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Outline

e Topic models: v1, v2, v3

e Paper Presentations:
© (1) Liyuan Jin, Rigian Hu: Megatron-LM: Training Multi-Billion Parameter Language
Models Using Model Parallelism

O (2) Victoria Jin, Wenqi Li: Large Language Models Are Human-Level Prompt
Engineers



Recap: Represent a Document

- Most common way: Bag-of-Words
- Ienore the order of words

* keep the count
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Recap: Represent a Topic

- A topic 1s represented by a word
distribution o
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Notations

e Word, document, topic

o w,d,z

e Word count in document:

o c(w,d) : number of times word w occurs in document d

O or Xg4,: number of times the nth word in the vocabulary occurs in document d

e Word distribution for each topic ( 5, )

© IBZW‘ p(le)



Recap: Topic Model v1: Multinomial Mixture Model

Graphical

Model

@

w

—

@enerative model

» For each document

- Sample its cluster label z~Categorical (@)
. S — -
* 1t = (mq, My, ..., T ), T iS the proportion of jth cluster
cp(z=k)=m
- Sample its word vector x;~multinomial(f,

* B, = (By1, B2 - Bon), Ban is the parameter associate with nth word
in the vocabulary

|
c plaglz = k) = EnZand

[Tn Xan!

dnocl‘[n

» Plates indicate replicated

variables.

 Shaded nodes are

observed; unshaded nodes
are hidden.

l/a 0"4

g



Recap: Likelihood Function

S ——




Recap: Topic Model v2: pLSA

* For each positonynd, n =1, ..., Nyg

* Generate the topic for the position as
zn|d Categorica @ i.e. p(zn = k|d) = 04

(Note, 1 trial multinomial)

* Generate the word for the position as

vzn|zn~Categorical(ﬁZn), i.e.,p(Wy, =w|z,) = Bz w

Graphical
Model




Likelihood Function *

* Probability of a word w ’

~k £ = 2 Plw/z-
F’[m} LT P54 6)
Fk@ R 2 /géw.@a/,é



7N
Likelihood Function *ﬂ‘\/ ‘

d z w

- Probability of a word w ~ —
p(w|d,0,B) = Ep(w,z — k|d, 6, B)
k

= Zp(wlz =k,d,0,f)p(z=1k|d,0,8) = zlgkwgdk
T T - T Ko

e
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Likelihood Function t

* Probability of a word w

N

C —@

pWwld,0,8) = ) p(w,z = kld,0, )
k

= Zp(wlz =k,d,0,0)p(z=k|d,0,B) = Z,Bkwedk
7 K

- Likelihood of a corpus
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7
Likelihood Function ‘ *”C)"‘

* Probability of a word w - M
pwld,0,) = Zp(w,z = k1,6, )

zp(mz = k,d,0,0)p(z = k|d, 0,8) = Zﬁkw dk T[\

- Likelihood of a corpus -

et 7

_ HP H(zpz 44,6 P(w m)}
N — -
i)

g4 s usually considered as uniform,i.e., 1/M

”




Re-arrange the Likelihood Function

-Group the same word from different
positions together

max logL = z c(w,d)log z Oaz Baw

dw Z
S.t.E 0,, =1and Z,BZW =1
Z w

13



Limitations of pLSA

*Not a proper generative model

¢ 0, )is treated as a parameter

» Cannot model new documents

- Solution:

- Make 1t a proper generative model by adding
priors to 6 and 8

14



Limitations of pLSA

*Not a proper generative model

* 0,4 1s treated as a parameter
—_—

» Cannot model new documents

- Solution:

- Make 1t a proper generative model by adding
priors to 6 and 8

Topic Model v3: Latent Dirichlet Allocation (LDA)

15



Topic Model v3: Latent Dirichlet Allocation (LDA)

UYd n .
- - - N Pk
D = K

0,;~Dirichlet(a): address topic distribution for unseen documents
Bi~Dirichlet(n): smoothing over words



Topic Model v3: Latent Dirichlet Allocation (LDA)

Proportions : Per-word t
parameter opic assignmen

Per-document Observed Topic

topic proportions word Topics  parameter
y I v 1' T 1

OFOFO-@—Ho-Fo
8- Oa | Zan Wan B i,

;\T .

D K

0,;~Dirichlet(a): address topic distribution for unseen document:
Bi~Dirichlet(n): smoothing over words .



Generative Model for LDA

For each topic k € {1,..., K }:
By ~ Dir(M) [draw distribution over words]
For each document d € {1,..., D}

0 ; ~ Dir(a) draw distribution over topics]

AK ofreachwordn € {1,..., Ny }

Zan ~ Mult(1,0,) [draw topic assignment]
[draw word]

Wan ™ HZ

’ _M
N —

OO

(@5 ;(f Z d.n II?(1 N j\fT <\ p)k 7

D K
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Review: Dirichlet Distribution

- Dirichlet distribution: @~Dirichlet(a)
F'(QXk ak)
Hk I'(ak)

-T'(+) is gamma function: T'(z) :/ e 't* " dt
*T(z+ 1) =2zl'(2) 0

cie.,p(0la) = [T 65", where ay > 0

cC—

19



Review: Dirichlet Distribution
- Dirichlet distribution: 8~Dirichlet(a)

F(Xk ak)
[1; T(ak)

-T'(+) is gamma function: T'(z) :/ e 't dt
*T(z+1) =2zl'(2) 0

‘i.e.,p(0la) = 1, 9,?"_1, where a;, > 0

Simplex view: . o

e —
6 = 0,(1,0,0) 46, (0,1,0) 465 (0,0,1) = <9z, &{

*Where0 < 04,0,,0; <land 6,+6,+65; =1

6 ‘la~Dir(a),a = (2,3,4)

36

%
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More Examples in the Simplex View

Dirichlet(1,1,1)
——

Dirichlet(2,2,10)

»

Dirichlet(2,2,2) Dirichlet(10,10,10)
> >

Dirichlet(2,10,2) Dirichlet(0.8,0.8,0.8)

> D

21



Generative Model for LDA

For each topic k € {1,..., K }:
B ~Dir(M) [draw distribution over words]
For each document d € {1,..., D}
0 ; ~ Dir(a) [draw distribution over topics]
For each wordn € {1,..., N4 }
Zan ~ Mult(1,0,) [draw topic assignment]
Wan ~ 0, dn [draw word]

0&'43 /gfw C@J_

. Orofoe 37
3 AN a Ja | Zin Wan I o)t ‘ n eS¢, p:

(4 22
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(Blei,'Ng,'&"Jordan,'2003)"

LDAYor'Topic'Modeling"
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and US Coast Guard vessels
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shutouts, low team ERA,

(Well, I haven't gotten any
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The 54/40' boundary dispute is
still unresolved, and Canadian
and US Coast Guard vessels
regularly if infrequently detain
each other's fish boats in the
disputed waters off Dixon...

In the year before
Lemieux came, Pittsburgh
finished with 38 points.
Following his arrival, the
Pens finished...

The Orioles' pitching staff
again is having a fine
exhibition season. Four
shutouts, low team ERA,
(Well, I haven't gotten any
baseball...

>3



Joint Distribution for LDA
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Learning of Topic Models



Recap: pLSA Topic Model

e Observed variables:

° Laiegi variables:

o Parameters: ) ;9 / mﬂn; %



The General Unsupervised Learning Problem

A ——
e Each data instance is partitioned into two parts:

O observed variables X

O latent (unobserved) variables z

[Content adapted from CMU 10-708]

e Want to learn a model pg(x, z)

g o

N

X

YA

39



Latent (unobserved) variables

e A variable can be unobserved (latent) because:

O imaginary quantity: meant to provide some simplified and abstractive view of the data
generation process

" e.g. topic model, speech recognition models, ...

e

Coocepr: a xiogle word

LI |

S e ——
i’

1

Fig. 1.2 Isolated Word Problem

40



Latent (unobserved) variables

e A variable can be unobserved (latent) because:

O imaginary quantity: meant to provide some simplified and abstractive view of the data
generation process

= e.g., topic model, speech recognition models, ...

41



Latent (unobserved) variables

e A variable can be unobserved (latent) because:
O imaginary quantity: meant to provide some simplified and abstractive view of the data
generation process
= e.g., topic model, speech recognition models, ...
o a real-world object (and /or phenomena), but difficult or impossible to measure
" e.g., the temperature of a star, causes of a disease, evolutionary ancestors ...

O a real-world object (and/or phenomena), but sometimes wasn’t measured, because of
faulty sensors, etc.

e Discrete latent vari%les can be used to partition/cluster data into sub- groups

e Continuous latent va ic-:—T_)BleQ /(fgetor“s) can/ge used for dimensionality reduction (e.g.,
factor analysis, etc.)

42



Questions?
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