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Perception

* Web Texts
* Sentiment Analysis; Information Retrieval; Information Extraction

e Speech and Natural Language Processing
* Parsing; Machine Translation; Speech Recognition

* Computer Vision
* Motion Vectors; Object Recognition; Object Localization; image2speech



Sentiment Analysis

(Textbook section 22.2: Text Classification)

Sentiment
Class
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Sentiment
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Stop Word
Filtering

Image source:

Negation John Cawley, Data Analysts, 5/20/2017

Handling https://www.quora.com/Who-are-the-leading-
providers-of-sentiment-analysis-for-social-media-
data-and-which-companies-use-them-versus-
developing-their-own-technology



Sentiment Analysis

* Objective: automatically troll the internet to find out if people like or
dislike your product.

* Methods:
* Recognize keywords
e Stemming --- convert different morphological forms to the same root
* Tokenization --- merge phrases like “White House” into single words
* Partial parsing, to handle negation

* Examples: from Wikipedia
* Easy: “Pastel-colored 1980s day cruisers from Florida are ugly.”
* Hard: “l love my mobile but would not recommend it to my colleagues.”



N
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text-processing.com/demo/sentiment/ ¢

Home NLTK Demos NLP APIs NLTK Models Contact [lStreamHacker Blog k=Follow Jacob on twitter

S e n t I m e n t Sentiment Analysis with Python NLTK Text Classification

This is a demonstration of sentiment analysis using a NLTK 2.0.4 powered text classification process. It can tell you whether it
thinks the text you enter below exp positive i negative sentiment, or if it's neutral. Using hierarchical ——

L] . 4
A I I a | y S I S * classification, neutrality is determined first, and sentiment polarity is determined second, but only if the text is not neutral. Python 3 Text Processing
with NLTK 3 Cookbook
[]

Analyze Sentiment

an online

english § Natural Language
Processing with
Enter text Python 5

d e m O’ great movie
with —
partial //

Enter up to 50000 characters

source

C O d e How Sentiment Analysis with Text Classification Works

The english sentiment uses classifiers trained on both twitter sentiment as well as movie reviews from the data sets created by Bo
Pang and Lillian Lee 7 using nitk-trainer # (also on bitbucket 7). The dutch sentiment is based on book reviews.

The results will be more accurate on text that is similar to original training data. If you get an odd result, it could be the words
you've used are unrecognized. Try entering more words to improve accuracy.

Sentiment Analysis Articles

To read more about how it works, please read the following articles I've written about the process:



Perception

* Web Texts
Information Retrieval; Information Extraction

e Speech and Natural Language Processing
* Parsing; Machine Translation; Speech Recognition

* Computer Vision
* Optical Flow; Object Recognition; Object Detection; image2speech



Information Retrieval
Textbook section 22.3; CS 410, 510

* Given:

* A corpus of documents

* A query posed in some query language
* Generate:

A list of results, usually rank-ordered

* |n order to maximize:
e Some measure of utility



IR Measures of Utility

* Is there any relevant document on the first page?
* Precision at N = (# correct documents in the first N)/N

* How many of the target documents did | get?
* Recall at N = (# correct documents in first N)/(# correct in the database)

e How far do | have to search in order to find the correct document?
» Expected reciprocal rank = E [ 1/n ], where n = rank of the correct document



TF-IDF (term freq -inverse document freq)
Karen Sparck Jones, 1972

* Given a query, g, containing terms, t
* Find a document d that maximizes
tf - idf(q,d) = ) tf(t,d)idf (t)
teq
* TF (term frequency): how often does term “t” occur in document “q”?

* IDF (inverse document frequency): reduce the importance of the term

“t” if it occurs frequently across all documents, example,
_ (# documents in database)
idf (t) = log

(# documents containing termt)



PageRank

(Brin and Page, 1998)

1-—-d PR(i)
PR(p) =——+d z .
N L |C(>0)]
I:p€eC(i)
* d (damping) = probability that the surfer continues browsing links,
versus restarting with a new search

 C(i) = set of outgoing links from page i

* PR(i) = page-rank = probability that the surfer is on page i

e Significance: google’s first search algorithm (1997)

* Significance: must be estimated using expectation-maximization



Perception

Information Extraction

e Speech and Natural Language Processing
* Parsing; Machine Translation; Speech Recognition

* Computer Vision
* Motion Vectors; Object Recognition; Object Detection; image2speech



Information Extraction
Text Section 22.4; CS 412,512

* Pattern recognition
* Ontology extraction
e Attribute extraction



Pattern Matching in text: Regular Expressions

* Invented by Stephen Cole Kleene in the 1950s

* Just three basic operators:
* + --—- union of two sub-languages
* X --- concatenation of two sub-languages
e * ——-zero or more repetitions of a sub-language

* This expression contains (two|several) (very)* useful examples.
* This expression contains several very useful examples.
* This expression contains several very very useful examples.
* This expression contains several very very very useful examples.
* This expression contains two useful examples.



Ontology Extraction: Entity Discovery and Linking

Slide credit: Heng Ji
LIRS YE, E=8 Now, Ms. Yang, one of Aunque nac~ida en Dali, a la efiad
— PR/ NEEXLEMYE  China's best-known de nueve afios Yang se muds con
SPEBIY TR, £ doncers sthedirector, SRS
EiBZIRIEREMXATL  choreographer and starof = .. - I ’
G R A ST a eligieron para integrar la
’ER'L = A=le Agrupacion Artistica de Canto ...
Yang Liping - Llplng Yang
Traditional Chinese BEE Llplng Yang

Simplified Chinese I

Transcriptions [show]

* Cross-lingual knowledge fusion: For certain entities and events, new and
detailed information is only available in low-resource foreign incident
languages

* Cross-lingual Knowledge transfer: Build cross-lingual links to transfer resources
(e.g., annotated data, gazetteers and rich knowledge representations) from
English to foreign language EDL



Attribute Extraction: Combine with Tri-linguadSlot Filling

 _ Slide Credit: Heng Ji

Yang Liping
Traditional Chinese BEE
Simplified Chinese nsE
Each query = an entity cluster of Transcriptions [show]

multi-lingual mentions, with type, KB

and each mention’s Document ID,
offsets

Source Collection l

State/Province-of-Residence: =78
135 INRTWSE, =k — MU/ NEREXEM Y 2B EEN
S TNEIR, EEBZFESEREMX AL RBNEFEE, T/
Fla, WES—E, MAHS LRAWH L& .mXTHWE
MREDR, ZEFENERAR, BIWENIIREFRE KkHE
HENAF —ERXEDWERNER EBEkR —PMHEEEN
EERBANERHIE, EHWELTRET .
Spouse: XI[ZEfE

Title: dancer, director, choreographer
Now, Ms. Yang, one of China's best-known dancers, is the

director, choreographer and star of a new show that is
drawing sellout crowds all over the country.



Perception

 Web Texts

e Speech and Natural Language Processing
* Parsing; Machine Translation; Speech Recognition

* Computer Vision
* Motion Vectors; Object Recognition; Object Detection; image2speech



Morphology: What is a word?

* Most morphological rules can be written as Regular Expressions (e.g.,
English pluralization), but some are less regular than others:

unhappy *unsad
unhealthy *unill

unclean *undirty
(example: Harald Trost)

* The rules, and the exceptions, are usually learned by expectation
maximization from dictionaries, e.g.,

https://github.com/AdolfVonKleist/Phonetisaurus

e ...but in some interesting & influential cases, large parsers are
constructed by hand, e.g., https://catalog.ldc.upenn.edu/Idc2004102



https://github.com/AdolfVonKleist/Phonetisaurus
https://catalog.ldc.upenn.edu/ldc2004l02

Syntax: What is a sentence?

Textbook section 23.1-3
S

e By Tjo3ya - Own work, CC BY-SA 3.0,

NP VP https://commons.wikimedia.org/w/index.php?curid=18436919

/\ /\
D NP V A V

N N A

PP :
P NP | 5@

b IR
e BRI
a. Tilc hotzlse a:t tl;c cn:d of tl;e street i:s re:d. b. TI:IC hOEllSC dt the end (;f lh:c slrcicl 15 rcid.

Constituency structure Dependency structure



Syntax
example:
the
Stanford
Parser

Stanford Parser

Please enter a sentence to be parsed:

My dog also likes eating sausage.

Language:

Your query

English ¢ Sample Sentence

My dog also likes eating sausage.

Tagging

Parse

My/PRP$ dog/NN also/RB likes/VBZ eating/VBG sausage/NN

(ROOT

(S

(
(
(

(.

NP (PRP$ My) (NN dog))
ADVP (RB also))
VP (VBZ likes)
(s
(VP (VBG eating)
(NP (NN sausage)))))

<))

Parse

e



Parsing: UIUC courses

e CS 447, Natural Language Processing
* CS 546, Machine Learning in Natural Language Processing
* LING 406, Computational Linguistics
* LING 506, Computational Linguistics



Machine Translation
Textbook section 23.4; UIUC course LING 415, Machine Translation

* Includes two processes: word reordering + word translation

naturalnie dom jest maly naturalnie dom jest maly
/ ‘

of course the house is small the course small is of house

1 2 3 4 5 6 12 3 45 6

By Krz.wolk - Own work, CC BY-SA 4.0,
https://commons.wikimedia.org/w/index.php?curid=44522757



Perception

Speech Recognition

* Computer Vision
* Motion Vectors; Object Recognition; Object Detection; image2speech



3 steps to produce sounds
Slide credit: Odette Scharenborg
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Speech signal: Time domain
Slide credit: ECE 417
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Speech signal: Log Magnitude Transform
Slide credit: ECE 417

Log Magnitude DFT, clipped at max-log(1000)

14 - +— F, =freq of first peak = - . ' |
Aliasing artifacts:

13 - >00Hz . Spectra at F; — f should really
. Fy =spacing between be plotted at —f (negative
harmonics =125Hz frequency components). DFT

puts it at F; — f instead.
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Spectrogram: One spectral vector every 10ms
Slide credit: ECE 590SIP
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Recognition: Hidden Markov Model

Generated feature vectors
0

10

oTrue State Senuenags

2 1 /
b 4/
0 1 . o .
T J T T T v v Source: By Tdunningvectorization: Own work -

0.0 25 50 715 10.0 125 15.0 17.5
Own work, CC BY 3.0,

Frames
https://commons.wikimedia.org/w/index.php?cur
Source: Mark Hasegawa-Johnson, ECE 417 id=18125206




Speech Processing: UIUC courses
Textbook section 23.5

e ECE 417: Multimedia Signal Processing (Speech & Video)
e ECE 537: Speech Processing

e ECE 594: Mathematical Models of Language

e CS 598PS: Machine Learning for Signal Processing



Perception

* Computer Vision
* Motion Vectors; Object Recognition; Object Detection; image2speech



Motion Vectors
Textbook section 24.2.3; ECE417

* Motion vectors were originally invented for video coding; e.g., they
were first standardized as part of MPEG-1

* For example, suppose that the pixels in a video were coded with 8
bits normally, 0 < I(x,y,t) < 255

* Suppose you can find V = [Vx, Vy] sothat =8 < Al(x,y,t) <7,
where

Al(x,y,t) =1(x,y,t) = I(x =V, y =V}, t — 1)
* Then you can code at just 4 bits/pixel, instead of 8 bits/pixel



Applications of Motion Vectors: Object Tracking

A -
Huang, Zhuang & Hasegawa-Johnson,201L, Fig. 1



The Block-Match Algorithm

(NxN) block in the
_—"  current frame

(NxN) block under _—1"% ——— searchwindow n

the search in the the previous frame
previous frame

By German iris — Own work, CC BY-SA 4.0, https://commons.Wikimedia.org/w/index.php?curid=472



The Block-Match Algorithm

For each position, 7, in the frame at time t, we find a position
r — v at time t — 1 that best matches it. Here “best” is defined as
minimum distance, e.g.,

V(F) = arg min - > P+ m ) — I(F+ m— v(7), t — 1)
m=(1,1)

or mean-squared error (MSE):

(N,N)
1
V(F) = argmin = > P+ mt) = I(F+m—V(F), t —1)|°
m=(1,1)

where ¥ = [r1, 2] is the location of a size N x N block, and v(r) is
the motion vector.



Optical Flow

. Optic flow Optic flow
Rotation of observer (3D representation) (2D representation)
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Adapted from PloS Biology (CC licensed) article: Huston SJ,
Krapp HG, 2008 Visuomotor Transformation in the Fly Gaze
Stabilization System. PLoS Biol 6(7): el73.
doi:10.1371 /journal.pbio.0060173.



Optical Flow

3/Ax+8IAy+8IAt
ox At  Jdy At Ot At
ol ol ol

= —Vi+—V, +
% 8y 8t

Re-arranging, we get the optical flow equation:

0 —

VITV=—b

where we define b = gi and



Perception

Object Recognition; Object Localization; image2speech



Object Recognition
Textbook chapter 24; CS 446, 546, 549

* Now a classic problem in machine learning, thanks to big databases
like imagenet

 Basically: given an input image, try to say what type of object is most
visible in the input image


http://image-net.org/

Home

Tools

Document (T\D B Bd Q @ @ 7 /39 @ f

CNN for Image Classification: VGG16

* ImageNet is an image database organized according to the WordNet
hierarchy (currently only the nouns), in which each noun in WordNet
is depicted by an average of over 500 images/noun.

* VGG is a particular CNN architecture that was trained on 14m
imagenet images, covering the 1000 most numerous nouns. It
achieves 92.7% top-5 test accuracy (K. Simonyan & A. Zisserman, Very
Deep Convolutional Networks for Large-Scale Image Recognition).

* We will be using the TensorFlow implementation of the VGG network,
published by Davi Frossard at
https://www.cs.Toronto.edu/~frossard/post/vggl16/

word2vec - VGG - pix2pix — xnmt — speech2image - lab

@ Mark ~



" Lecture_RosettaDay_hour_3.pdf
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@ Mark ~

CNN for Image Classification: VGG16

22224 %3 224 x 224 = 04

112 x[112% 128

convolution+Rel.U

[ max poaling
ﬁ', fully connected+Rel.U

Lﬂ softmax




Home

Tools

Document (?.) E Bd Q @ @ 15 |/ 39 @ .&

CNN for Image Classification: vggl6.py

# This method creates all the fully connected layers.

# It doesn’t have to be a separate method! But Davi wrote it that way.

def fc_layers(self):

with tf.name_scope('fcl') as scope:

# Input to the first fully connected layer is a reshaped version of the last convolutional layer
shape = int(np.prod(self.pool5.get_shape()[1:]))
pool5_flat = tf.reshape(self.pool5, [-1, shape])
....(stuff omitted)...

# This variable is called the “penultimate” or “feature” layer, because it’s last before the softmax

self.fc2 = tf.nn.relu(fc2l)
... (stuff omitted) ...

# This layer is the “ultimate” or “softmax” layer.

# You can’t tell that from the following line: you only know this fact if you remember
#that __init__included the line “self.probs=tf.nn.softmax(self.fc3l)

self.fc3l = tf.nn.bias_add(tf.matmul(self.fc2, fc3w), fc3b)

word2vec - VGG - pix2pix — xnmt — speech2image - lab

@ Mark ~



Perception

Object Localization; image2speech



Face Detection

Slide credit: ECE 417
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rects.txt:

12 rectangles per line: lips, face,
other

4 ints/rectangle:
[xmin,ymin,width,height]

showrects.m plots

Yellow: lips (first 4/line)
Cyan: face (next 4/line)
Red: other (next 4/line)

MP:
Discriminate face vs. other



Example features: order 2, horizontal

200

300

600

Feature f(x;fr,q=2,v=0)

An order-2 horizontal feature is the
sum of the right half, minus the
sum of the left half.



Other useful features: order 3, vertical

200

300

600

Feature f(x;fr,q=3,v=1)

An order-3 vertical feature is the
sum of the outer thirds, minus the
sum of the middle third.



Adaboost

Suppose somebody told you: I’'m going to take a whole bunch of scalar
classifiers. Let’s use h;(x) to mean the classifier computed in the t'th
training iteration; remember that h;(x) is either 0 or 1. Then I’'m going
to add them all together, Fand the final classifier will be

1 if a;(2hs(x) —1) >0
h(x) = <

0 if z a;(2h;(x) —1) <0
L t

How would you choose the classifiers? How would you choose a;?
The answer: Viola & Jones, 2001, Adaboost face detectors



I-Vector Object Detectors

lmage per-feature-contribution image per-feature-contribution

Correct detectlons Erroneousdetechons / miss

Zhuang, Zhou, Hasegawa-Johnson & Huang, “Efficient Object
Localization with Gaussianized Vector Representation,” IMCE 2009



Perception

image2speech



How many languages are there in the
world?

According to ethnologue, there are 6900 languages. Methods of writing have been
invented for about 4000 of them.

There are 206 countries in the world, of which 193 have an official language; 101 have
more than one. There are no figures on the number of different “official” languages, but
maybe it is 300 languages.

So the number of distinct languages in which children are taught to READ and WRITE (as
opposed to just speaking) is about 300.

All of the other 6900 — 300 = 6600 languages (dialects; codes) are purely spoken: a
writing system may exist, but is rarely used.



Image2speech = img2txt + TTS - text

* |f there is no writing system, then speech is the only communication tool, but:
Must one speak in Modern Standard Arabic to be understood by one’s cell phone?

* Task Definition: Can we develop speech technology in a dialect that is almost never
written down in any standardized text format?

Definition: An image2speech algorithm is an algorithm that observes an image, and
generates a spoken description of the image, without requiring that the language of
the description has any standardized text format.




Datasets

- AMT recordings obtained from Flickr8k - 40k spoken captions available

online (Julia Hockenmaier et al., 2009)

https://groups.csail.mit.edu/sls/downloads/
D. Harwath and J. Glass, “Deep multimodal semantic embeddings for speech and images”
in IEEE ASRU, Scottsdale, Arizona, USA, December 2015

-A brown and white dog is running through the snow

-A dog is running in the snow

-A dog running through snow

-A white and brown dog is running through a snow covered field

-The white and brown dog is running over the surface of the snow

50


https://groups.csail.mit.edu/sls/downloads/

Image representation: CNNFEAT S,

R x28x 512 % T
. . 6 s r;im 1 %1 %4096

1 x lf"" 1000

ﬂ convolution+ReLU

( 1 max pooling

| softmax

M

Figure copied from Simonyan & Zisserman, 2014.

fully connected+ReLlLU

ImageNet = >500 images/noun of
each of the nouns in WordNet.
VGG = 13-layer CNN + 2-layer FCN,
trained on 14m images, covering
the 1000 most numerous nouns,
92.7% top-5 test accuracy.
CNNFEAT: 196 feature
vectors/image, 512d/vector,
from the last CNN layer. Each
receptive field covers about
40x40 pixels in the original
224x224 image.

VGGFEAT (used later in today’s
talk, not right now): 1
vector/image, 4096d/vector, from
penultimate FCN layer



http://www.image-net.org/
https://arxiv.org/abs/1409.1556

im2ph: phones from images

<s>

Decoder HT

Attention

Encoder HS

Representation

Figure copied without permission from Duong, Anastasopoulos, Chiang, Bird &

Cohn, NAACL-HLT 2016.

S

1

m

® “Representation:” 196
vectors/image

® “Encoder:” PyramidalLSTM with
one 128d state vector. Sequence
is row-wise raster scan of the
image.

® “Attention:” StandardAttender,
128d input, 128d state vector, N
hidden nodes

® “Decoder:” MlpSoftmaxDecoder,
3 layers, 1024d hidden vectors

® Output vocabulary: synthetic
phones (MSCOCO), force-aligned
phones (flickr8k), or acoustic unit
discoveries (both)



flickr8K:
American phones

Images and Reference Texts:
Harwath and Glass, 2015

Reference 1: “The boy +um+ laying face down on a
skateboard is being pushed along the ground by +laugh+
another boy.”

Reference 2: “Two girls +um+ play on a skateboard
+breath+ in a court +laugh+ yard.”

Hypothesis (128d attender): SIL +BREATH+ SILT UW M EH
NAARRAYDIXNGAXREHDAENWAYTSILREYSSIL

Hypothesis (64d attender): SIL +BREATH+ SIL T UW W IH
MAXNWAOKIXNGAANAXSTRIYTSIL

Reference 1: “A boy +laugh+ in a blue top +laugh+ is
jumping off some rocks in the woods.”

Reference 2: “A boy +um+ jumps off a tan rock.”

Hypothesis (128d attender): SIL +BREATH+ SILEY M AE N
IHZJHAHMPIXNGIHNDHAXFAOREHSTSIL

Hypothesis (64d attender): SIL +BREATH+ SILEY Y AH NG
BOYWEYRIXNGAXBLUWSHERTSILIHZRAYD IX
NG AX HH IH L SIL

Hodosh, Young & Hockenmaier, 2013. Waveforms:



Perception

* Web Texts
* Sentiment Analysis; Information Retrieval; Information Extraction

e Speech and Natural Language Processing
* Parsing; Machine Translation; Speech Recognition

* Computer Vision
* Motion Vectors; Object Recognition; Object Localization; image2speech



