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Semantic networks

recap




UNIVERSITA

DEGLI STUDI Conceptual picture

DI PADOVA of a semantic network on Twitter

Hashtags
Tweets

those who think they are crazy enough to
change the world eventually do.
#climatechange #ClimateCrisis
#ClimateAction #GretaThunberg #Greta

#GretaThunberg

#climatechange

ﬂ #GlobalWarming

#Environment

Hopefully these kids will succeed where
past generations have failed.
#TheResistance #FBR #ClimateChange
#Environment #GlobalWarming
#GretaThunberg

The #environment can have a major effect
on the human cardiovascular system. A
new study has found an increase in heat-
induced #heartattack risk in recent years.
Could #ClimateChange be a risk factor?
#longevity

#longevity




UNIVERSITA
DEGLI STUDI

DI PADOVA

Probability matrices
linking words to documents

number of occurrences
of words in documents

O

#globalwarming

#climatechange
#climateaction

#gretathunberg

#environment

probability of words
given a documents

(1
— equally likely
. : _JD
we identifya Pg = 1 ny
document Y 7 custom
probability (T

we capture the statistical
properties by
normalizing by columns



UNIVERSITA

DEGLI STUDI PrObabiIity matrices
DI PADOVA projecting to words or documents
bipartite
network
joint probability of words Pw,w, = Z [ Pwilay, Pw,d
and documents
P.o = Pyqdiag(py) _ 1 T
1 1 1 PWW = Pwddlag(pd)_ PWd
0 “g /20 16 o
pW= ww
1 1/ 17 1
/ 12 / 8 / 20 / 16 projection on words
1/12 0 1/20 0 projection on documents
0 0 %5 Y16
Y12 0 a0 Y16 Pa,d, = zwpdllwf%pdz;w
e | Pus = Pu diag(p,)" P
marginal probabilities
Pw=Pu1 pPg=Pyu'1 Pq= Py 1




UNIVERSITA

DEELI STUDI Bipartite and projected networks

DI PADOVA a comparison

bipartite network P, 4

projection on hashtags P,,,

ﬂ projection on tweets P,

Tweets

L

Hashtags

+




_—
DRGLL STUD, The role of TF-IDF

DI PADOVA term frequency — inverse document frequency

term frequency =

frequency (probability) of inverse document frequency =
the word in the document (log) fraction of documents

l / that contain the word

TF-IDF iy = pyyq - —log (2 T2422)

d An heuristic
 Punishes words that appear in many documents
O Enhances words that are document specific

T,.o= TF-IDF 4 diag(tf-idf )" - diag(p) ‘ |]:>
A

normalization vector tf-idf, = TF-IDF " 1
(to guarantee that columns sum up to 1) 7

to be used in
place of P, 4



Topic detection

l.e., community detection in semantic networks




UNIVERSITA
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DI PADOVA

Topic detection

in bipartite and projection networks

bipartite network P, or T,4

a community identifies both
documents and words

a community

/ identifies words

projection on words P,,, or T,

projection on documents P, or T,

a community
identifies documents
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DECLI STUDI The reference model

DI PADOVA Under the presence of topics

document topic words

O, O, ()
topic distribution in word distribution in
each document each topic P, T
C = Pyq coll

1 2 3 4 5 topic ‘ 123456word

topic detection aims
at identifying C

N

topic-to-topic topic-to-word
Py,=C Py CT P.,=C Py,

we observe P, = P, C

10



UNIVERSITA

DEGLI STUDI I\/Iodularity and normalized cut

DI PADOVA a wrap-up in topic detection

p:= Py 1

can be interpreted
as the probability
vector of topics

can be interpreted as a
probability matrix linking topics,
its entries are the sum of the
links of A from topic i to topic |

normalized
modularity normalized cut version
Q=2 (P,—pR) <1 Yt P,./D
t(tt pt) NCUt=1 t"tt t>0
— 1
to be maximized

to be minimized
11



UNIVERSITA

DEGLI STUDI I nfo M d p

DI PADOVA a wrap-up in topic detection

PageRank vector (ranking of documents) -
ere c;
r=(1-c) Pyqgr+c1/N is the ith

/ row of C
c:1

Pd|d - Pdddiag‘1(pd) qi = (1 — (1 — C) lT) le —C ClPd|dZT

/ z; = c; diag(r)
/
InfoMap = f(lq) + if,qu';éi])

entropy function

normalized version X
= — 1
InfoMap /() z 08 (Z x,)

f(r)

to be minimized

12
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N — Normalized mutual information

DI PADOVA a wrap-up in topic detection

statistical dependencies about probability of a
words and topics topic

Pwt=PwdCT R = Pwt1

words

fraction of knowledge related to
the topic that is explained by
words (equal to 1 if topics use
different words)

NMI—M

13
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D S Louvain, InfoMap and Spectral clust.

DI PADOVA On a semantic network

NMI modularity 1-Ncut —InfoMap
1.00- 1.00-
0.75- 0.75-
0.50- 0.50-
0.25- 0.25-
0.0-
# of topics topics balance
1.00-
40- 0.75-
0.50- matrix_type algorithm
20- — Pdd -~ Leiden
0.25- - Pdd 25 neigh - spectral
-= dcSBM
InfoMap
0- 0.00-

14



—InfoMap

On a semantic network

1-Ncut

-
-
o
=

©
2

=

m

7
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modularity

UNIVERSITA
DEGLI STUDI

SBM approaches
NMI

topics balance time (log10)

# of topics

Q
o
>
~
X
} .
=)
®©
€

— Pad

Pdd 25 neighbors
-- Pdd 10 neighbors

algorithm
- |Leiden
-+ dcSBM

= bigCLAM

5

1
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DEGLI STUDI Other approaCheS

DI PADOVA about topic detection

1 Non-negative matrix factorization (NMF)
1 Latent Dirichlet allocation (LDA)

1 Variational auto-encoders (VAE)

1 Embeddings and BERTopic

16



Non-negative Matrix

Factorization

and its application to topic detection




UNIVERSITA

mecu st NMF = nonnegative matrix factorization

DI PADOVA rationale

Pl‘|d2 C

the equivalence is
only approximate

underlying model each.topic is
associated to a

each document is word distribution
associated to a topic (one of the
distribution (one of the columns of P
colums of C)

18



UNIVERSITA

DEGLI STUDI NMF optimization

DI PADOVA Frobenius norm and generalized Kullbak-Leibler divergence

A = P, 4is column stochastic minimizing the
Frobenius norm
l does not ensure a

aremin A — [WHI].:|? column stochastic
SIw=0 k=0 Zij 4 — WH]y | product W H

A
argminWZO’HZO zAlJ log (ﬁ) - AU + [WH]l]
lJ

l] \
minimizing the generalized Kullback-

X Leibler divergence ensures a column
f(y) =xlog (;) —Xty stochastic product W H

fO)=- +1=0>y=x

Ho & Van Dooren. "Non-negative matrix factorization
with fixed row and column sums." (2008) 19



UNIVERSITA .
DEGLI STUDI NMF in Python

DI PADOVA sklearn package

from sklearn.decomposition import NMF wisely initialize

Pwgd = Pwd/Pwd.sum(axis=0).flatten() for best
_ ) performance
run on different number of topics, then choose _
the best fit, e.g., according to modularity choose generalized
Kullback-Leibler
# fit nmf model X = W*H l divergence, and the

model = NMF(n components=i, init='nndsvd', — related solver
solver='mu', beta_loss='kullback-leibler')

= model.fit transform(Pwgd)

= sps.csr matrix(model.components )

column normalized versions

= sps.diags(W.sum(axis=0).flatten())*H # Ptgd

= W/W.sum(axis=0).flatten() # Pwgt <«

community assignment C

need to make W
column stochastic,
to have H column

stochastic too

QO % T 0 %D =

= sps.csr_matrix(np.transpose(H/H.sum(axis=0).flatten()))

force column stochasticity in H (not needed though)
20
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DEGLI STUDI NMF at work

DI PADOVA On a semantic network

NMI modularity 1-Ncut

—InfoMap

\
A
g . % [s2 g Q Q S % Z
# of topics topics balance % 8B e Y Y %Y B
% % % A0 0 2 4w %
%S 2 % % 5 2%
% % B B o ¢
% % ¥ 2% Z
® X © )
© %
matrix_type  algorithm
— Pdd - Leiden
== Nwd -+ NMF
== Twd -+ CNN-NMF
DANMF

21
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DEGLI STUDI Take aways

DI PADOVA on NMF

 Naturally provides a soft topic assignment

d NMF — not strikingly good
probably due to the fact that we want to express
a sparse matrix through an eigenvector-like product
with few eigenvectors (the fit is far from ideal)

d Comparison — with Louvain
much weaker

1 Complexity — generally slow
need to test it for different numbers of topics ®
fast for fixed topic number

22



Latent Dirichlet allocation

LDA = a stochastic model for topic detection
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DI PADOVA

document

LDA model

Blei,, Ng, Jordan. "Latent dirichlet allocation." (2003)

s://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf?ref=https://githubhelp.com

words vector
length N

topics vector

©

words distribution
PWy,=1|B,tyn=Jj)= Bij

topics distribution
P(tyn =J164) =6y

6, is the topic
assignment C = Py,

topics probabilities
— 0, ~ Dirichlet(a)

K topics

e

matrix g , to be

the number of
topics K is fixed

estimated, is the
probability of

vector a, to be
estimated, is the

words given a
topic, P, = B

topic probability
p; = a/lal

24


https://www.jmlr.org/papers/volume3/blei03a/blei03a.pdf?ref=https://githubhelp.com

UNIVERSITA

DEGLI STUDI LDA Optimization

DI PADOVA can be solved using variational inference = suboptimum approach

topics assignment probability (Dirichlet)
[(Xr=1a ~1
p(9d| a) — ( k=1 k) H[edk]ak

words probability

this dependence
between f and 6

p(wy| B,0,) = H[ﬁ Olw,, s the trickiest part

n=1
overall probability / ./ \.

p(corpus| @, 8) = [ | [ pwal 8,0 p©l @0,

d

target optimization C= Pt|d= 6
| argmax, g p(corpus | a, ) | HHE> P,: = B diag(a/|al4)

this is what we get

25



UNIVERSITA .
DEGLI STUDI LDA In Pyth on

DI PADOVA sklearn package

from sklearn.decomposition import LatentDirichletAllocation

# fit lda model
lda = LatentDirichletAllocation(n_components=i,
learning method="batch")

HERot e (flelatt) o . initialise and fit model
# community assignment C = Ptgd'
C = sps.csr matrix(lda.transform(Mwd.T)) | LDA |

extract topic assignment

26
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DEGLI STUDI LDA at work

DI PADOVA On a semantic network

NMI modularity 1-Ncut —InfoMap

0.75-
. matrix_type algorithm
0.50- “m — Pdd = Leiden
S --- Nwd - LDA
. . “ ]
X -- Twd = G-VAE
025 i DirVAE

27
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A comparison

NMF versus LDA topics

un women gender equality woman rights girl power
rt gender [INNNEGG___——— right I ap I——
ap I equality |G woman S girl
woman woman [N indigenous N woman S
today [N more [N day N have N
un D action N speak N now e
year world 1IN human help
join N ac [N join N empower N
executive N medium [N family [ own I
0 0.05 0.1 0 0.05 0.1 0.15 0 0.05 0.1 0 0.02 0.04 0.06 0.08
violence
woman G P\\op\cs
more [EE—— LD
work \CS
violence S F s“op\C
need I N
find N
refugee N
girl | — , _ .
0 0.020.040.06 0.0 gender equality = woman rights weareindigenous girlsinict
gender NG woman |G woman [ woman
woman [N rt refugee IS girlsinict I
council NG ap I girl public
rt day NG ap - sector N
ap I right |GG help time
climate |G speak NG rohingya [N more N
equality [INEG_—_—N stand |G indigenous N solar N
change join NGNS rt private N
0 0.02 0.04 0.06 0 0.02 0.04 0.06 0 0.02 0.04 0.06 0.08 0 0.02 0.04 0.06
violence gender equality
woman I woman [N
right I gender NG
work N more [INEEGEGG
violence I ap I
gender N equality [INEG__
ap rt — 28
sexual need [INNNEG_G
rt here NG
0 0.02 0.04 0.06 0 0.02 0.04 0.06



UNIVERSITA

DEGLI STUDI Take aways

DI PADOVA on LDA

 Naturally provides a soft topic assignment

d LDA — not strikingly good
same eigenvector-like product as NMF
worse than NMF ... known issue ®
probably due to the Dirichlet assumption (questionable)
and the variational inference (suboptimum approach)

d Comparison — with Louvain
much weaker

1 Complexity — generally slow
need to test it for different numbers of topics ®
fast for fixed topic number

29



Variational Auto Encoders

an application to topic analysis
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DECLI STUDI Variational Auto-Encoders

DI PADOVA Kingma, Welling, "Auto-encoding variational Bayes," (2013)

the output in our case

the hidden prior in our case
is the topic (distribution)

encoder / \ decoder

is the document
(collection of words)

d
z|d d|z
P(z|d) hidden prior Pdj2)
embedding
inference model generative model
teri babiliti given _
poierZre’ZZ?mZt;&’es the (stochastic) model
. _ _ _ _ explains how a
but we are interested in the inverse link that, given document is generated
a document tells what topic it is associated with from a topic (distribution)
p(d|z) p(2)
p(z|d) = =~ g(z|d)
OIS
impossible to know needs an a-priori is approximated
in the closed form model for the by a simple

embedding alternative model 31
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DEGLI STUDI VAE optimization rationale

DI PADOVA ELBO = evidence lower bound

encoder decoder
d y 4 Z d
q(z(d) hidden prior p(djz)
ELBO embedding p(z)
Log(d) = logpe(d) ectimato ot T

to be maximized wrt

Lo 4(d) =logpg(d) - DKL(q¢ (zld)”pg(zld)) ——____ parameters f and ¢
provides fitting on p(z),

po(z.d) p(d|z), and qg(z|d)
= [dz z|d) lo
z)
= [dz zld) lo dlz)) 4+ / dz zld) lo L a-priori model
f 7514 gWr' )! 44(zld) g(%(zl d)“)\ o
inferenlce model™? genera’!ive model -zrz

(approximate) (given) 32



U A .
DRGLL STUD, L2 ELBO function

DI PADOVA usually has a compact expression

/d (z|d) log pfz) both should have a simple
ol G R trization on 6 and
¢ 44 (z|d) parametrization on 6 and ¢

N —_
—

L

e.g., the Gaussian case

1
po(2) = exp (—Y4(z — o) diag ™ (03)(z — o))

\/det (27‘[ diag(aé))

1

J det (Zn diag(a?, (d)))

qe(z|d) =

exp (—1/2(2 — Uy (d))Tdiag‘l(aczp (d))(z — Ko (d)))

2 2

o'd) l(d)) B O'Q,Z)’i(d) B (,Ll¢,i(d) - ﬂ@,i)z
0p,i %

£, (6, ¢)_1/ZZ1+10 ( -
0,i R

33



U A .
DRGLL STUD, L1 ELBO function

DI PADOVA approximated through Monte Carlo estimation

[dz 4y zla 10g (potain)
mostly too complex to be

= ~ written in the closed form

L

solution: Monte Carlo approximation

1 L
£,(6,¢) = ) log(pe(dlze)

=1 samples generated according
to the correct distribution

zy ~ qq(z|d)

e.g., the Gaussian case

Zp = d)+ o,(d)n
need to generate these ¢ ”‘l’( ) ¢( )n,

once, then use them ——— np, ~ N(0,1)
throughout the process

34



UNIVERSITA
DEGLI STUDI Take 1 - NVDM

DI PADOVA Miao, Yu, Blunsom, "Neural variational inference for text processing," (2016)
http://proceedings.mir.press/v48/miao16.pdf

here W builds a topic-to-word map that identifies the word
distribution inside each document given the topic distribution

somehow related to
a topic, but we do word probabilities
not know how l
Pw
softmax(Wz+b)
C’;”dde_" PO o document probability function
p(z) aszZ'a_"_" 0’3: ibute py(d|z) multinomial <—— for the multinomial
- M 1

distributed according to p,,(z) log(py(d|z))
= dT log(p,(z)) + const

with n normalized Gaussian

d one-hot-representation
= number of occurrences
of words in the document

different document regions are
associated with different output values

- Ho R
(@) PN (2)

A\ 4

y t log 0,2
ocument e.q., 2x 2-layer. hidden prior
ne-hot-representation J Y
one-hot-represe Relu activation, q,(z|d) Gaussian distributed
of appearing words linear output Z=puy+oyn

with n normalized Gaussian

35
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O NVDM ELBO

DI PADOVA optimization target, to be maximized

one-hot-representation of a normalized
document = number of occurrences Gaussian samples

f h
of words in the document \ decoder model  encoder model

Vol

d’, log softmax(b W (o () + 00 () M ) )

decoder map
2 2 2
ey 2 1 + log (Uo,i(dm)> B 05,1 (dm) _ (10,1 (dm) = p11,)

2 2 2
01 01 \

01,i
a-priori model

L(6,¢) =

P‘IH

{’:1 m

m i

Not very clear where
the topic is, though!

37



b Take 2 - DirVAE

DI PADOVA Joo, Li, Park, Moon, "Dirichlet variational autoencoder," (2020)
https://www.sciencedirect.com/science/article/pii/S003132032030317

true Dirichlet

a multigamma distribution
distribution is z/sum(z) (as in LDA)
introduced l l

@—v softmax(log()) —@——> softmax(Wt+b) Pu

hidden prior topic document
p(z) multigamma Dirichlet pe(d|z) multinomial
distributed with distributed distributed

parameters a, and =1

@

shape vector

a/>0

\ 4
‘ TT
/

document e.g., 2x 2-layer, hidden prior 8
ReLu activation, q¢(z|d) multigamma |
softplus In(1+ex) distributed with ; R S~
output parameters a, and =1

39


https://www.sciencedirect.com/science/article/pii/S003132032030317

O DirVAE ELBO

DI PADOVA optimization target, to be maximized

f(u: a) — (u a F(al))l/a normalized
iz
approx. uniform to uniform
multigamma map samples

one-hot-representation of a

document = number of occurrences

of words in the document\ decoder model encoder model
: I

L(6,¢)= ; d’ log (softmax (b + W softmaxlog f(um ) ao (dm)) >
=1 m Y
decoder map
['(ro,i (dm))
D) log =t T ) — (a (dy) — @) (@A)
. ['(aq,)
m l T / 10
T digamma "
a-priori model tanction )i
l—u 7'.5
Y(x) = F((;C)) L e
Now we know where s ,/
the topic is! . /

40



UNIVERSITA Take 3 —NFTM

DEGLI STUDI Gui, Lin, et al. "Multi task mutual learning for joint sentiment classification and
DI PADOVA topic detection," (2020)
https://ieeexplore.ieee.org/document/9112648

each topic is a region in z ... this also

Pu
softmax(Wt+b)
hidden prior e.g., 4-layer, topic
p(z) normalized tanh activation, fre,c)a ly document
Gaussian softmax output distributed pe(d|z) multinomial
distributed N(0+,1+) distributed
H R
FFN ( z
4 . log 0?
ocumen o, 2x 24ayer, hidden prior
ReLu activation, q,(z|d) Gaussian
linear output distributed
Z=u+on

41
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P NFTM ELBO

DI PADOVA optimization target, to be maximized

one-hot-representation of a norma!ized

document = number of occurrences Gaussian samples
f in th

of words in the document \ decoder model  encoder model/

L
L(6,0) = % Z dr log softmax(b + W FEN, (110 (dm) + 0 (dm) T, {))))

— Y
=1 m decoder map

Y Z Z 1+ log(0?,(dm)) — 02, (dm) — (110, (di))’

Our estimate of the topic distribution for the mth document!

hlr—x

L
2 FEN; (1o (dim) + 00(d) Ny p)
=1

42



UNIVERSITA

DEGLI STUDI VAE at work

DI PADOVA On a semantic network

NMI modularity 1-Ncut —InfoMap

0.75-
. matrix_type algorithm
0.50- “m — Pdd = Leiden
S --- Nwd - LDA
. . “ ]
X -- Twd = G-VAE
025 i DirVAE

44



I I NFTM relaxation

DEGLI STUDI __
DI PADOVA mimics NMF

each topic is a region in z ... this also
differentiates topic probabilities

Pw
@ FFN softmax(Wt+b)
document e.g., 4-layer, topic
ReLu activation, freg ly document
softmax output distributed pe(d|z) multinomial

distributed

one-hot-representation of a
document = number of occurrences

of words in the document
decoder model encoder model

| 1]
L6, }) = z d7, log(softmax(b + W FEN(d,)))

m

45



UNIVERSITA

DEGLI STUDI CNN-NMF at work

DI PADOVA On a semantic network

NMI modularity 1-Ncut

—InfoMap

\
A
g . % [s2 g Q Q S % Z
# of topics topics balance % 8B e Y Y %Y B
% % % A0 0 2 4w %
%S 2 % % 5 2%
% % B B o ¢
% % ¥ 2% Z
® X © )
© %
matrix_type  algorithm
— Pdd - Leiden
== Nwd -+ NMF
== Twd -+ CNN-NMF
DANMF

46



UNIVERSITA

DEGLI STUDI Takeaways

DI PADOVA on VAE applied to topic detection

 Naturally provides a soft topic assignment

d VAE — interesting approach
more flexible model than NMF or LDA
gives improvements

d Comparison — with Louvain
still far away
would be nice to see other Deep Learning approaches
... your task! ©

47



Transformer Architecture

with application to BERT, RoBERTa, OpenAl GPT




UNIVERSITA .
DEGLI STUDI Attention

DI PADOVA in Machine Learning

i= Attention (machine learning)

Article Talk

From Wikipedia, the free encyclopedia

In artificial neural networks, attention is a technique that is
meant to mimic cognitive attention. This effectsome
parts of the input data while diminishing other parts |- the
motivation being that the network should devote more focus to
the important parts of the data, even though they may be small
portion of an image or sentence. Learning which part of the
data is more important than another depends on the context,

and this is trained by gradient descent.

49



U A .
DRGLL STUD, The Attention Module

DI PADOVA Vaswani, Ashish, et al. "Attention is all you need" (2017)

H attention mechanisms

embedding = e.g., (heads) are acting in parallel

mathematical
representation of a _
word expansion inner products
(- ) —— AR
X Attention a= z W, Y softmaX(YTWU X)
neural network |
Ex1 with weights E x1 j=1
controlled by Y similar in spirit to projecting x onto the
embedding size \_ Y, space spanned by Y, but with softmax
‘[ normalization
Y
/E XM
collection of reference
embeddings = e.g., a reduced-rank mappings, K<E,
document control the overall complexity
W. | =V, U:; overall
complexity
4EKH
EXE ExK KXE

50



UNIVERSITA

DEGLI STUDI Visualizing Attention

DI PADOVA in a translation experiment (X English, Y French)

—
@ s 2 2 £
o g2 o g = 2 g E
U o = 0 o v £ oo c © v 5 c o) A
L ODCc & 30 = T O =) v = € c P =S
= o oS Www<a 2% £EaHA Y 3 S ,E3 v 235 3 <
v 0 c c
L s GO8SEETUEREST .V
accord ' I
sur convient
de
la noter
zone que
économique I
européenne environnement
x marin
" est
ete le
signe moins
en connu

aout
1992

de
'l
environnement

<end> <end>

softmax(Y” W;; X)
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UNIVERSITA

DEGLI STUDI Encoder

DI PADOVA a serie of multi-head self-attention modules

ensures fast convergence in training
y=a +b(x'ﬂx)/0-x

) )
N N
X; e © ‘© Xi+1 .
E X Ny ~ ~ § § E XN,
2 2
Self -/ —__
Attention
-~
S
5 (\g
A\ 3
0@6 7 \\.(\e e((\\oe < «\e
a“ A\ )
o S ]
(( 66\ (G((\ \0‘0 *\\6\;
e +* '\

52



UNIVERSITA

DEGLI STUDI Decoder

DI PADOVA a serie of attention modules preserving causality

y ( o OQe(\‘J ﬁ L OO E ﬁ
i > + g /-l'\ g g Yi+1 g

E XN, . — - EXN
a N o|| N\ o o '

Masked = < =

> Self — Attention I —
Attention
N N
Xis1 | ExN,

53



UNIVERSITA Transformer Architecture

DEGLI STUDI

Vaswani, Ashish, et al. "Attention is all you need" (2017)
DI PADOVA Google’s patent https://patents.google.com/patent/US10452978B2/en

estimate Y,

given the alternative representation X,
and the past information Y

(i.e., Y shifted right by one position)

VT
X
[ . ~
Y, S g Y
—> = j J E—
DxN, "5 o | DXxN,
7

&
-
-
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UNIVERSITA The Annotated Transformer

DEGLI STUDI

http://nlp.seas.harvard.edu/2018/04/03/attention.html
DI PADOVA

tensor2tensor library https://github.com/tensorflow/tensor2tensor

har\/ardﬂlpw Members Pl Code Publications

The Annotated Transformer

Apr 3, 2018

from IPython.display import Image
Image(filename="images/aiayn.png"')

Attention Is All You Need
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UNIVERSITA B E RT

DEGLI STUDI

Devlin, Jacob, et al. "Bert: Pre-training of deep bidirectional

DI PADOVA transformers for language understanding" (2018)

https://github.com/google-research/bert

VT

[ softmax ]

i
il
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§] A -
DECLI STUDI BERT pre-training procedure

DI PADOVA BooksCorpus (800M words) + English Wikipedia (2,500M words)

Masked Language Model Next Sequence Prediction
15% masked tokens replaced with: » Next sequence (50% of the times)
* [MASK] token (80% of the times)  Random sequence (50%)
» Original token (10%)
« Random token (10%) \ \\
[MASK] [MASK] ”
Input | [CLS]} my j /dog\ [ is i (cute] g [SEP] i he Ilkes Dplay ##ing ] | [SEP]
U
Er):s:ddings E[CLSI Emv E‘M“S"l EIS Ecute E[SEP] Ehe/ ElM‘SK’ Eplav E"mg E[SEP]
+ + = + + + +I + + “+ +
il E, || Es || Ex || Ea || Ea || Ea || EL || Es || Es || Es || Eg
+ + + + + + +\ + + + +
Transformer
il EN (REN| (NESI INE-N| (NES (ESN [E- [RESN (NESN] [WE E
Output [CLS] fed into an additional Output masked tokens fed into
output layer for softmax classification the output layer VT and evaluated

(of correct/wrong next sequence) for probability of correct estimate 98



UNIVERSITA RoBERTa

DEGLI STUDI

Liu, Yinhan, et al. "Roberta: A robustly optimized BERT
DI PADOVA

pretraining approach" (2019)

Larger training corpora (10x larger)
training on BookCorpus + Wikipedia and also CC-News, OpenWeb Text, Stories

Dynamic masking
training data was duplicated 10 times so that each sequence is masked in 10 different
ways over the 40 epochs of training

Full-sentences without NSP loss
full sentences sampled contiguously from one or more documents, such that the total
length is at most 512 tokens

Large mini-batches

A larger byte-level BPE (byte pair encoding) of 50K subword units
a hybrid between character- and word-level representations that allows handling the large
vocabularies common in natural language corpora
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UNIVERSITA Generative Pre-Training (GPT)

DEGLI STUDI

DI PADOVA Radford, Alec, et al. "Improving language understanding

by generative pre-training." (2018)

(unsupervised) pre-training on Language Modelling (no mask)
LiU) =) log P(uilui—k,...,ui-1;©)

Text Task
Prediction | Classifier

I GPT BERT

Layer Norm

S

Feed Forward
A

12x —

Layer Norm

S

= e same parameters of BERT-base, but with Masked Attention

t trained on BookCorpus only

Text & Position Embed
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UNIVERSITA G PT—2

DEGLI STUDI

Radford, Alec, et al. "Language models are unsupervised
DI PADOVA

multitask learners" (2019)

McCann et al. (2018)

language provides a flexible way to specify tasks, inputs, and outputs all as a sequence of
symbols... it is therfore possible to train a single model with sufficient capacity to infer and
perform many different tasks

model gets data gets

complex! larger!
Parameters Layers dmodel WebText
117M 12 768 GPT, BERT-base scraping all outbound links (45M
345M 24 1024 BERT-large links) from Reddit, a social media
762M 36 1280 platform, which received at least
1542M 48 1600 GPT-2 3 karma — exclude WikiPedia
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UNIVERSITA
DEGLI STUDI G PT—3

DI PADOVA Brown, Tom, et al. "Language models are few-shot learners" (2020)

increasingly larger data and model!

Model Name Nparams Mlayers @Gmodel Mheads @head Batch Size Learning Rate
GPT-3 Small 125M 12 768 12 64 0.5M 6.0 x 10~4
GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0 x 1074
GPT-3 Large 760M 24 1536 16 96 0.5M 2.5 x 1074
GPT-3 XL 1.3B 24 2048 24 128 IM 2.0 x 1074
GPT-32.7B 2.7B 32 2560 32 80 1M 1.6 x 1074
GPT-36.7B 6.7B 32 4096 32 128 2M 1.2 x 1074
GPT-3 13B 13.0B 40 5140 40 128 2M 1.0 x 104
GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6 x 10~4

Layer normalization at the input (plus one at the output)

Sparse attention patterns
alternating dense and locally banded sparse attention patterns in the layers

Byte-level BPE (byte pair encoding) of 50K subword units

also prevent BPE from merging across character categories (to avoid dog, dog!, dog?)

Modified initialization -



UNIVERSITA Supervised fine-tuning

DEGLI STUDI

DI PADOVA training on specific tasks

log softmax(V, "X, ) Language Modelling loss

v,T

Classification Start Text Extract }» Transformer > Linear
Entailment Start Premise Delim | Hypothesis | Extract | Transformer [~ Linear
Start Text 1 Delim Text 2 Extract | > Transformer
Similarity = Linear
Start Text 2 Delim Text 1 Extract | > Transformer
Start Context Delim Answer 1 | Extract | Transformer | Linear
Multiple Choice | Start Context Delim | Answer 2 | Extract | Transformer | Linear
Start Context Delim Answer N Extract | Transformer | Linear
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UNIVERSITA NLP tasks

DEGLI STUDI
DI PADOVA some fine-tuning possibilities in NLP

Possible approach

MaSl.(e(.j Eingueg predlCt. nEELEE This is what BERT model is pre-trained for
prediction words in a text

P assign a label to a
Text classification or .
given sequence of

Sentiment analysis toxt

Text translation translate a text Need to pre-train a full Transfomer Architecture for this task

GPT example: context given by a document; then generate
generate a 100 tokens by top-2 random sampling (Fan et al., 2018),
Summarization summary of a i.e., take at each step the most likely next word at random
document among the top-2 candidates; finally select first 3 sentences
as abstract

GPT example: the context of the language model is
OIS EL R/l answer a question  seeded with example question answer pairs which helps
the model infer the short answer style of the dataset

Document question answer a question GPT example: context seeded by a text; then as for
answering on a given text question answering

Conversational ChatBot InstructGPT/ChatGPT: Fine-tuned models using
reinforcement learning from human feedback

Apply linear transform+softmax on K classes, and train the
model for the specific classification task
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UNIVERSITA Software Tools

DEGLI STUDI

DI PADOVA for Transformer Architecture use or fine tuning

~ . Hugging Face

https://huggingface.co/docs/transformers/v4.29.1/en/index

State-of-the-art Machine Learning

for PyTorch, TensorFlow, and JAX el
PN

OPyTorch “F TensorFlow {&aEiv i@

ALBERT, BART, BERT, BigBird, BigBird-Pegasus, BioGpt, BLOOM, CamemBERT, CANINE,
ConvBERT, CTRL, Data2VecText, DeBERTa, DeBERTa-v2, DistiiBERT, ELECTRA, ERNIE,
ErnieM, ESM, FlauBERT, FNet, Funnel Transformer, GPT-Sw3, OpenAl GPT-2, GPTBigCode,
GPT Neo, GPT NeoX, GPT-J, I-BERT, LayoutLM, LayoutLMv2, LayoutLMv3, LED, LIiLT, LLaMA,
Longformer, LUKE, MarkupLM, mBART, MEGA, Megatron-BERT, MobileBERT, MPNet, MVP,
Nezha, Nystromformer, OpenLlama, OpenAl GPT, OPT, Perceiver, PLBart, QDQBert, Reformer,
RemBERT, RoBERTa, RoBERTa-PreLayerNorm, RoCBert, RoFormer, SqueezeBERT, TAPAS,
Transformer-XL, XLM, XLM-RoBERTa, XLM-RoBERTa-XL, XLNet, X-MOD, YOSO
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BERT Topic

exploiting embeddings for topic detection




UNIVERSITA BERTopic

DEGLI STUDI

Grootendorst, «BERTopic: Neural topic modeling with a class-based TF-IDF
DI PADOVA

procedure» (2022) https://arxiv.org/abs/2203.05794

i ] / Although BERT is typically
Embed A- used for embedding
Documents documents, any embedding
technique can be used.

Cluster Topics

UMAP |5 | HDBSAN into semantically

Reduce dimenionality of Cluster reduced

embeddings embeddings similar clusters

. J \ J

Create topic

representations c-TF-IDF N MMR

Generate candidates by Maximize candidate

from clusters extracting class-specific relevance

words
. ) . )
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UNIVERSITA

DEGLI STUDI
DI PADOVA

array([-o.
.3692328 ,
.2260839 ,
.07114276,
.15935768,
.43098116,
.10462623,
.27378514,

5968882 ,

A=IAO=TIFAA

1. Embed documents
Using BERT

-0.
-0.
e.
-0.
0.
e.
-0
-0.

~

33086956,
37902787,
10852845,
29775023,
09587188,
06936899,

.45676082,

45430255,

~aArAAAo

.32643065,
.12308089,
.2873811 ,
.99628943,
.2583798 ,
.24311952,
.5662387 ,
.17282294,

R

.3670732 ,
.38124698,
.42781743,
.54497653,
.06768776,
.14515282,
.69908774,
.40275463,

AdrrAars

Fight for
your rights!

sentence
(words)

.628059
.03940517,
.06604357,
.11718027,
.3311586 ,
.19245838,
.48064467,
.38083532,

AnAaAa A

v

walking

/

output
embedding
A

walked



UNIVERSITA 2. Reinterpret embeddings

bert_model.visualize _documents(docs)
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DECL S70D BERTopic in Python

DI PADOVA bertopic package https://maartengr.github.io/BERTopic/

Ipip install bertopic
from bertopic import BERTopic

from sentence_transformers import SentenceTransformer S
initialise model

et

sentence_model = SentenceTransformer("all-MinilLM-L6-v2")
bert_model = BERTopic(embedding_model=sentence_model,
min_topic_size=20,nr_topics='auto')

docs = list(df2["text_sup_clean"]) ‘/////fﬂrnodel
topics, probabilities = bert_model.fit_transform(docs)

topics = bert_mbdel.reduce_outliers(docs, topics) ¥——reduce outliers
# extract community assignments
C = sps.csr_matrix((len(topics),max(topics)+2))
for i in range(C.shape[1]):
Clnp.array(topics)==(i-1),i] =1

# remove zero assignments ‘\\\\\\\\\‘exﬂactC)ﬂon1kxﬂC

C = C[:,np.unique(scipy.sparse.find(C) [1])] assignment
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UNIVERSITA

DEGLI STUDI bert_model.visualize barchart()

DI PADOVA #metoo2018
sexual violence refugees peace girlsinict
violence [N rcfugee N peace [N girl -
sexual [ syria || IINEGN peacebuilding [N digital I
end N withrefugees |GG pk70 N girlsinict I
woman [ rohingya [N peacekeeper [N education [
airl |1 woman [N woman [ close
survivor [ syrian [N role [ life N
harassment [N story | peace72 woman D
base flee N sustainingpeace N world I
0 0.020.040.060.08 0 0.05 0.1 0 0.05 0.1 0 0.02 0.04 0.06 0.08
executive director mothersday sustainability equal pay
ap N fathersday [N $ voman pay NN
. child [N sustainable work [N
director I mothersday NG climate man
sweden [N dad (GGG ocean woman |G
executive [N family [N change more [IINEGS
congratulation N mom [N india do
thank parentsday |GG community less |1
general I daughter | affect equalpayday NG
0 0.020.040.060.08 0 0.02 0.04 0.06 0 0.02 0.04 0 0.02 0.04 0.06
discrimination gender equality whatwomenwant politics
human [N  cquality heaith [N gender NN
right |G ac care [N council [
love |INEG—_——— gender [N quality [N equality NG
day G right | atwomenwant [N advisory [N
discrimination | speak [N access [N g7
today GGG woman D reproductive [ un D
standup4humanrights || NEGENNRNG feminist D maternal ed I 71
humanright || NG equal S healthcare [ system
0 0.02 0.04 0.06 0 0.02 0.04 0 0.05 0.1 0 0.02 0.04 0.06



UNIVERSITA

DEGLI STUDI BERTOp|C at WO rk

DI PADOVA On a semantic network

NMI modularity 1-Ncut

—InfoMap

! .
i % A G
time (|Og10) og% “’6\0 %& & % L% 2 &

algorithm matrix_type

-~ Leiden — Pdd

-+ BERT Leiden --- Edd 25 neigh

-= BERTopic -- Edd
BERTopic reduce
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UNIVERSITA

DEGLI STUDI Take aways

DI PADOVA on BERTopic applied to topic detection

1 Naturally provides a hard topic assignment

J Useful tool

J More readable output with deep cleaned text
but same performance

d Comparison — with Louvain

weaker in general, especially in modularity

equivalent NMI = relevant topics

lower modularity = the documents that identify the
topics are less distinguishable

higher complexity involved

less balanced topics, but generally meaningful

topics correlated with Louvain
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Wrap-up

on topic detection




UNIVERSITA

DEGLI STUDI Take aways

DI PADOVA for your projects

J What available tools should be used
Louvain & BERTopic
compare their performance through NMI, modularity, etc.

J What available tools should NOT be used

InfoMap, NMF & LDA
they show poor performance

d What would be nice to see implemented

soft Louvain made fast
advanced SMBs
deep learning models
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