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Summarization as a New Paradigm for Data Reduction
« Extractive Summarization Approach to Feature Selection

« Abstract Summarization Approach to Dimension Reduction



11. 1. Classical Methods for Data Reduction
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Figure 8.1. The first four principal component curves of the Canadian temper-
ature data estimated by two techniques. The points are the estimates from the
discretization approach, and the curves are the estimates from the expansion
of the data in terms of a 12-term Fourier series. The percentages indicate the
amount of total variation accounted for by each principal component.



11.2. Text Summarization

The goal of summarization is to compress large amounts of information
Into a shorter, low dimensional format while retaining the most important

and relevant contents.

« Extractive Text Summarization

The model “extracts” the most important sentences(or features) from the original
text and does not change the sentences (or features).

e Abstract Text Summarization

Abstractive Text Summarization converts a collection of text or documents into a
short summary that include the important information in the original text ,while
may or may not include words and/or sentences from the original text.

Unsupervised Extractive Summarization by Pre-training Hierarchical Transformers



11.3 Extractive Text Summarization

Document Modeling
T hg | [ oy | Document:D = (Sy, ..., Sip|)

' [ . _ L [
Sentence Level Sntance: S; = (WO,Wl,.. W|Sl|) W : token.
Transformer _ i
| Begin, end of a sentence: W} =< s >, Wis,| =</s >
[ i [ 2 l [ P \ token-level Transformer: Trans’, sequence level: Trans®
0 e ]

D D
Trans' (D) = (v(%,...,v|151|,-- U(l) I,---;Ul | )

Tok L ! —
Token Love! H { H ﬂ ] D= (5ulIS, 1Sio0)

Embedding for sentences inD: V = (v&, ...,vcl,Dl)

< s? [{ IE :}J L{ s ::*] ,L wi J I;E > H’A - TTCLTLSS(V),H - (h1' 'thl)

h;: final embedding of S;, A: Self-attention matrix

A;j + attention score from sentence S; to sentence S;.

To obtain A, we first average the attention scores across different heads and then across different layers.



11.4. Pre-training

e Masked Sentences Prediction N N
D = (Sl' ’SlDl)’D —_ (Sli ’SlDl)

[ fig Ha wl w wih < /8>

g g S L U R ~ S; 85% of cases
D= S & Sy i p— 0
L 1 == _ Mask (S;) 15% of cases

5y = mash($;)

H = Trans5(D),= (rlp---»ﬁlDI)

Figure 2: An example of masked sentences predic-
tion. The third sentence in the document is masked
and the hierarchical encoder encodes the masked docu- 1. . . Q
ment. We then use T'ransDec® to predict the original hl : the contextual representation of Sl
sentence one token at a time.

Use ﬁi to predict 5;, one token atatime.  Assuming W(i):j—l has been generated.

L — TTClTLSDeCM(W(l;:j_l, h;) P (W.i

~; . - .
j j W(l):j—l'D) = softmax (Wvocabh]l')

iy, 7
j(Wo:j-1 D)

~ |5:)
Probability of the original sentences given D is P(D|D) = l ll l 1P (W]

SiED J=



« Sentence Shuffling
Recall D = (Sy, ..., S|p|)-

point the position of S; in D’

T We permutate the sentences in D and obtain
+1 ' ¢ D = (S{,Sé, ...,S|'D|) , where Sp. = §;,
i V3 . .
ESIENIER H H P;is the positionin D" .
| TransDec? ,
Hierarchical Encoder : H’ f— (hi, ver ) thl)

Given Py, P4, ..., Ps_1, to predict P,

D = Sa S3 S1 e
Shuffling Using Point Network Transformer DecoderTrans Dec?:
p=(s](s](s] | T - |
position of S in D', where S, = 5; Ep, : Absolute positional embedding of P;
Figure 3: An example of Sentence Shuffling. The In original document.
sentences in the document are shuffled and then pass P;: Positional embedding of P; during decoding

through the hierarchical encoder, then a Pointer Network
with TransDecP as its decoder is adopted to predict

.y . . . . - !/ !/
the positions of original sentences in the shuffled Mi_1=(hp, +P1+Ep, ... 0y,  + D1+ E,_.)

document. 0 p
Output: hy = Trans Dec" (M;_,)

hi(P, = 1),E, :embeddin of P, = 1in original Doc



Then the probability of selecting Sg,:

exp(g(hhp, )
y12! exp(g(n.h))’

P(P¢|Py.s—1,D") = where g is the feedforward neural network:

h?,h!) = VI tanh(U,hY + W, h!), V, € R*1,U, € R4 W, € R%*4,
9 i a a’lt a’li

Finally the probability of positions of original sentences in the shuffled document is:

D]

P(P|D") = Lt_lp(Ptlpo:t—l,D’)

During training, for each batch of documents we apply both the masked sentence
prediction and sentence shuffling tasks. One document D generates

e Loss Function:

L(B) = _[ZDEX logp(D|5) + logp(P|D’)], where X is the training document set.



11.5. Unsupervised Summarization

In this section, we propose our unsupervised extractive summarization method.
Extractive summarization aims to select the most important sentences in

document. Once we have obtained a hierarchical encoder using the pre-training
methods in Section11.4, we are ready to rank sentences and no additional fine-

tuning is needed in this step.

Finding the most important sentence is equivalent to finding the sentence with
highest probabillity . To make the probabilities of different sentences comparable,

we normalize them by their length. Define ranking criterion:

|Sil .
T'i |S | z (lelwélj—l, D\Sl)

Normalize it across sentences, finally we obtain the sentence ranking criterior:
T

Dl 2,
Z}li

r; =



11.6. Modified Sentence Ranking Criterion

« Second ranking criteria
Model the contributions of other sentences to the current sentence explicitly.
the self-attention matrix of the sentence level Transformer encoder: A

Aji: Attention score from §; to §;

the second ranking score for S;

il ]
rl- = z A]l X r]-
j=1j+i

 Final ranking Score
r; = af; + Pr} a, [ are coefficients tuned on development set.

r; can be computed iteratively by assigning r; to #;



11.7. Feature Selection

: softmax(w,S)

Hadamard product

Input vector x

Original model Sequential Attention model: § = @ Sequential Attention model: § = {1,2}

SEQUENTIAL ATTENTION FOR FEATURE SELECTION, Yasuda et al. 2023

The code is available at: github.com/google-research/google-research/tree/master/sequential attention



Algorithm

Step 1: Input sentence embedding matrix X € R¢*%, label y € (0,1)or y €
R,neural network for classification f (X, 8), loss function [, size k, d:the num of feat

Step 2: Initialize § « @
Fort=1tok do

(6*,w*) = argmin [(f (XOW, 0),y),W = 1,softmax(w, S)T
o,w

( 1 [ €S W1
Softmax;(w, S) =< _XPWd ;- & _ 141\S w=]|:],
l szeg exp(wj) l [ ]\ Waq
| ) ) softmax,(w,S)]
Set " « a?‘ger?ax w; Sof tmax(w, S) = :
l _
Update S « S U {i*} softmaxi(w,S)

Return S



Datasets and Architecture

CNN/Dailymail: 287,226 articles for training, 13,368 for validation and 11,490 for test
NYT: 36,745 for training, 5,531 for validation and 4,375 for test.

tokenized with the UTF-8 based BPE tokenizer used in RoBERTa and GPT-2

and the resulting vocabulary contains 50,265 subwords.
Token Level: L=12;H=768;A=12.
Sentence Level: L=6:H=768:A=12 4 Nvidia Tesla V100 GPU

ROUGE stands for Recall-Oriented Understudy for Gisting Evaluation. It
IS essentially a set of metrics for evaluating automatic summarization of
texts as well as machine translations. It works by comparing an
automatically produced summary or translation against a set of reference
summaries (typically human-produced).

Smply put, recall (in the context of ROUGE) refers to how much of the reference
summary the system summary is recovering or capturing.



CNN/DM NYT

Method R1 R2 RL| RI1 R2 RL
REFRESH (Narayan et al., 2018) 41.30 1840 37.50 | 41.30 22.00 37.80
PTR-GEN (See et al., 2017) 39.50 17.30 36.40 | 42.70 22.10 38.00
BertSumExt (Liu and Lapata, 2019) | 43.25 20.24 39.63 — — —

BertSumAbs (Liu and Lapata, 2019) | 41.72 19.39  38.76 — — —

LEAD-3 40.50 17.70 36.70 | 3550 17.20 32.00
TEXTRANK (tf-idf) 3320 11.80 29.60 | 33.20 13.10 29.00
TEXTRANK (skip-thought) 31.40 1020 28.20 | 30.10 90.60 26.10
TEXTRANK (BERT) 30.80 9.60 27.40 | 29.70 0.00 25.30
PACSUM (Zheng and Lapata, 2019) | 40.70 17.80 3690 | 41.40 21.70 37.50
PACSUM (BERT) * 40.69 17.82 3691 | 40.67 21.09 36.76
PACSUM (RoBERTa) * 40.74 17.82 3696 | 40.84 21.28 37.03
Adv-RF (Wang and Lee, 2018) 35.51 0.38 20.98 — — —

TED (Yang et al., 2020) 3873 16.84 3540 | 37.78 17.63 34.33
STAS 4090 18.02 37.21 | 41.46 21.80 37.57
STAS + PACSUM 41.26 18.18 3748 | 4242 22.66 38.50




Table 5: Results of the combination using ROUGE F1

L e FTITARTRITMAR A .o RTLWSAT

. valid set test set

Settings R1 R2 RL | R1 R2 RL

MSP 41.61 1830 3792 | 4076 17.78  37.03

MSP+S5S (ST1AS) | 41.67 1847 38.00 | 40.90 18.02 37.21

r=1/|D| 4158 1843 3789 | 4074 1788  37.4

=0 3392 1293 3099 | 3330 12.61  30.33
| Methods R-1 mllilzm R-L R-1 tE;t-;Et R-L

CNN/DM

PACSUM - - - 40).70 17.80 36.90

STAS 41.67 18.47 38.00 40).90) 15.02 37.21

STAS + PACUSM 42 .20 18.84 38.44 41.26 15.18 3748

NYT

PACSUM - - - 41.40 21.70 37.50

STAS 40.36 20.20 36.00 41.46 21.80 37.57

S5TAS + PACUSM 41.46 21.22 37.05 42.42 22.66 38.50
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Figure 4: Proportion of extracted sentences by different unsupervised models against
their positions



11. 8. Applications to protein and DNA Sequences

DNA

l Transcription

m AUGCUUUCGUAU UACGAAAGCAUA AUGCUUUCGUAU UACGAAAGCAUA

l Translation

. Mot Leu Ser Tyr Tyr Gha Ser lle Met Leu Ser Tyr Tyr Glu Ser lle
ETOU) Cra' ! —r ) —rr  —r

©udaix/ Shutterstock.com



Protein Protein
(Gene)

- Lung Cancer
- Breast Cancer

- Colon Cancer

Amino Asid Sequence <-> Word Protein <-> Sentence



DNA

Exon 1 Intron 1

- Lung Cancer
- Breast Cancer

- Colon Cancer

DNA Sequence <-> Word Exon - Intro <-> Sentence POIygeniC SCOI‘e



Pair-wise causal analysis (GAN)

X (A segment of sequence, gene, risk factor)

Transformer

Two Sample Test

Discriminator

Real or Fake?

Dy_y=1{hi,¥;=G(Z,h}),i=1,..,n}

D,={nlY;,i=1,..,n}

D={(Yy,1),...(Y,1)]Ul(Yy,0),.., (Y, 0]}
={(z1, 1), ., (220 L20)}

(=11 Y
0 Y,

1
Tcix—oyy = — w;
( ) nte (hi»li)EDte

T.x-n~0.5X-Y
we=1I(f(h) >3) =1 &P

X causes'Y.




Data Sources

How can | get all the proteins involved in a given disease?

https://www.uniprot.org/help/disease _query

Information relevant to diseases associated with a given protein are found in the
section 'Disease/Phenotypes and variants'. The information given (including the
disease name) is consistent with the literature and the OMIM database.

You can use three methods to search proteins associated with a given disease.

UniProt
https://www.uniprot.org/



DNA Data Sources

Human Genome Resources at NCBI
https://www.ncbi.nlm.nih.gov/genome/guide/human/

OMIM

OMIM is a comprehensive, authoritative compendium of human
genes and genetic phenotypes that is freely available and updated
daily. OMIM is authored and edited at the McKusick-Nathans
Institute of Genetic Medicine, Johns Hopkins University School of
Medicine, under the direction of Dr. Ada Hamosh. Its official home is
omim.org.

The Human Gene Mutation Database
https://www.hgmd.cf.ac.uk/ac/index.php



Adaptive Skill Coordination
for Robotic Mobile Manipulation

Naoki Yokoyama', Alexander William Clegg?, Eric Undersander?, Sehoon Ha!, Dhruv Batra'-?, Akshara Rai?
!Georgia Institute of Technology, 2FAIR, Meta Al
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Fig. 1: Adaptive Skill Coordination (ASC) is deployed on Spot in a novel environment and tasked with mobile pick-and-place. ASC operates
entirely using onboard sensors — head- and arm-mounted cameras, proprioceptive joint sensors, and egomotion sensors — without access to
pre-built maps, 3D models of objects, or precise object locations. Here, Spot navigates from room to room, picking and placing objects,
using learned sensor-to-action skills. The robot starts at its dock (red, A), navigates to a pick receptacle (green, B, D, F), searches for and
picks an object, navigates to a place receptacle (blue, C, E, G), and places the object at its desired place location, and repeats.
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