Autoencoders
(30 min)



Autoencoder

—— Encoder Decoder [—>
Input \ Latent Space Output
+ 4

Reconstruction Loss
Loss = L(z,D(E(x)))

Wide applications in both NLP and CV!
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Opinion Summarization via Autoencoder

Input Text

(e.g., reviews, sentences,
segments, opinions)

?

—_—— [P

/

Encoder

/\K/'

T

Latent Space

T

Decoder

/

Output Text

(e.g., reviews, sentences,
segments, opinions)

*

Reconstruction Loss
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Opinion Summarization via Autoencoder

Learns the representation of review text

Latent Space
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Opinion Summarization via Autoencoder

Learns the representation of review text

Manipulate latent repr. for summary
[MeanSum19][Coavoux et.al19][COOP21]

® Learning aspect/topic-based repr.
[RecurSum21]
Latent Space Cluster similar input text

[MATE+MT18] [QT20] [ASPMEM20]
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Opinion Summarization via Autoencoder

_— T

Encoder Decoder

\ /

The ability to reconstruct review-like text

Articulate “noisy” input to summary
[OpinionDigest20]
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Opinion Summarization via Autoencoder

Learns the representation of review text

Manipulate latent repr. for summary
[MeanSum19][Coavoux et.al19] [COOP21]

R Learning aspect/topic-based repr.
————— [RecurSum21]

Output Text

(e.g., reviews, sentences,

Decoder

Latent Space

(e.g., reviews, sentences,
segments, opinions)

T Reconstruction Loss T Cluster similar input text
[MATE+MT18][QT20] [ASPMEM20]

The ability to reconstruct review-like text

Articulate “noisy” input to summary
[OpinionDigest20]



Opinion Summarization via Autoencoder

Manipulate latent repr. for summary
[MeanSum19][Coavoux et.al19] [COOP21]

Decoder

e

Output Text

(e.g., reviews, sentences,
segments, opinions)

Input Text
P Latent Space

(e.g, reviews , sentences,

segments, opinions)

Reconstruction Loss




1.

MeanSum?

Reconstructed

Reviews

LSTM
Encoder

LSTM
Decoder

S 22 () —~@EEED—

Encoded Reviews

(in latent space)

(1). Auto-encoder module

Comb. Review Repr.

(in latent space)

Encoded Summary
(in latent space)

(2). Summarization module

LSTM
Decoder

Chu, Eric, and Peter J. Liu. "MeanSum: A Neural Model for Unsupervised Multi-Document Abstractive Summarization." ICML. 2019.

Summary
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MeanSum

Reconstructed

Reviews

LSTM
Encoder

LSTM
Decoder

i

Encoded Reviews

(in latent space)

(1). Auto-encoder module
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MeanSum

- LSTM
- Encoder
Reviews
Reconstruction
Loss
————
I LSTM
| — Decoder
Reconstructed
Reviews

—(0000

Encoded Revi

(in latent spa«

(1). Auto-encoder module
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MeanSum

Reviews

LSTM
Encoder

i

Encoded Reviews

(in latent space)

(1). Auto-encoder module
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MeanSum

CE o () —@EED—

Encoded Reviews Comb. Review Repr.
(in latent space) (in latent space)

—_——— e — —

Encoded Summary
(in latent space)

(2). Summarization module

LSTM
Decoder

Summary
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MeanSum

—Gooo— T8
Decoder

Encoded Reviews
(in latent space) \

Similarity
Loss

Comb. Review Repr.
(in latent space)

—_——— e — —

Summary

Encoded Summary
(in latent space)

(2). Summarization module
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MeanSum

Reviews

Reconstruction
Loss

Reconstructed

—> .
Reviews

LSTM
Encoder

LSTM
Decoder

Loss = Reconstruction Loss + Similarity Loss

S 2 o (o) —-GEE—

Encoded Reviews

(in latent space)

bl

Comb. Review Repr.

(in latent space)

(1). Auto-encoder module

Similarity
Loss

—_——— e — —

Encoded Summary
(in latent space)

(2). Summarization module

LSTM
Decoder

Summary
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1.

Other works

e Sentence representation learning for topic/aspect-aware summarization

[Coavoux et.al19]*

/

---------- e

---------- 7 —

»

Encoder

»

»

»

T

oo —> (Mean) >@TETO—
“Food?

et (ean) —~@EED—>
“Service”

e Supervised aspect classifier

T~

Decoder

. “« »

/

Coavoux, Maximin, Hady Elsahar, and Matthias Gallé. "Unsupervised aspect-based multi-document abstractive summarization." In Proceedings of the 2nd Worksho%8

on New Frontiers in Summarization, pp. 42-47. 2019.



Other works

e AEVAE
e Representation aggregation method optimization [COOP21]*

Gty —em=s

Encoded Reviews Comb. Review Repr.

(in latent space) @ (in latent space)
Teiiogs () —@wen

Encoded Reviews Comb. Review Repr.
(in latent space) (in latent space)

Select Reviews for Aggregation

1. Iso, Hayate, Xiaolan Wang, Yoshihiko Suhara, Stefanos Angelidis, and Wang-Chiew Tan. "Convex Aggregation for Opinion Summarization." In Findings of the 79

Association for Computational Linguistics: EMNLP 2021, pp. 3885-3903. 2021.



Opinion Summarization via Autoencoder

F—_‘_____: Learning aspect/topic-based repr.
. [RecurSum21]

Output Text

(e.g., reviews, sentences,
segments, opinions)

Decoder

Input Text
P Latent Space

(e.g., reviews, sentences,
segments, opinions)

T Reconstruction Loss




RecurSum’

Use Variational-Autoencoder (VAE) to learn a recursive topic model

/

Topic 1

N

T

——— [—>| Encoder [~ Topic 11 Topic 12 Decoder
—— \ | - —— 2
Input Text Topic 111 Output Text
(e.g., reviews, sentences, (e.g., reviews, sentences,
segments, opinions) segments, opinions)
Tree-structured
Topic Model
1. Isonuma, Masaru, Junichiro Mori, Danushka Bollegala, and Ichiro Sakata. "Unsupervised abstractive opinion summarization by generating sentences

with tree-structured topic guidance." Transactions of the Association for Computational Linguistics 9 (2021): 945-961.
2. https://underline.io/lecture/40739-unsupervised-abstractive-opinion-summarization-by-generating-sentences-with-tree-structured-topic-guidance 81



https://underline.io/lecture/40739-unsupervised-abstractive-opinion-summarization-by-generating-sentences-with-tree-structured-topic-guidance

RecurSum

Training: learning tree-structured topic gaussians via reconstruction loss

RNN
Encoder

review
sentence

*

VAE

RNN T

Decoder B

output
sentence

Reconstruction Loss
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RecurSum

Training: learning tree-structured topic gaussians via reconstruction loss

RNN
Encoder
review
sentence
* TSNTM

GMM Mixture

Y

|

\4

0 overall:0.2

! food:0.5 |_I service:0.3!

RNN
Decoder

output
sentence

Reconstruction Loss
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RecurSum

Inference
M,
@““/

e

From RNN Encoder & TSNTM
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RecurSum

Inference / U, |
?\$$ overall:0.2

== /TSNTM—>| food:0.5 | |service:0.3|

From RNN Encoder & TSNTM
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RecurSum

Inference / . |
Q\$$ overall:0.2

== /TSNTM—>| food:0.5 | |service:0.3|

W1 $/{ UQ |
?‘$ overall:0.5
S
NTM\>| food:0.1 | | service:0.4 |

W2
- T < overall:0.7
TSNTM
W3 \i food:0.1 | | service:0.2 |

From RNN Encoder & TSNTM



RecurSum

Inference / . |
Q\$$ overall:0.2

== /TSNTM—>| food:0.5 | |service:0.3|

W1 $/{ UQ |
?‘$ overall:0.5

food:0.1 | | service:0.4 |
W2
- T < overall:0.7
TSNy,
Ws TR food:01 | [ service:0.2 |

From RNN Encoder & TSNTM

overall

.............

overall



RecurSum

overall

Inference
” //" \\
&/{ 1 //,« ]arge \\\
?§ overall:0.2 0] A .
overall

== /TSNTM—H food:0.5 | |service:0.3|

", o m
é@$ ’m|———> © v . RNN Overall, |
- SN doveral | pecoder | love this
TM food:0.1 | | service:0.4 | weighted ecoder restaurant.
2 average
<Rm\/vl s —
I TSN [ overal:07 F——» o
w v

3 \i food:0.1 | |service:0.2|

From RNN Encoder & TSNTM

https://underline.io/lecture/40739-unsupervised-abstractive-opinion-summarization-by-generating-sentences-with-tree-structured-topic-quidance 88



https://underline.io/lecture/40739-unsupervised-abstractive-opinion-summarization-by-generating-sentences-with-tree-structured-topic-guidance

RecurSum

Summary Generation

overall

Summary

N

food

service

> Overall, | love this restaurant.

The staff are extremely friendly and will always go

> above and beyond in creating a delicious
sandwich for you.

You will not be let down by the great food that they
make here.
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Opinion Summarization via Autoencoder

Decoder

e

Output Text

(e.g, reviews, sentences,

Input Text
(g, repviews, eeeeeeeeee Latent Space

T Reconstruction Loss ! Cluster similar input text
[MATE+MT] [QT20]
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MATE+MT?

T The color and definition are excellent —
g What is disappointing is the viewing angle \
kY] Jevr Yo v v neutral [+] The color and definition are excellent
o rarmrerae Ehag 2 speakety; smrm S % [+] Plenty of input ports to choose from
e« You can bargly hear it . [+] For the price, it was a great option
£ FOTETETEY There is a slight hum from the TV
la) \ [-] What is disappointing is the viewing angle
5L _ Plenty of input ports to choose from — [-] You can bargly hear it
S _ Doesn't recognize my USB hard drive —| [-] There s a slight hum from the TV
e "] i—i— [-] Doesn't recognize my USB hard drive
NI —
0 — Great TV for the price -/€9Undant. . M
For the price, it was a great option
Use aspect-based autoencoder (ABAE)? to
extract aspect-specific review segment
1. Angelidis, Stefanos, and Mirella Lapata. "Summarizing Opinions: Aspect Extraction Meets Sentiment Prediction and They Are Both Weakly Supervised." In
Proceedings of the 2018 Conference on Empirical Methods in Natural Language Processing, pp. 3675-3686. 2018. 91

2. He, Ruidan, Wee Sun Lee, Hwee Tou Ng, and Daniel Dahlmeier. "An unsupervised neural attention model for aspect extraction." ACL, pp. 388-397. 2017.



Aspect-based autoencoder (ABAE)

Je08

Aspect embeddings
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Aspect-based autoencoder (ABAE)

The

|
|
|
|
|
color : —(® ® )—_|
| | “latent code”
wi  —HEl @O
|
definition e (00— 5
2l OO

m
3 :
® 3
o -
= o
5
@ 3 |
are —:— I
|
|
T ) S
|
|
review -]
segment Attention-based Encoder
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Aspect-based autoencoder (ABAE)

The

|
|
|
|
|
oor  —H @)
l
|
|
|
|
|

Reconstructed
“latent code”

“latent code”

m Lo
> 3
and @)% 2
o = g
- o = =l B || @e |
definition o —>©/ o o
<
3 =]
@ B

) |
we " @] [
|
|

excellent —— U |
|
review N Y I

segment Attention-based Encoder Aspect-based “Decoder”




Aspect-based autoencoder (ABAE)

T T T T T T T T T T T T T T T T r T T T T T T T T T T T T T T |
| | | |
I | I |
The i Eo — | |
| | ' |
|
color : —»C)\ | | (e ®) | Reconstructed
| | m > | “latent code” | c | “latent code”
anc -G |3 |3 @ | | e
: o s : 2 © | @@ ]
i . =3 ~
definition | g— —>©/ S | : % @ :
I |oa |
are —:— —>©/ : : - @ |
| I |
| |
excellent  — U | | I
| I |
. | |
review | ____ | L ____ I
segment Attention-based Encoder Aspect-based “Decoder”
Reconstruction Loss

Hinge loss: ¢ " should be similar to C) , but distinct

from the other review segments’ (= ) %



MATE

e
| |
' |
me  —H l-@o — |
' [
wor @] [
| m >
and 2 ~(eeo)|7
1|8 o
| 5
. =3 =3
definition Hat~(e0)—1%
' = = |
| (1)-] |
e —HRL.@o [
|
|
excellent —H U |
|
|
review e |
segment Attention-based Encoder

“latent code”

g (Do) mir+$ a

© i o

i input ‘prlce

£ @ port hdmi

2 mU A worth

o colors ® value

£ e Ppicture

———————————————————————————— 1
Initialize with seed words

I
|

“latent code”

|

|

: Reconstructed
|

|

Ja9Ae Jeaulq
& 3

Aspect-based “Decoder”

Reconstruction Loss

Hinge loss: ‘ " should be similar to C) , but distinct

from the other review segments’ (= ) %



9 [Eeio)mir®+ § 4
MATE TTV & input Jrice
oy mm o i
Cg:\era - § mw A onrth
one o 2 colors @ value
£ e Ppicture
e Goodfordomain_________________® |
I o go . og® . .
| | classification Initialize with seed words
| I ]
The H EO | | |
|
I | I |
color ' | | | Reconstructed
| |
| | m | “latentcode” | |l | “latent code”
and 2l .@o—|Z |3 ) G| | T
8 : — 2 ° —
n ______
definition —+ & |—~(@ @ )—| § |& ¢ o |
3 = | I
I |oq o I
we  —HY @] [ | $ Go|
| |
| |
excellent — U : | |
| |
| |
review | e | . _ _ o ____ I
segment Attention-based Encoder Aspect-based “Decoder”
Reconstruction Loss

Hinge loss: ‘ " should be similar to C) , but distinct

from the other review segments’ (= ) o7



9 [Feomir+i 4
MATE TTV & input Jrice
oy mm o i
one o 2 colors @ value
£ e Ppicture
e Goodfordomain_________________® |
| | classification Initialize with seed words
I I !
e —H @O | l |
|
I | I |
color ' | | | Reconstructed
| |
| | m | “latent code” | = | “latent code”
and 3. @o)—|& |3 ) Go| | T
|8 B —| 8 ° e
n ______
definition : o —>©/ g' I E " @ :
3 = | I
I loa I (1] |
we  —H" @O [ - |® $ o] |
| | t
| |
excellent — U | | Learns aspect |
| | | distribution |
review | e 2 . _ _ L ____ I
segment Attention-based Encoder Aspect-based “Decoder”
Reconstruction Loss

Hinge loss: ¢ " should be similarto (°° ), but distinct

from the other review segments’ (= ) %



MATE+MT

32-Inch LCD TV Reviews

b 8 & &:8+¢

L 8 80 0+

L8 .8 8 &1

b 8 8 884

The color and definition are excellent
L_|_—I What is disappointing is the viewing angle

It has 2 speakers
You can barely hear it
There is a slight hum from the TV

Plenty of input ports to choose from
Doesn't recognize my USB hard drive

Great TV for the price
For the price, it was a great option

Use aspect distribution prediction to group
review segments
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MATE+MT

32-Inch LCD TV Reviews

b 8 & &:8+¢

L 8 80 0+

L8 .8 8 &1

L 8 & &:8%¢

The color and definition are excellent (+)
What is disappointing is the viewing angle (-)

It has 2 speakers
You can barely hearit (-)
There is a slight hum from the TV (-)

Plenty of input ports to choose from (+)
Doesn't recognize my USB hard drive (-)

Great TV for the price (+)
For the price, it was a great option (+)

1

Use weakly supervised classifier to provide
sentiment labels
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MATE+MT

Rank review segments by saliency

he color and definition are excellent| (+) a;
. T | magp!
=
]
.g ‘
- )
o GEN
8 L f@ Ds
H e
5 4 :
o - 1ol
m $ positive negative

saliency = |pols| - (maz;p% — psGEN)

Clear aspect
Clear sentiment
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QT

Training

Latent Space
(discrete codebook)

1. Angelidis, Stefanos, Reinald Kim Amplayo, Yoshihiko Suhara, Xiaolan Wang, and Mirella Lapata. "Extractive opinion summarization in quantized 102
transformer spaces." Transactions of the Association for Computational Linguistics 9 (2021): 277-293.



QT

Training

Transformer
Encoder

Original:
The staff was great!

Latent Space
(discrete codebook)
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QT

Training
X, L (@)
il %
* —~ ~ - O
3 — ~ ~ O
~ - ~ - 2@
O — —
Transformer -
[ Encoder ] —x ©
Original: Latent Space

The staff was great!

(discrete codebook)
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QT

Training

X4
S 5

* —~ ~ - O
3 ~ (@)

—~ < ~l
N o ®)
N
Transformer =
Encoder
Original: Latent Space

The staff was great!

(discrete codebook)
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QT

Training
X4
2
X3
Transformer
Encoder
Original: Latent Space

The staff was great! (discrete codebook)
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QT

Training
X4
2
X3
Transformer Transformer
Encoder Decoder
Original: Latent Space Reconstructed:

The staff was great!

T

The staff was friendly!

!

Reconstruction Loss 107

(discrete codebook)




QT

Inference

Sentences of an entity:

I

The staff was great!

Transformer
[ Encoder J E:>

2

axo

%OR

% % o %
xh % "

2 &

S/

Latent Space

(discrete codebook)

sentence
samples

Xl ::ooo

k eccccce |

1 [ XYYY]

b

eeccccce

::cooo]—

K X feoe

n

extracted 4

108



QT

Use seed words to find

) e sentence
aspect-specific codes samples
Inference
x n Xl ::ooo
k LXYYY YY)
ax_o 1 XYY H

Sentences of an entity:

U_M = ,%yx 9 x%x mih

The staff was great! **

T ’2‘1" B -

::cooo]—
Transformer coce
Encoder E:> K Xl

extracted o

Latent Space
(discrete codebook)
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QT

Inference

Sentences of an entity:

I 1
UJL The staff was great!

Transformer
[ Encoder J E:>

v
S

Latent Space
(discrete codebook)
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QT

Inference O
% samples
Sentences of an entity: o, X
L .1 L
U'M The staff was great! €£— RN
. A -
\ % — |
J
Transformer |::> N - K X
Encod "
[ neoder J extracted
Latent Space

(discrete codebook)



Opinion Summarization via Autoencoder

Decoder

e

Output Text

Input Text
iews, (e.g., reviews, sentences,

(e.g. reviews, sentences, Latent Space
segments, opinions)

T Reconstruction Loss T

The ability to reconstruct review-like text

Articulate “noisy” input to summary
[OpinionDigest20] 112



OpinionDigest’

Great location that is great location

close the the wharf, close to wharf

aquatic park, and close to aquatic park

many other .

attractions Opinion close to attractions
and AC. extraction loud fridge | loud AC

Input review 7

Intermediate representation

1. Suhara, Yoshihiko, Xiaolan Wang, Stefanos Angelidis, and Wang-Chiew Tan. "OpinionDigest: A Simple Framework for Opinion Summarization." A(.',jll3
pp. 5789-5798. 2020.



OpinionDigest

Training: Learn to reconstruct the original review from extracted opinion
phrases

loud fridge

close to wharf

A |

ER=

Input opinions
review
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OpinionDigest

Training: Learn to reconstruct the original review from extracted opinion

phrases

I
Input
review

[0

opinions

|

Decoder |[——* |

| |
[
\\ Latent Space
Reconstructed
review
Seq2Seq Model

Reconstruction Loss

Variation of denoising autoencoder - learns to
generate a review from opinion phrases
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OpinionDigest

Generation (1/3): Extract opinions from input reviews

Input <

reviews

-~

[—1

L 7
[— ]
=l
=
- [— ]
[—1

L 7

Opinion Extraction

~N
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OpinionDigest

Generation (2/3): Select most popular opinions

4 N

Input QT
reviews —

I I

L
L0000

- 7 J

Opinion Selection
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OpinionDigest

Generation (2/3): Select most popular opinions

Input <

reviews

-~

~

I I

L0000

J

Opinion Selection

great location

good location

near aquatic park

|
|
:
: close to aquatic park
|
|
|

near the aquarium

Opinion clusters
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OpinionDigest

Generation (2/3): Select most popular opinions

Input <

reviews

-~

~

I I

L0000

J

Opinion Selection

Selected opinions

119



OpinionDigest

Generation (3/3): Summary generation

[—]

I
nput ) |—— [——]
re?/ie‘\‘lvs< — :
N —
- [— ]
[—]

- 7

1 0

Latent Space

Decoder

Summary Generation

.

Summary

120



Opinion Summarization via Autoencoder

Learns the representation of review text

Manipulate latent repr. for summary
[MeanSum19][Coavoux et.al19] [COOP21]

R Learning aspect/topic-based repr.
————— [MATE+MT18][RecurSum21][ASPMEM20]

Output Text

(e.g., reviews, sentences,

Decoder

Latent Space

(e.g., reviews, sentences,
segments, opinions)

T Reconstruction Loss ! Cluster similar input text
[QT20]

The ability to reconstruct review-like text

Articulate “noisy” input to summary
[OpinionDigest20] 121



Autoencoder: Pros and Cons

(+) Does not require reference
summaries for training
(+) Trained on individual reviews,
thus can summarize large number
———1  of reviews
Output Text
it (-) Always generate review-like
T Reconstruction Loss ! sentences as the summary due to
self-supervised training
(-) Cannot summarize directly from

multiple input reviews

Decoder

Input Text
(e.g., reviews, sentences,
segments, o| pinions)

Latent Space

122



