architecture (1): Language Model i (6. 6)

o Calculates the probability of a sentence:

o Sentence:
Example:
y= (y1;yZ;---;yT) (I, llke, thIS, ...)
T

pe(y) = _Po Ve | ¥1:6-1) - pg (like | I) pg(this | I, like) -

Architecture (1.2) | like this
A ) )
Multi-head Self-attention —>

Transformer

| | |
Petuum’ <BOS> | like 33 g
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Neural Architecture (2): Conditional Language Model

o Conditions on additional task-dependent context x

o Machine translation: source sentence

| like this movie. ——> Ich mag diesen film.

o Medical image report generation: medical image

... There is chronic pleural-
parenchymal scarring within
the lung bases. No lobar
consolidation is seen. ...

Petuum’ 34 g
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Neural Architecture (2): Conditional Language Model

o Conditions on additional task-dependent context x

T

Poy1x) =] ] Po0elyie—1,%)

Petuum’ 35 g
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Neural Architecture (2): Conditional Language Model

o Conditions on additional task-dependent context x

T

Poy1x) =] ] Po0elyie—1,%)
| like this
A 0 i)
Multi-head Self-attention —>

| | |
Petuum’ <BOS> | like 36 g
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Neural Architecture (2): Conditional Language Model

o Conditions on additional task-dependent context x

T

pe(¥ | x) = t—1p9 (Ve | ¥1.6-1, %) « Language model as a
[ like this
? | |
Decoder >

! I f
Petuum’ <BOS> | like 37 g
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Neural Architecture (2): Conditional Language Model

o Conditions on additional task-dependent context x

T

 Language model as a
pe(y | x) = Po (Ve | Y1:t-1,X |
0 =1 oLt t ) « Encodes context with an encoder
| like this
1 1 1
feature _
Encoder Vector Decoder —>

[ [ f f
Petuum’ X <BOS> | like 38 g
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Neural Architecture Components ming £(0,)

Task: MT

Seq to seq

RN

Encoder Decoder
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Neural Architecture Components ming £(0,)

Task: Sentiment NER MT

| |

Classification Seqg-Classification Seq to seq

JAN

Encoder Decoder

B P
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Neural Architecture Components ming £(0,)

Task: Sentiment NER MT

| |

Classification Seqg-Classification Seq to seq

[ TS N

Classifier Seqg-Classifier Encoder | | Decoder

S

. P
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Neural Architecture Components e (0.
Task: Sentiment NER MT
Classification Seq-Classification Seq to seq
Classifier Seq-Classifier (Encoder Decoder
FeedForwardNN RNN Transformer

.
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Neural Architecture Components e (0.
Task: Sentiment NER MT
Classification Seq-Classification Seq to seq
Classifier Seq-Classifier [Encoder Decoder
FeedForwardNN Transformer
Layers: Convy, Cell: LSTM, GRU, Recur-Attention: Multi-head

Dense, ... Bah, Luo ... Attention Lg

43
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an

ming L(6,E)

Other Neural Architecture Components

T VGG G
oogleNet ResNet
o Fully connected AleXNet g
: Convolutional & pooling 8 layers 19 layers 22 layers 152 layers
© ReCU rrent | 11x11 conv, 96, /4, pool/2 I [ 3x3 conv, 64 ] n -
v =
¢} ReSNetS | 5%5 conv, 256, pool/2 I [ 33 conv,*64, pool/2_| 2
o Etc ] * [ 3x3 conv, 128 | &R ﬁ gg
) ) ) | 3x3 CO;V’ 384 I [ 3x3 conv, YZS, pool/2 | - & m
. Activation functions T e =
o Linear and RelLU e -
. . | 3x3 conv, 256, pool/2 | | v I e B b B B
0 Sigmoid and tanh -2 >
I fc, 4096 I [ 3x3 conv, 256, pool/2 ] AR m =
° Etc. v [ 3x3 chv 512 | Ry
| fc, 4096 | v ot =
* [ 3x3 conv, 512 | B3 B E l? :
v EEAER @
| fc, 1000 I [ 3x3 conv, 512 | == =
[ 3x3 conv, 512, pool/2 ] R B (A
v ==
[ 3x3 conv, 512 | BB B0 o B
v B B0 A
[ 3x3 conv, 512 | s
v ==
[ 3x3 cc:v, 512 | 2 £ 15 O
[ 3x3 conv, 512, pool/2 ] %?E
[ fc, 4096 | b b e
e e b
[ fc, 4096 | ==}
==
| fc, 1000 | )
[ ]
(==
=
)

Petuum’

44
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Architecture r'n!glw,g)

e Neural network design

e Graphical model design

e Compositional O/?\O :> (l)_.?_.? :> m

O o060 _ o600

SEQUENCE
Naive Bayes HMMs GRAPHS Generative directed models
CONDITIDNAL CONDITIDNAL CONDITIONAL
%
O@b SEQUENCE m GENERAL
Logistic Regression Linear-chain CRFs GRAPHS Gengéal CRFs g

Petuum’
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ArCh itQCtu re ming L(0,E)

e Neural network design
e Graphical model design

o Compositional architectures

A—EHEF »El»z»m i—i "\
BE D) e
e 53 X*IIP -~ »

(e) ()

Petuum” E refers to encoder, D to decoder, C to Classifier, A to attention, Prior to prior d/strlbut/on, and M 6 memory g
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ML Components ming £(6,
Optimization Loss Operation  Architecture
Divergence Experience
decoder
LSTM RNN

Attention RNN

Transformer

encoder

classifier

Petuum” 47.. Lg
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ML Components ming £(6,
Optimization Loss Operation  Architecture
Divergence Experience
decoder
LSTM RNN

Attention RNN

Transformer
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Operation, Loss & Optimization (1): mq!“
Learning from data instances it £(0€)
Loss Operation
« Experience: data instances (x*, y*) Teacher-forcing decoding:
 Divergence: cross entropy For every step t, feeds in the previous
e Reduce to MLE: ground-truth tokens y;.,_; to decode next
| . step
Ly = —logpe(¥* [ x7) = — tzlpe()’if | ¥1:e-1,X7)

Optimization SGD

| like this
? { 1
Encod feature _ Decod
ncoaer vector - ecoaer —>

I, ! I f

Petuum’ X <BOS> l like 49 g
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Operation, Loss & Optimization (2): m!“
Learning from adversaries + data instances e 106

Loss Operation

« EXxperience:
« data instances (x*,y*)
« adversary (discriminator)
* Divergence: JSD, f-Div., W-dist.

Optimization PFD, convex duality

| like this
? | |
feature _ Decod
vector ~ ecoaer

f f f

Petuum’ <BOS> I like

Gumbel-softmax decoding:

Uses a differentiable approximation of
sample y for gradient backpropagation

0L(Y) _0L(Y) Oy

06 dy 06
ey )
Samp’e >| Discriminator —|—> real / fake
data example y* 50 %S
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Operation, Loss & Optimization (3):
Learning from reward + data instances

| 0SS

* EXxperience:
» data instances (x*, y*)

* reward metric, e.g., BLEU

« Divergence: cross entropy

Optimization EM

Operation

Greedy decoding
Sampling decoding
Beam search decoding
Top-A/ Top-p decoding

Policy Gradient Agent

> Decoder

data example y*

sample y

BLEU

Petuum’

rewards

51
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m!!ll

Holistic View (0.6
Optimization Loss Operation  Architecture
Divergence Experience
SGD Cross Ent. Data instances decoding decoder
EM IS Div. Reward \?\ﬁ Teacher-forcing LSTM RNN
PFD f-Div. Adversarial model \'i Gumbel-softmax ) Attention RNN
Episodic RL W Dist. Data + Reward / Sample //////;$ Transformer
Rules Greedy ///A

Adversarial + Reward encoder

Top-k sample classifier

Petuum’ 5. g
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called as uniform II EEEEE
Holistic View subroutines interfaces :!!Lw,g)
Optimization Loss Operation - Architecture
Divergence Experience |
SGD Cross Ent. Data instances decoding decoder
EM IS Div. Reward \\\ Teacher-forcing LSTM RNN
PFD f-Div. Adversarial model Sample Attention RNN
Episodic RL W Dist. Data + Reward Greedy Transformer
Rules Gumbel-softmax
Adversarial + Reward Beam-search encoder
Top-k sample classifier

Petuum” 83.. ag
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Summary so far: the concept of composable ML

o Composable ML

o Basic “musical notes” for complex ML
systems

o Structure/rules for combining notes
into “chords”/“rhythms”

o ... and chords/rhythms into
compositions

o (or just think of it as Lego for ML)

e Next — Symbolic programming via
Petuum Texar open source

Petuum’
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g Carnegie Mellon University /

ML Composation with Texar

Compose your ML applications
like playing building blocks




1 )
UC Sal’l DlegO ,'c’\“. mmb;gmal :::::::

Expert’s Intellectual “View” of Composable ML

Sentiment NER MT
Classification Seg-Classification Seq to seq
Classifier ‘ Seqg-Classifier Encoder \ Decoder]

e

FeedForwardNN ] CRF Transformer J

/ | x

Layers: Cony, Cell: LSTM, GRU, Recur-Attention: Multi-head
Dense, ... Bah, Luo ... Attention




Texar Ste 2 ' .
ol

i ‘Texar stack

Applications

Library APIs Model templates + Config files

Training Evaluation Prediction

Models Data Trainer

(d

Architectures Losses MonoText | PairedText | Executor | Optimizer

Encoder| Decoder ' [Embedder  Classifier | (Seq) MaxLikelihood | Adversarial Dialog Numerical & Seq/Episodic RL Agent

Memory | Connector | Policy QNet Rewards RL-related ~Regularize = Multi-field/type Parallel || Irdecay /grad clip/ ...

0110 WHSIYIY S

9 * —
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Module Catalog in Texar

Model architecture

Encoder

— UnidirectionalRNNEncoder
| BidirectionalRNNEncoder
— HierarchicalRNNEncoder
— ConvEncoder

— TransformerEncoder

Model loss

Loss

— MLE Loss

l: (Sequence) Cross-entropy

— Adversarial Loss

|: Binary Adversarial Loss

— Rewards

Pet

Decoder

— Greedy/Sample/BeamSearch/
GumbelSoftmax/... Decoding

Trainer

RL Agent

Seq RL Agent
’— Seq Policy Gradient Agent

— Episodic RL Agent
Policy Gradient Agent
DQN Agent

Actor-critic Agent

Embedder Classifier/
Discriminator
— BasicRNNDecoder — WordEmbedder -
(one-hot / soft) RNNClassifier
— AttentionRNNDecoder 3
e ConvClassifier
el RE A — PositionEmbedder
andana zed _HierarchicalClassifier
LuongAttn Parametrize
- MonotonicAttn Sinusoids
— TransformerDecoder

Data

Optimization

— Optimizer
I— Adam/SGD/...
— Learning Rate Decay

I— Piecewise/Exp/...

Connector

— MLPTransformer

- Stochastic

— ReparameterizedStochastic
— Concat

— Forward

Data

— MonoText

— PairedText

L— MultiAligned e
— Dialog

— Numerical

. E
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Texar Highlights

g
N 3 4
- —
\ y -
: ¢ § N\
/ \
Modularized Versatile Extensible
Assembles any complex Supports a large variety of Allows to plug in any
model like playing models/algorithms/ customized or external
building blocks applications ... modules

Petuum” 59 Lg
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Running Example: Machine Translation (MT)

data instances

source.dat target.dat
@:@ | like this movie. Ich mag diesen film.

| @ > Lovely and poignant Schon und ergreifend

cleaning, tokenizing, Insanely hilarious! Wahnsinnig witzig!

truncating, ... 7 7

BLEU @ .
SemanticROUGE reward Adversaries
score -
experiences
evaluatlon. training
post-processing <
< ' min
q, 6

model

Petuum’

oooooooooo
Encoding
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Running Example: MT - Learning from data instances

e Input: a source sentence:

e Dataset:

Petuum’

| like this movie.
o Qutput: a target sentence:

lch mag diesen film.

source.txt target.txt vocab.txt
| like this movie. Ich mag diesen film. |
Lovely and poignant Schon und ergreifend Itlfll(lz
Insanely hilarious! Wahnsinnig witzig! movie
Ich
mag

4

74
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Running Example: MT - Learning from data instances

; E



UCSanDi . | ‘ T
n e Implementation with %T@xar

Running Example: MT - Learning from data instances

| # Read data YAML config files
Data { > dataset = PairedTextData(data_hparams)

data_hparams:
3 batch = Datalterator(dataset).get _next()

1

2 batch_size: 64

3 num_epochs: 10

4 shuffle: True

5 source_dataset:

6 files: ‘source.txt’

7 vocab_file: ‘vocab.txt’
8 max_seq_length: 100
9. bos_token: ‘<BOS>’
10. eos_token: '<EOS>’

11.  target_dataset:
12.
13.

Petuum’ 63 g




HsanDicgo Implementation with %T&Xar *
Running Example: MT - Learning from data instances

— 1 # Read data YAML config files

Data — 2 dataset = PairedTextData(data_hparams)
. 3 batch = Datalterator(dataset).get _next()

Architecture —
& Inference

Petuum’ 64 g
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n e Implementation with %T@xar

Running Example: MT - Learning from data instances

gu—

# Read data YAML config files
dataset = PairedTextData(data_hparams)

batch = Datalterator(dataset).get _next()

# Encode

embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)

Data -

—

[ N S N

1. embedder_hparams:

2 embedding_dim: 256
3. dropout_rate: 0.9

4 regularization: ‘L1L2’
5

Architecture —
& Inference

Petuum’ 65 g




UCSanDiego Implementation with % T%‘Xar
Running Example: MT - Learning from data instances

# Read data YAML config files
dataset = PairedTextData(data_hparams)

batch = Datalterator(dataset).get _next()

# Encode

embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)

6 encoder = TransformerEncoder(hparams=encoder_hparams)

gu—

Data -

—

[ N S N

1. encoder_hparams:
2 num_blocks: 16
3. num_heads: 8
, 4. hidden_dim: 256
Architecture — . -
6
7

& Inference output_dim: 128

dropout_rate: 0.8

Petuum’ 66 g




UCSan Diego Implementation with % T&Xar ’
Running Example: MT - Learning from data instances

gu—

# Read data

dataset = PairedTextData(data_hparams)

batch = Datalterator(dataset).get _next()

# Encode

embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)
6 encoder = TransformerEncoder(hparams=encoder_hparams)

7 enc_outputs = encoder(embedder(batch['source text ids']),

8 batch['source length'])

Data -

—

[ N S N

Architecture —
& Inference

Petuum’ 67 g
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AR Implementation with %T@Xar EEEEEEEEE

Running Example: MT - Learning from data instances

gu—

# Read data
dataset = PairedTextData(data_hparams)
batch = Datalterator(dataset).get _next()
# Encode
embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)
encoder = TransformerEncoder(hparams=encoder_hparams)
enc_outputs = encoder(embedder(batch['source text ids']),
batch['source length'])

[

Data -

—

O 0 I O »n B~ W DN

# Build decoder

decoder = AttentionRNNDecoder(memory=enc_outputs,
hparams=decoder _hparams)

# Maximum Likelihood Estimation

Architecture —
& Inference

p— e ek
W o= O

## Teacher-forcing decoding

—_
N~

outputs, length, = decoder(decoding_strategy="teacher-forcing’,
inputs=embedder(batch['target_text_ids']),
seq_length=batch['target length']-1)

—_—
N

|
>

Petul.... 68 g




UCSanDiego Implementation with %Tﬁé\‘xar
Running Example: MT - Learning from data instances

# Read data
dataset = PairedTextData(data_hparams)
batch = Datalterator(dataset).get _next()
# Encode
embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)
encoder = TransformerEncoder(hparams=encoder_hparams)
enc_outputs = encoder(embedder(batch['source text ids']),
batch['source length'])

]

Data -

O 0 I O »n B~ W DN

# Build decoder

Architecture — decoder = AttentionRNNDecoder(memory=enc_outputs,

& Inference

,_._.
—_ O

hparams=decoder _hparams)
# Maximum Likelihood Estimation
## Teacher-forcing decoding
outputs, length, = decoder(decoding_strategy="teacher-forcing’,
inputs=embedder(batch['target_text_ids']),
seq_length=batch['target length']-1)

e e S
AN »n B~ W

|

-

. ## Cross-entropy loss
Learning o

Loss

—_—
o0

loss = sequence_sparse_softmax_cross_entropy(
labels=batch['target_text_ids'][:,1:], logits=outputs.logits, seq_length=length)

=

\O

|
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..s/transformer (ssh)

49% iE9.5GB
(py36) --- examples/transformer <master
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aniego Implementation with %T@k*ar EEEEEEEEE

Running Example: MT - Learning from data instances

]

# Read data
dataset = PairedTextData(data_hparams)
batch = Datalterator(dataset).get _next()
# Encode
embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)
encoder = TransformerEncoder(hparams=encoder_hparams)
enc_outputs = encoder(embedder(batch['source text ids']),
batch['source length'])

Data -

O 0 I O »n B~ W DN

# Build decoder

Architecture — 10 decoder = AttentionRNNDecoder(memory=enc_outputs,

& Inference 11 hparams=decoder_hparams)

112 # Maximum Likelihood Estimation

I13 ## Teacher-forcing decoding

114 outputs, length, = decoder(decoding_strategy="teacher-forcing’,

15 inputs=embedder(batch['target_text_ids']),
seq_length=batch['target length']-1)

Maximum likelihood
Estimation

|
>

|

17 ## Cross-entropy loss

Learning :
- 118 loss = sequence_sparse_softmax_cross_entropy(

Loss o labels=batch['target_text_ids'][:,1:], logits=outputs.logits, seq_length=length)

1 I
A 71 g
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e Implementation with %T@xﬂf EEEEEEEEE

Switching to using other experiences

— 1 # Read data
> dataset = PairedTextData(data_hparams)
3 batch = Datalterator(dataset).get _next()

— 4 #Encode
5 embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)

Data -
Keep unchanged

6 encoder = TransformerEncoder(hparams=encoder_hparams)
enc_outputs = encoder(embedder(batch['source text ids']),

8 batch['source length'])

9 # Build decoder

Architecture — 10 decoder = AttentionRNNDecoder(memory=enc_outputs,

& Inference 11 hparams=decoder_hparams)

112 # Maximum Likelihood Estimation

I13 ## Teacher-forcing decoding

114 outputs, length, = decoder(decoding_strategy="teacher-forcing’,

15 inputs=embedder(batch['target_text_ids']),

seq_length=batch['target length']-1)

Maximum likelihood
Estimation

I
=
o

|

17 ## Cross-entropy loss

Learning :
- 118 loss = sequence_sparse_softmax_cross_entropy(

Loss o labels=batch['target_text_ids'][:,1:], logits=outputs.logits, seq_length=length)

1 I
I 72 g




Switching to using reward + data instances

o Maximum likelihood # Teacher-forcing decoding
outputs, length, = decoder(decoding_strategy="teacher-forcing’,
Cross entropy loss inputs=embedder(batch['target_text ids']),

" 52 e seq_length=batch['target_length']-1)

) t )
# Cross-entropy loss

Decoder loss = sequence_sparse_softmax_cross_entropy(
i i i labels=batch['target_text ids'][:,1:], logits=outputs.logits, seq_length=length)

<BOS> y;‘ yz

73



Switching to using reward + data instances

e Maximum likelihood

Cross entropy loss

V1 V2

1 )
Decoder

<BOS> yi‘

f

)

e Reinforcement learning

data example y*

l

sample y

\ 4

BLEU

Policy Gradient Agent
"> Decoder
)

rewards

# Teacher-forcing decoding
outputs, length, = decoder(decoding_strategy="teacher-forcing’,
inputs=embedder(batch['target_text ids']),
seq_length=batch['target length']-1)
# Cross-entropy loss
loss = sequence_sparse_softmax_cross_entropy(
labels=batch['target_text ids'][:,1:], logits=outputs.logits, seq_length=length)

# Random sample decoding
outputs, length, = decoder(decoding_strategy=‘random_sample’,
start_tokens=[BOS]*batch_size, end_token=EQOS,
embedding=embedder)
# Policy gradient agent for learning
agent = SeqPGAgent(
samples=outputs.sample_id, logits=outputs.logits, seq_length=length)

for _in range(STEPS):
samples = agent.get _samples()
rewards = BLEU(batch[‘target text ids’], samples) # Reward
agent.observe(rewards) e



Switching to using adversary + data instances

e Maximum likelihood

Cross entropy loss

V1 V2 V3

) t |
Decoder

| f f

e Adversarial learning

y*—)l Discriminator I:> real/fake

V1 Y2
;!

# Teacher-forcing decoding
outputs, length, = decoder(decoding_strategy="teacher-forcing’,
inputs=embedder(batch['target_text ids']),
seq_length=batch['target length']-1)
# Cross-entropy loss
loss = sequence_sparse_softmax_cross_entropy(
labels=batch['target_text ids'][:,1:], logits=outputs.logits, seq_length=length)

# Gumbel-softmax decoding

outputs, , = decoder(decoding_strategy= =‘gumbel-softmax’,
start_tokens=[BOS]*batch_size, end token=EQS,
embedding=embedder)

discriminator = Conv1DClassifier(hparams=conv_hparams)

# Binary adversarial loss

G _loss, D _loss = binary _adversarial_losses(
embedder(batch[‘target text ids’][:, 1:]),
embedder(soft_ids=softmax(outputs.logits)),
discriminator) 75
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Summary of MT in Texar

e Highly modularized programming

o EXperience, arch, operation, loss, optimization
o Intuitive conceptual-level APIs

o Easy switch between ditferent forms of experiences

o Plug in & out modules

o No changes to irrelevant parts

Petuum’

)
4’\ MOHAMED BIN ZAYED
}é UNIVERSITY OF

ARTIFICIAL INTELLIGENCE

# Read data

2 dataset = PairedTextData(data_hparams)

batch = Datalterator(dataset).get_next()

# Encode

embedder = WordEmbedder(dataset.vocab.size, hparams=embedder_hparams)
encoder = TransformerEncoder(hparams=encoder_hparams)

7 enc_outputs = encoder(embedder(batch['source_text_ids']),

batch['source_length'])
# Build decoder
decoder = AttentionRNNDecoder(memory=enc_outputs,
hparams=decoder_hparams)

2 # Maximum Likelihood Estimation
3 ## Teacher-forcing decoding
4+ outputs, length, _ = decoder(decoding_strategy="teacher-forcing’,

inputs=embedder(batch['target_text_ids']),
seq_length=batch['target_length']-1)
## Cross-entropy loss
loss = sequence_sparse_softmax_cross_entropy(
labels=batch['target_text_ids'][:,1:], logits=outputs.logits, seq_length=length)

i
<BOS>

y

* o
2
A 4
! /
! 1
Dedoder .
" /
/ 1
7

1

Cross entropy loss
» Y2 Y3

t i 1

Decoder
<BOS> yi Vs
data example y*
Policy Gradient Agent l
sample y
> Decoder BLEU

[ rewards |

V1 y

4
’
1
1
’
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Applications of Texar

Petuum’

Many products built on Texar

o FORTE — templates for larger complex
NLP applications

o Chest X-Ray report writer
Medical Registry report writer
o ICD coding system

Financial knowledge base builder
o Financial summary/report writer

o Multi-Lingual Cognitive Chat Bots
o For Call Center Support
o For Retail In-Store Assistance

FORTE

Chest X-Ray
Report Writer

Multi-Lingual
Cognitive
Chat Bots

wwwwwwwww

lllllll

77
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Example: Chest X-Ray Report Writer

Medical
Report

¢ I\/Iachine <
Translation

| visual Raw Data Enrichment : Report Generation
: features !
: [ |
| Visual Feature | === ) - |
: | Exraction | co-atiention | | Hidden Topic | |
| Feature |—> . :
| — . Generation |
| Aggregation |
i / semantic | E
| normal features ‘l' i
i Lesion Label granulama - |
| o2 st opacity | s Semantic Feature |  E==== Hierarchical |
| Classification calcified Extraction —— Text |
: — , :
T o Generation |
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éxample: Chest X-Ray Report Writer + Translation
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Transfer Learning

with Large Pretrained Models Using Texar
e Large neural models pretrained on massive data
o Elmo, Bert, GPT-2, GPT-3, ...

e Pretrained models serve as building blocks to construct downstream models
o Fine-tune using task-specific experiences

o/1
. del = BertEncoder()
Task-specif 1 mo
aSI SP.?C ¢ <--- - _, features = model(input_ids, input_length, segment_ids)
classiier - task_classifier = Conv1DClassifier(hparams={...})
Contextual ~  r------ I ________________________________________ logits, preds = task_classifier(features|:,:1,:])
1 :
embedding ! |
: 12 i ENCODER ) E OR
Pretrained P E_ . ~ i - task_classifier = BertClassifier(hparams={‘clas_strategy’: ‘cls_time’})
L FNCODER J ! . logits, preds = task_classifier(input_ids, input_length, segment_ids)
Bert DS S
E 1 ENCODER :
: 1 2 3 4 LR 512 :

[CLS] H

L ’ e 1
""""""""""""""" 80
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Support of TensorFlow and PyTorch

e Texaris built upon TF and PyTorch

o Texar-TF & Texar-PyTorch: mostly the same interfaces!
o Higher-level intuitive APls without loss of flexibility
o Lots of ML components ready to use

e Combine the best design of TF and PyTorch

o TF:
= Easy and efficient data processing APls
= Excellent factorization of ML modules
= Turnkey model training processor

o PyTorch:
= [ntuitive programming interfaces
= TJransparent variable scope and sharing to users

Petuum’ 81 g
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Support of TensorFlow and PyTorch

""""" T T -TF
% :Static 1’ o

[
|
. : .
| Iprogramming : e Texar provides the same
Comprehensive | : comprehensive supports
|
[
|
[

~

Machine Learning :TF Serving of ML functionalities
functionalities

Mobile support

| e Fully compatible with
r-———=77 '(3 """""" native TF & PyTorch APls
Dynamic

programming

—

o Get all other useful features
of TF or PyTorch with
Texar-TF & Texar-PyTorch

.

Easier editing & Texar-PyTorch

debugging

Petuum’
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Texar Resources

e Website: https://asyml.io Texar-Tk Texar-PyTorch

o GitHub (TF version): https://github.com/asyml/texar

o GitHub (PyTorch version): https://github.com/asyml/texar-pytorch
o Examples: https://github.com/asyml/texar/blob/master/examples
e Documentation: https://texar.readthedocs.io/

e Blog: https://medium.com/@texar

e Tech report: https://arxiv.org/pdf/1809.00794.pdf

Petuum’ 83 [g
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https://github.com/asyml/texar
https://github.com/asyml/texar
https://github.com/asyml/texar/blob/master/examples
https://texar.readthedocs.io/
https://medium.com/@texar
https://arxiv.org/pdf/1809.00794.pdf
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P4 Ao iFELLoEHoE
Spectrum of Existing Tools < Texar
/77
domain-specific N ~ Y '
, P ; D o RL Interfaces at,multiple abstraction levels
higher-level APIs OPamIN® KL 1ransformers | |
Tensor2Tensor Alleni| P © Simplifieq APIs for common functionalities
roy ParlA o Advancell APIs fbr advanced
N functionalities and customizability
OpenNMT \ B
\\ /I

~ -

Keraz-)
general, 17

lower-level APIs PyTorch TensorFlow

Fixed Structure Modularized,
Limited composability Composable g

Petuum’
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Spectrum of Existing Tools

o Symbolic languages for low-level development of ML models

O

Tensorflow, PyTorch, Keras, Jax, ...

e High-level, domain-specific APIs

Petuum’

O

O

O

Transformers: rich SOTA pretrained transformer models
AllenNLP: ready-to-use models for many NLP tasks

Dopamine RL: APIls for reinforcement learning

85
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Summary of Part-ll

e ML solution design

min
q,

o Plugging arbitrary available experiences 5
In learning
[=w fEI+w, &I+ ws f&I®) + w,- fx]&D) + -
em'lfner'“ S -CI['f' i |
e Tooling for Compositionality in ML e AN
o Interfacing and composition between \_— /<]
architecture, operation, loss (experience, [/J (o) (o) (Fendomer)
d|Vergence), Optlmlzathn Lag:;ss:ec?r'w, Cell: LSTM,GRU, Re;l;:AE‘:-:;n"c.i'on: [&:::nr::: I

o ML compositionality with Texar

86



UC SanDiego «’5‘5};5 versror”'
Schedule

o Lecture#1: Theory: The Standard Model of ML
A blueprint of ML paradigms for ALL experience
(Jan 19 Thursday, 4.450m-6.150m UK Time)

o Lecture#2: Tooling: Operationalizing The Standard Model

Compose your ML solutions like playing Lego
(Jan 20 Thursday, 1:00pm-2:30pm)

o Lecture#3: Computing: Modern infrastructure for productive ML

Automatic tuning, distributing, and scheduling
(Jan 20 Thursday, 4:.45pm-6.150m)

.

Petuum’
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Petuum’s open-source collection:

Summary https://qithub.com/petuum

e Theory: The Standard Equation
o A blueprint of ML paradigms for ALL experiences min - Eqy) [f(x,y)] +ab (q(x,y), pe(x,y)) — fH(q)

o Experience function f can encode different types of experiences
» Data instances, constraints, informativeness, reward, adversary models, ...

o Turnkey mechanism for learning with ALL experiences
= Re-use originally specialized algorithms to other contexts
= Experience compositonality

e Tooling: Operationalizing “Learning with all experiences”

o ML solution design by plugging arbitrary experiences in learning
o ML compositionality with & Texar f=m &) +w fIE+ws f&I®) +wi fxIED + -

o Computing: Modern infrastructure for productive ML
o Task/model interoperation F Forte AutoDistPJ

o Automatic tuning, distributing, and scheduling
TUUN AdaptDL 3¢

Petuun.
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Food for thoughts: How far would this take us?

e Physics

~\

It is only slightly overstating the case to say
that physics is the study of symmetry.

-- Phil Anderson (1923-2020), Physicist, Nobel laureate

9
Petuum’ g
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Food for thoughts: How far would this take us?

e Physics
Maxwell’s General  Standard Theory of
equations relativity model - everything
1861 1910s 1970s

e Machine Learning

Unified way of thinking
+ Systematic understanding
+ Automated solution creation
+ Improved ML productivity and accessibility

Petuum’
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