JL

B RS S B 2

B
PEARXESHALEEF

2024 Fh 2=



mailto:hwenbing@126.com

RS

@ )RR

@ BIIHEZ L

@ EERE



RS

@ )RR



Natural Language Processing Tasks
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ChatGPT

Default (GPT-3.5)

Please tell me what chatgpt can't do in natural language processing

@ ChatGPT, like other natural language processing models, has its limitations. Here are some

of the things that ChatGPT may struggle with or cannot do effectively:

1. Generating False or Misleading Information: ChatGPT can generate text based on the
patterns it has learned from its training data, which means it can inadvertently produce
false or misleading information, especially when asked about topics with controversial or
disputed facts.

2. Understanding Context Over Long Conversations: While ChatGPT can maintain context
over a short conversation, it may lose track of the topic or context in longer interactions,
leading to responses that don't make sense or are off-topic.

3. Lack of Common Sense Reasoning: ChatGPT may struggle with common sense reasoning.

It might provide answers that are logically correct but lack real-world common sense. For



Simple Word Representation

Written language

Yririririr  Masterful!

By Antony Witheyman - January 12, 2006

Ideal for anyone with an interest in
disguises who likes to see the subject

tackled in alhumourousjmanner.

0 of 4 people found this review helpful
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“one-hot” vector
|x;] = number of words in dictionary



How to learn (word) features/representations?

m) Distribution hypothesis: Approximate the
word meaning by its surrounding words

m=) \Words used in a similar context will lie close together

(AN ™

He was|walking Jaway because ...
He was|runningjaway because ...

= Instead of capturing co-occurrence counts directly,

predict surrounding words of every word

T
% Z Z log p(wi+j|wt)

t=1 —c<j<e,j#0



Geometric Interpretation

FitdogiX M E T —REIMER — G FHEURE, ZF—KMIRFIT—1T
dogRIR"nBIERT (RIR1FELAYK/\EN)

" row vector Xy,
describes usage of
word dog In the

get | see | use | hear | eat | Kill
knife | 51 | 20 | 84 | O 310

cat | 52 | 58 | 4 4 6 | 26

corpus Jog |53 [0 2 [ 317
boat | 59 | 39 | 23 4 0 0

= canh be seen as cup| 98 | 14 | 6 2 110
coordinates of point in pig | 12 |17 3 | 2 | 9 |27
n-dimensional bananal 11 | 2 | 2 | 0 [18] 0

Euclidean space R"
co-occurrence matrix M



Distance and Similarity

llustrated for two
dimensions: gef and
use: Xqoq = (115, 10)

similarity = spatial
proximity (Euclidean
distance)

location depends on
frequency of noun
(fdog ~2.1 - fcat)

use
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Angle and Similarity

direction more
Important than
location

normalise “length”
|[X40ql| OF vector

or use angle a as
distance measure

use

Two dimensions of English V=0Obj DSM
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How to learn (word) features/representations?

. He
g S Was
walking 8 S
< © Away
because
300d
[0;0;0;0;....;0;0; 1, 0;...; 0; O] [0;1;0;0;....;0;,0;,0; 0;...; 0; O]

%\ [0;0; 0; 1;....; 0; 0; 0; 0;....; 0; O]
He was|walking [away because ... [0;0;0;0;...5 1,050 05... 0; O]

He was|runninglaway because ... [0;0;0;0;....;0; 0; 0; 0;...; 0; 1]
Word2vec algorithm: https://code.google.com/p/word2vec/



https://code.google.com/p/word2vec/

How to use these word representations

If we would have a vocabulary of 100 000 words:

Classic NLP: ___ 100 000 dimensional vector $
Walking: [0;0;0;0;....;0;0; 1; 0;...; 0; 0]
Running: [0;0;0;0;....;0;0;0; 0;...; 1; O]

100 000d

mm) Similarity = 0.0

l Transform: x’=x*W

Goal: 300 dimensional vector
) > 300d

Walking: [0,1; 0,0003; 0;....; 0,02; 0.08; 0,05]
Running: [0,1; 0,0004; 0;....; 0,01; 0.09; 0,05]

mm) Similarity = 0.9

Pl
<




Vector Space Models of Words

gd

While learning these word representations, we are

actually building a vector space in which all words
reside with certain relationships between them

Encodes both syntactic and semantic relationships

This vector space allows for algebraic operations:

Vec(king) — vec(man) + vec(woman) = vec(queen)



Vector Space Models of Words:

Semantic Relationships

1.5

0.5

-1.5

' ' Chinac ' ' ' '
sBeijing
B Russias«
Japanx
i Moscow
Turkey Ankara ~okyo
Poland:
- GErmfn]K
France ANarsaw
« Berlin
B Italy Paris
#Athens
Greecex "
| Spain« Rome
. Po nu" al Madrid
9 sLisbon
1 1 1 [ 1 1 1
-2 -1.5 1 -0.5 0 0.5 1 1.6

Trained on the Google news corpus with over 300 billion words




Word Representation Resources

Word-level representations:

Word2Vec (Google, 2013)
https://code.google.com/archive/p/word2vec/
Glove (Stanford, 2014)
https://nlp.stanford.edu/projects/glove/
FastText(Facebook, 2017)

https://fasttext.cc/

Sentence-level representations:

ELMO (Allen Institute for Al, 2018)

https://allennlp.org/elmo Word representations
BERT (Google, 2018) are contextualized
https://github.com/google-research/bert using all the words in
RoBERTa(Facebook, 2019) the sentence.
https://github.com/pytorch/fairseq
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Sentence Modeling: Sequence Prediction

Ty  Masterful!
By Antony Witheyman - January 12, 2006 Part-of-speech ?

Ideal for anyone with an interest in Prediction (noun, verb,...)

disguises who likes to see the subject ;

tackled in a humourous manner. Sentiment ?
(positive or negative)

0 of 4 people found this review helpful

POS? POS? POS? POS? POS? POS? POS? POS?

N e B e B A R

|deal for anyone with an interest in disguises



RNN for Sequence Prediction

P(word is P(word is P(word is P(word is
positive) positive) positive) positive)
f ‘—> ‘—> o0e ‘—>

Ideal for anyone disguises

: 1 1
What is the loss? L=2) 1O == ~logP(¥ = y®|z®)
t t



Recurrent Neural Network

Feedforward Neural Network
@ L® = —logP(Y = y(t)lz(t))

@ z®)  z(O) = matmult(h®, V)

h®) h® = tanh(Ux®)



Recurrent Neural Network

L= ZL(t)

t

@ L® = —logP(Y = y(t)lz(t))

@ z®)  z(O) = matmult(h®, V)

h® = tanh(Ux® + Wh(~D)



Recurrent Neural Network

[ = ZL(t)
t

L® = —logP(Y = y(t)|z(t) @
@ @) z®® = matmult(h®, V) @ Q(a @ @
¥

V4

@ 1 \
HD) (1@ @ .................
h® = tanh(Ux"® + wht=1y |

Same model parameters are used for all time parts.




RNN for Sequence Prediction

P(sequence is
positive)
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Ideal for anyone disguises

What is the loss? [ = L™ = _[ggP(Y = yM)|z(M)



Recurrent Neural Network

tanh

Xt

RNN suffers from gradient vanishment for long sequence



LSTM: Long Short Term Memory




GRU: Gated Recurrent Unit
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Sentence Modeling: Language Model

Yryriryrir  Masterful!

By Antony Witheyman - January 12, 2006

Ideal for anyone with an interest in Prediction Next word
disguises who likes to see the subject
tackled in a humourous manner.

0 of 4 people found this review helpful

Next word?
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|deal for anyone with




Language Model Application: Speech Recognition

arg max P(wordsequence| acoustics) =

W’OFdS(funHCG

P(acoustics | wordsequence) x P(wordsequence)

arg max .
wordsequence P(ClCOUSthS)

argmax P(acoustics | wordsequence) x P(wordsequence)

wordsequence

Language model



RNN for Language Model

P(nextwordis P(nextwordis  P(nextword is P(next word is
Hdog”) “On”) “the”) ubeachﬂ)

i

— —

|

|

1-of-N encoding 1-of-N encoding 1-of-N encoding 1-of-N encoding
of “START" of “dog” of “on” of “nice”



RNN for Sequence Representation (Encoder)

Sequence
Representation

1
-

1-of-N encoding 1-of-N encoding 1-of-N encoding 1-of-N encoding
of “START” of “dog” of “on” of “nice”




Bi-Directional RNN

Sequence
Representation
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Pre-training and “Masking”

P(masked word
iS “On”)

"%

MASKED beach

N—l —
\TI —_— \Tl —_—
L -
The dog

ﬁ (short-lived) ELMO was a bi-directional pretrained language model



RNN-based for Machine Translation

Le chien sur la plage =) The dog on the beach

K A S S S

1-of-N encoding  1-of-N encoding 1-of-N encoding  1-of-N encoding 1-of-N encoding
Of (‘Iell Of “Chien” Of “Sur” Of Hla” Of (:plagel)



Encoder-Decoder Architecture

Context

1-of-N encoding  1-of-N encoding 1-of-N encoding  1-of-N encoding 1-of-N encoding
Of uleﬂ Of “Chien” Of usurﬂ Of Hla” Of uplageﬂ



And There Are More Ways To Model Sequences...

BERT & GPT

Google BERT OpenAl GPT

Fig 9: BERT vs GPT. BERT: transformer encoder-based, bidirectional. GPT: transformer decoder-based, left-

to-right. Image Source: Devlin, et al., 2018
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