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Programming Language

Natural Language
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NLP
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NLP Scalar Lab

Reference
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'CS224d: Deep Learning for Natural Language Processing ¢

Gl oy JG S
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Lecture 1 | Natural Language Processing with Deep Learning

564,637 views i 45K &1 73 5 SHARE =, SAVE

Stanford University School of Engineering
e Published on Apr 3,2017 SUBSCRIBED 99K Q
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NLP

“IE| 2H QALE
I Al SALE(cosine similarity)
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Python Code

KANK=| E2id 7#& 2= oA

LEARN MORE




7o OA1. ESXZRE SAZY B S UHSHF= 2

def create_co_matrix(corpus, vocab_size, window_size=1):

corpus_size = len(corpus)
co_matrix = np.zeros((vocab_size, vocab_size), dtype=np.int32)

for idx, word_id in enumerate(corpus):
for i in range(1, window_size + 1):
left_idx = idx - i
right_idx = idx + i

if left_idx >=
left_word_id = corpus[left_idx]
co_matrix[word_id, left_word_id] +=

if right_idx < corpus_size:
right_word_id = corpus[right_idx]
co_matrix[word_id, right_word_id] +=

return co_matrix
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def most_similar(query, word_to_id, id_to_word, word_matrix, top=5):

if query not in word_to_id:
print( % query)
return

print( + query)

query_id = word_to_id[query]

query_vec = word_matrix[query_id]

vocab_size len(id_to_word)
similarity = np.zeros(vocab_size)
for i in range(vocab_size):
similarity[i]l = cos_similarity(word_matrix[i]l, query_vec)

count =
for 1 in (-1 % similarity).argsort():
if id_to_word[i] == query:
continue
print( % (id_to_word[i], similarity[i]))

count +=
if count >=
return
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NLP
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def ppmi(C, verbose=False, eps= ): TR
np.zeros_like(C, dtype=np.float32) T[G = =
np.sum(C) [1
np.sum(C, axis=0) [0
total = C.shape[?] *x C.shapel1]
cnt =

for i in range(C.shape[0]):
for j in range(C.shapel1]):
pmi = np.log2(C[i, j] * N / (S[jI1*S[il + eps))
M[i, j] = max(2, pmi)

if verbose:
cnt +=
if cnt % (total/ :
print( % (100xcnt/total))




NLP
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1. Intent matching
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Word2vec
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NLP

# Word Embeddings

. vector representations of words

AUDIO
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Audio Spectrogram

DENSE

IMAGES

Image pixels

DENSE

TEXT
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Word, context, or
document vectors
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Problems with this discrete representation

The vast majority of rule-based and statistical NLP work regards
words as atomic symbols: hotel, conference, wallk

In vector space terms, this is a vector with one 1 and a lot of zeroes
[OOOOOOOOOOlOOOO]

Dimensionality: 20K (speech) — SOK (PTB) — 500K (big vocab) — 13M (Google 1T)

=X{: Stanford University NLP lecture?2



Word meaning is defined in terms of vectors

We will build a dense vector for each word type, chosen so that

it is good at predicting other words appearing in its context
... those other words also being represented by vectors ... it all gets a bit recursive

4 N
0.286

0.792
-0.177
-0.107

0.109
-0.542

0.349

0.271

linguistics =

=X{: Stanford University NLP lecture?2



NLP
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NLP

Q Word2vec? £H0j2 Eoi5ts WS 0L siasts 2T

CHOQ| =S HH 1 B2 QfCY You shall know a word by the company it keeps.
- AA0{SEXt JR. Firth (1957)

Lwant | 7 | Sood tonight
BIZH0]] OffH E0f7} 5012t 5 QLS 7f? | want Q‘oo A “oni Sw-

/ ﬁ/ ‘X&
ital tom parkang
. [.1=2

C...
\, W\axma'\ C_\l\our
—[...] [L 4

Hiziof S01717] HEtst EOIS T HAES oS




Word2Vec Overview

* Example windows and process for computing P(wt+ jl wt)

P(Wt_z | Wt) P(Wt+2 I wt)

P(wWe_q | We) P(Weyq | We)

problems  turning banking crises as
k

! ) \ )
T T L Y J

outside context words center word outside context words
in window of size 2 at positiont in window of size 2
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NLP

Tol2| 24t HoS Mdsth= F7HX| o7 [BIN 2 HE
BOW 2} skip grams

1. continuous bag-of-words architecture
. predicts the current word from a window of
surrounding context words

2.skip grams architecture

- uses the current word to predict the surrounding window

of context words



NLP

CBOW Architecture
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Input layer
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NLP
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Feed-Forward Neural Net Language Model (NNLM)

0
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d
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Output
layer

»P(w=1/h)
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»P(w=N|h)

(EtO{= Projection) - N x P
Projection Layer®|A Hidden Layer£) - N x P x H
Hidden Layer0f|A| Output LayerZ) - H x V

M 110 T
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NxP + NxPxH + HxV

ex) N=10, P=500, H=500 ¥ O(HxV) = O(502)
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Input layer
CBOW Rtl=2?
o QUAZ(CIH T Projection) - C x N

_Output layer o SLIX= (Projection Layer®|A Output Layer) - N x V
o
O
- ; CxN + NxV
o v
1 (VE In V2 -> CxN + N x InV)

— 4
V-dim ex) C=10, N=500, V=1000,00022 o}

O(500 x (10+In(1,000,000))) = 2f (10000)
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Reference

Wulerre A el
Stanford University Lecture 2 | Word Vector Representations: word2vec
Tensorflow.org | Vector representations of words
beomsu kim2] 21 ‘word2vec 32l o|2A g’
Dreamgonfly®] 271 ‘47 2% word2vec’
+ W12 E2 1 https://zhuanlan.zhihu.com/p/43736169



Recurrent Neural Network

About Vanilla RNN, language model,
Image captioning



Overview

Recurrent Neural Networks
of Natural Language Processing

RNN 7§

o 7|EQ MEYIF H|W
* RNN Computation
o Q0 2H
(Character level language model)
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Image captioning



NLP

RNN 7

« feed forward A4 (S > &5 of
« only fixed sized input and output
o M3l computational steps (1™ =l layer

sequence data?
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RNN 7
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NLP
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NLP

RNN computation

h, = tanh(h,_ W, +x,W, +b)

ht : 2! AE{{(hidden state)
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target chars: ‘e’ il “—I” “0” J ;
Hste 2
oo pal ;g gg 8; _225 —————————————— conrfidé;lce Bt
- = outputlayer | 3o 1.0 1.9 0.1 confidence 24
Character-Level 4.1 1.2 1.1 22
Language Models T T T TW_hy
0.3 1.0 0.1 |\w nhn!-03
hidden layer | -0.1 > 0.3 > -05— 0.9
0.9 0.1 -0.3 0.7
T w
1 0 0 0
: 0 1 0 0
input layer 0 0 1 1
0 0 0 0

input chars: “h” .

” ““ I” “ I ”

D

An example RNN with 4-dimensional input and output layers, and a hidden layer of 3 units
(neurons). This diagram shows the activations in the forward pass when the RNN is fed the
characters "hell" as input. The output layer contains confidences the RNN assigns for the next
character (vocabulary is "h,e,l,0"); We want the green numbers to be high and red numbers to be
low.



You use Language Models every day!

e I'll meet you at the

airport

Go

what is the weather

what is the meaning of life
what is the dark web

what is the xfl

what is the doomsday clock
what is the weather today
what is the keto diet

what is the american dream
what is the speed of light
what is the bill of rights

what is the |

Google Search

gle

I'm Feeling Lucky
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Vanilla RNN ximp 1+8

class RNN:
def __init_ (self, Wx, Wh, b):
self.params = [Wx, Wh, b]
self.grads = [np.zeros_like(Wx), np.zeros_like(Wh), np.zeros_like(b)]
self.cache = None

def forward(self, x, h_prev):
Wx, Wh, b = self.params
t = np.matmul(h_prev, Wh) + np.matmul(x, Wx) + b
h_next = np.tanh(t)

self.cache = (x, h_prev, h_next)
return h_next

def backward(self, dh_next):
Wx, Wh, b = self.params
x, h_prev, h_next = self.cache

dt = dh_next *x (1 - h_next xkx 2)
db = np.sum(dt, axis=0)

dwh = np.matmul(h_prev.T, dt)
dh_prev = np.matmul(dt, Wh.T)
dwWx = np.matmul(x.T, dt)

dx = np.matmul(dt, Wx.T)

self.grads[@] [...] = dwx
self.grads[1][...] = dwh
self.grads[2][...] = db

return dx, dh_prev




Vanilla RNN &xup 4164 Scalar Lab

rnn = RNN()
y = rnn.step(x) # x is an input vector, y is the RNN's output vector

class RNN:

# oo

def step(self, x):
# update the hidden state
self.h = np.tanh(np.dot(self.W_hh, self.h) + np.dot(self.W _xh, x))
# compute the output vector
y = np.dot(self.W hy, self.h)
return y

yl = rnnl.step(x)
y

rnn2.step(yl)




NLP
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Hyperbolic tangent function
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NLP
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NLP

Long-Short Term Memory (LSTM) & Gated Recurrent Unit (GRU)

RNN

o,A

Xt

tanh

Xt

AZEI & : dProgrammer lopez'ele] 221



image captioning

"girl in pink dress is jumping in

alr.

"‘black and white dog jumps
over bar."

"young girl in pink shirt is
swinging on swing."

‘man in blue wetsuit is surfing
on wave."



1332}

https://github.com/tensorflow/tensorflow/blob/r1.13/tensorfl

ow/contrib/eager/python/examples/generative examples/ima

ge captioning with attention.ipynb
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HHIE B AJZ[Sh= H2Y2
Stanford CS224N lecture 6| Language Models and RNNs
Andrej Karpathy®] €21 “The Unreasonable Effectiveness of RNN”
Google Al Blog “Show and ell: image captioning open sourced in Tensorflow”
Tensorflow github “image_captioning_with_attention”



