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Introduction

o A recurrent neural network (RNN) is a class of artificial neural
network where connections between units form a directed
cycle.

o Unlike feedforward neural networks, RNNs can use their
internal memory to process arbitrary sequences of inputs.

o The first RNN was invented in 1980s.
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Recurrent Networks offer a lot of flexibility...
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Simple neural network

1The example is from Fei-Fei Li’s slides.



Recurrent Networks offer a lot of flexibility...
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e.g., Image captioning: image— sequence-of-words
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Recurrent Networks offer a lot of flexibility...
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e.g., Sentiment analysis: sequence-of-words — sentimen



Recurrent Networks offer a lot of flexibility...
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e.g., Machine translation: sequence — sequence
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Recurrent Networks offer a lot of flexibility...
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e.g., POS Tagging: sequence — sequence
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Recurrent Neural Networks — An Example

Input x and output y are
from the training data;

o is the estimated output
value;

L is to evaluate the
difference (loss) between
the estimated output

§ = softmax(o) and the
true output y;

U, W, V are three weigh
matrices.
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Recurrent Neural Networks — An Example

o Let us unfold the graphical representation.
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Recurrent Neural Networks — An Example

Update Equations
o h(t) =
tanh(b + Wh(t~1) 4 Ux(®))
o o) = ¢+ vh(®

o 7t = softmax(o(®))

o Objective function:
L=Y", 1() —
S log P(y@{xM) ... x(0)})
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Recurrent Neural Networks

o There are many different types of recurrent neural networks

o Recurrent connections between hidden units
o Recurrent connections from the output at one time step to the

hidden units at the next time step
o Recurrent connections between hidden units but produces only

one output
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Recurrent Neural Networks — Output Recurrence

(a) Network with Output Recurrence (b) Teacher Forcing
Figure 1: Other Types of RNN. Output Recurrence: the only recurrence

is from the output to the hidden layer; Teacher Forcing: training
technique for RNN.

Conditional likelihood of Teacher Forcing:

log p(y™, y@|xM, x2)) = log p(yP)y™), x1), x(2))+log p(y ™ [x1), x)
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Discussion on Output Recurrence

Advantage
o all the time steps are decoupled, training can be in parallel

Disadvantage

o lack hidden-to-hidden recurrence, strictly less powerful

Solution

o randomly choose to use generated values or actual values as
input

16 /90



Gradient Computation in RNN

The gradient can be computed using a generalized
back-propagation algorithm, specifically called back-propagation

through time (BPTT):
oL oL oL®
(vo(f)L)i = aogt) = 9L® 50-(t) =91

VpoL = WT (Ve L)diag (1 - (h(t“))?) F VT (Veel)

Vel = Vonl
t

Vol = diag (1 - (h<f>)2) VoL M
t

Vvl =3 (Voul)h®"
t

Vwl = diag (1 - (h<f))2) (Vpo L)AED "
t

Vol = diag (1 - (h<f>)2) (Vo L)x® "
t

iyt
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RNN as Directed Graphical Models

(a) Hidden-hidden Recurrence (b) Output-hidden Recurrence
Figure 2: Two Types of RNN we have discussed. Left: maximize the

log-likelihood log P(y()|x™M), ... x(t)); Right: maximize the
log-likelihood log P(y(®)|x™), ...  x() y@) ... y(t=1))

18 /90



Modeling Sequences Conditioned on Context with RNNs

“straw” “hat” END

START “straw” “hat”
(b)

Figure 3: RNN for tasks like image captioning Left: a single image as
input, the model produces a sequence of words describing the image.
Right: a real example from Feifei Li's CVPR'15 paper. However, the
RNN is only conditioned on the image information at the first time step
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Overview

(@ Bidirectional RNN
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Bidirectional RNNs

For classification you want to incorporate information from both
preceding and following.

o Two hidden layers, one for the
left-to-right propagation and
another for the right-to-left
propagation

Bl’ = f( VT/Xt + Vﬁt_]_ + B)
Ft = f( VT/Xt + \7};1-_1 + E)
9 = g(Uhy + ) = g(Ulhe, h] + ©)

()

Bidirectional RNNs
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Deep Bidirectional RNN
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Overview

(3 Encoder-Decoder Architectures
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Encoder-Decoder Sequence-to-Sequence Architectures

v, Q ° °
\_r, SN w \ W,
L B o)

(a) seq to fixed-size vec  (b) fixed-size vec a seq (c) seq to seq of the same
length

Figure 4: RNNs that we have discussed so far.

Can we train a RNN model to map an input sequence to an output
sequence which is not necessarily of the same length?
This is important in many applications: speech recognition,

machine translation, or question answering.
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Encoder-Decoder Sequence-to-Sequence Architectures

E) ler
-

'd ncod . N\

" L’O— When C is a fixed-size vector,
his architecture could be

OO0

L ) reviewed as a combination of
@ a sequence to fixed-size vector
RNN and a fixed-size vector
to sequence RNN.

PR

Figure 5: Encoder-decoder or
sequence-to-sequence RNN architecture.
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Encoder-Decoder Sequence-to-Sequence Architectures

Encod

4 . N
ncoder
RN
(ST
‘
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Figure 5: Encoder-decoder or
sequence-to-sequence RNN architecture.

When C is a fixed-size vector,
this architecture could be
reviewed as a combination of
a sequence to fixed-size vector
RNN and a fixed-size vector
to sequence RNN.

Limitation: C may be too
small to summarize a long

sequence (Bahdanau et al.
(2015)).

26
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Encoder-Decoder Seqg-to-Seq Architectures
C may be too small to summarize a long sequence (Bahdanau et

al. (2015)). They proposed to make C a variable-length sequence.

Additionally, they introduced the attention mechanism.

Yer W

Figure 6: Formulatin: a(-) is an alighment model which scores how well the inputs
around position j and the output at position i match, which is parameterized as a
feedforward neural network
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Attention Mechanism with Seqg-to-Seq Architectures

o Consider an input (or intermediate) sequence

o Consider an upper level representation, which can choose
“where to look” when producing some task (e.g., machine
translation) at each position

0000000Q0000000000

Higher-level
Softmax over lower
locations conditioned
on context at lower ar({d
higher locations
00000 00000000
Lower-level
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Attention Mechanism with Seqg-to-Seq Architectures

o Decoder: is often trained to predict the next word y; given the
context vector ¢ and all the previous words {y1, y2,..., yt—1}

p(Yelyrs - Ye—1,X) = g(¥e—1,5t, Ct) (4)

where s; is an RNN hidden state for position t, computed by

si = f(si—1,¥i-1,Ci) (5)
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Attention Mechanism with Seqg-to-Seq Architectures

o The context vector ¢; depends on a sequence of annotations
(h1, ..., h7) to which an encoder maps the input sentence,
computed by

.
ct =Y agh (6)
j=1
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Attention Mechanism with Seqg-to-Seq Architectures

o The weight « is so called “attention matrix” (used to choose
“where to look™) and is computed by

exp{ey}
= =7 (7)
’ ZkT:1 Ctk
where
erj = h(st—1, hj) (8)

is an attention model which scores how well the inputs around
position j and the output at position t match.
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Attention Mechanism with Seqg-to-Seq Architectures

o The attention model can be parametrized as a feedforward
neural network (or multilayer perceptron, etc.) which is jointly
trained with all the other components of the system.
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Attention Mechanism with Seqg-to-Seq Architectures

To summarize, the attention mechanism with sequence-to-sequence
architectures have the following formalization:

Yer W

b = 1 1 b
by h, s hr
X X% X Xr

Figure 7: Formulatin: a(-) is an alignment model
which scores how well the inputs around position j
and the output at position i match, which is
parameterized as a feedforward neural network

p(yilyr, -, yi—1,%)

= g( i—1,5f7Ci)

si = f(si—1,yi-1,¢i)
Tx

Ci = Oé,'jhj
j=1

exp(ej)
Oé,'j = T

ZJ:l eXp(eU)
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Overview

(@ Long-Term Dependencies
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Let us review the vanishing and exploding gradient problem

Let’s first review what is long-term dependencies mentioned in
Lecture “Optimization for Training Deep Models".

Pure Linear Case
o Consider a RNN with no nolinearity

A = WAt 4 vx(®) 4 p

Oh(®) L onv) ¢ T _—_— (9)
ok — opG—1) ,H wo=Ww)
j=k+1 Jj=k+1

o Suppose that W has an eigendecomposition
WT = Vdiag(\)V 1, then

(W), = vdiag(\) kvt (10)

o Vanishing and exploding gradient problem: Any eigenvalues \;
that are not near an absolute value of 1 will either explode (if
|Ail > 1) or vanish (if |\;| < 1).

35/90



Vanishing and exploding gradient problem

Non-linear Case

Let's consider the Jacobi Matrix and its norm:

A = F(WhED 1 vx( 4 p)

t t
%(t) Oht) = H W T diag (f’(hu_l))>

k IRG-1)
Ohk) Ji ahJ s (1)
Oh(®) -
Er A \|d.ag( '(H0 1))>||

Non-linear activation function may
o bound recurrent dynamics, alleviating the exploding gradient
problem.

o make vanishing gradient problem severer.

The remaining of this slides discuss various approaches to reduce
the difficulty of learning long-term dependencies.

36
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Trick for exploding gradient: Clipping Gradients

Without clipping With clipping

J(w,b)

The solution first introduced by Mikolov is to clip gradients...

Algorithm 1 Pseudo-code for norm clipping

g 95
if ||g|\ > threshold then
threshold g

g« g &
end if

It makes big difference in RNN!

37
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For vanishing gradients: Initialization+RelLU

o Initialize W(x)'s to identity matrix

| and f( Z) —m ax(O, z) s
o It makes huge difference! ol — "
o Several ideas about initialization
for DL Initialization idea first
introduced in Parsing with “ RS
Compositional Vector Grammars, —V
Socher et al. 2013 N AL

A Simple Way to Initialize
Recurrent Networks of Rectified

38/90



Gated RNNs and Long Short-Term Memory

o The Long-Short-Term-Memory (LSTM) algorithm was proposed in
1997 (Hochreiter and Schmidhuber, 1997).

o Recent work on gated RNNs, Gated Recurrent Units (GRU) was

proposed in 2014

o The LSTM has been found extremely successful in many
applications, such as unconstrained handwriting recognition, speech
recognition, handwriting generation, machine translation, image

captioning and parsing.

C T IN

>3~ ouT

(a) Long Short-Term Memory

— IN

>0UT

{b) Gated Recurrent Unit

39/90



©

©

©

©

©

LSTM

Forget Gate: () = sigmoid(W'h(t=1) + Ufx() 1 bf)
Input Gate: i) = sigmoid(W'h(t=1 + U/x(t) 4+ b')
Output Gate: o(t) = sigmoid(W°h(t=1) + y°x(t) 4 b°)
Cell State Vector:

) Z £ 6 (-1 4 {0 o tanh(WERED + Ux(® + be)

Final Hidden State: h(t) = o(!) o tanh(c(?))

Xy
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LSTM: Forget Gate

ft =0 Wy [ht—1,2¢] + by)

Forget gate looks at h;_1 and x;, and outputs a number between 0
and 1 for each number in the cell state C;_1.

o A one represents “completely keep this”.

o A zero represents “completely get rid of this.”.
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LSTM: Input Gate

i =0 (Wi-[hi—1, @] + bi)
Cy = tanh(We - [he—1, 4] + be)

Decide what new information we're going to store in the cell state.

o a sigmoid layer called the “input gate layer” decides which
values we'll update.

o a tanh layer creates a vector of new candidate values of cell
state.

42 /90



LSTM: Update Cell State

va

Gt X +
f’T Z'r'»cé Cy=fixCin +iyxC,

Update the old cell state
o multiply the old state by f; (results from forget gate),
forgetting the things we decided to forget.
o add the new candidate values, scaled by iy — how much we
decided to update each state value.
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LSTM: Output Gate

@b or =0 (Wo [hee1,2:] + bo)

o] . hi = o4 * tanh (C})

hi—y

A

Output final results.

o a sigmoid layer which decides what parts of the cell state
we're going to output.

o put the cell state through tanh and multiply it by the output
of the sigmoid gate.
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Gated Recurrent Units (GRU, 2014)

Let's denote element-wise product (Hadamard product) as o
o Update Gate: z(!) = sigmoid(WZh(t=1) + U?x(t) 4 b?)
o Reset Gate: r(t) = sigmoid(W"h(t=1) + U’ x() + b")
o New Memory Content:
h(®) = tanh (W(r() o (=) + Ux(®) + b)
o Final Memory: h(t) = z(t) o p(t=1) 4 (1 — z(1)) o (1)

Remark

o The reset gate r() close to 0 makes RNN ignore previous
hidden state — allow model to drop information that is
irrelevant

o The Update gate z(*) control how much of past state should
matter now.
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LSTM vs GRU

o GRUs achieve similar performance in a variety of tasks
compared to LSTM.

o GRUs train faster than LSTMs on less training data.

o LSTM outperform GRUs in tasks requiring modeling
long-distance relations.

LSTM GRU

forget gate cell state reset gate

input gate output gate update gate
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Overview

(8 Attention as RNN
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Problem with RNNs

o Hard to parallelization efficiently
o Back propagation through sequence

o Transmitting local and global information through one
bottleneck (hidden state)
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Convolutional Models

o Trying to solve the problems
with sequence models

o Notable work:

o Neural GPU (Kaiser et
al., 2016)

o ByteNet (Kalchbrenner et
al., 2017)

o ConvS2S (Gehring et al.,

2017) S0 81 S2 S3 84 S5 S6 ST S8 S9 S10 S11 512 813 S14 815 516

to

t3

ts te ts te tr |t

o Limited by the size of Figure 8: The architecture of the
convolution ByteNet.
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Why Self-Attention?

o Constant path length between any two positions.
o Trivial to parallelize (per layer).

Table 1: Maximum path lengths, per-layer complexity and minimum number of sequential operations
for different layer types. n is the sequence length, d is the representation dimension, & is the kernel
size of convolutions and r the size of the neighborhood in restricted self-attention.

Layer Type Complexity per Layer  Sequential Maximum Path Length
Operations

Self-Attention O(n? - d) o(1) o(1)

Recurrent O(n-d?) O(n) O(n)

Convolutional Ok -n-d?) o) O(logk(n))

Self-Attention (restricted) O(r-n-d) 0(1) O(n/r)
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Scaled Dot-Product Attention

o Problem of dot-product attention: scale of dot product
increases as dimensions get larger

o Fix: scaled by the size of the vector.

Scaled Dot-Product Attention

MatMul
KT SoftMax
%
\% dk Mask (opt.
di: the dimensionality of Q and K.

Q K VvV

Attention(Q, K, V') = softmax(

Bty
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What's missing from Scaled Dot-Product Attention?

©

Convolution: a different linear transformation for each relative
position.

o Scaled Dot-Product: a weighted average :(

Convolution Scaled Dot-Product

LN T
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The Fix: Multi-Head Attention

o Multiple attention layers (heads) in parallel (shown by
different colors).
o Each head uses different linear transformations.

o Different heads can learn different relationships.

Convolution Multi-Head Attention

2 SIS
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Multi-Head Attention

Multi-Head Attention

Scaled Dot-Product
Attention

! tl tl

[ L|nearJJ[ L|near L|near

f(f

MultiHead(Q, K, V) = Concat(heady, . . ., head,) W©

head; = Attention(QW., KW/, viv,Y)
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Transformer (Vaswani et al., 2017)

Output
Probabilities

o Transformer is based solely

Feed
0!1 attermon .mechanlsms,
dispensing with recurrence /
K . ((Add & Norm Je~
and convolutions entirely. EERE N Wit Head
Attention N
orwart X
o Encoder: 6 layers of =
self-attention + feedforward ) | | e
network lorton et
A ) A 7
o Decoder: 6 layers of masked  ——

. Paositional Positional
self-attention and output of Encoding ¢ @ Encodng
encoder + feed-forward. =

Inputs Outputs
(shifted right)
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Three Ways of Attention

Encoder-Decoder Attention:

the queries come from the
previous decoder layer, and
the memory keys and values
come from the output of the

encoder.

Encoder-Decoder Attention

I
|
L

Output
Probabilities

Feed
Forward
L\ Add & Norm
(Add & Norm ) —_—
EEER b Multi-Head
Feed Attention
Forward 7 )
Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
A A 4
& /
Positional Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)
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Three Ways of Attention

o Encoder Self-Attention: all
of the keys, values and
queries come from the same
place, in this case, the
output of the previous layer.

- ——- ———
| 1 | 1 |
| 1 |

=1 [QE——

Encoder Self-Attention

Qutput
Probabilities

Add & Norm

J
N\
((Add & Norm J«~
Sealeom Multi-Head
Feed Attention
Forward Nx
\
Nix Add & Norm
Add & Norm Masked
Multi-Head Multi-Head
Attention Attention
A )

C 7 L al
Positional A Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs

(shifted right)
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Three Ways of Attention

Output
Probabilities
o Masked Decoder
Self-Attention: each position ARG
. Feed
in the decoder to attend to Foward
all positions in the decoder (Aogz o )
Add & Norm
up to and including that =5 oy
- "
position.
L Add & Norm
Masked
Multi-Head Multi-Head
— - Attention Attention
7 N\ 2N =
—_—— —_——— —_——— \\
1 1 1 1 1 1 "
I 1 | 1 | 1 Positional D A Positional
1 1 | 1 | 1 Encoding Encoding
=== === -== I Input ] I Output
MaskedDecoder Self-Attention Embedding Emberding
Inputs Outputs

(shifted right)
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Positional Encoding

o To make use of the order of the sequence, positional encoding
provides relative or absolute position of given token.

o Many options to select positional encoding?. In Transformer,

PE(pos,2i) = Sin(pOS/]_OOOO2i/dmodel)
PE(pos2i+1) = COS(pOS/100002i/dmode/)

where dpodes is the dimensionality of input. The authors

hypothesized the function would allow the model to easily
learn to attend by relative positions, since for any fixed k,
PEos+k can be represented as a linear function of PE,s.

o Alternative, to learn positional embeddings.

2Gehring et al., 2017. Convolutional sequence to sequence learning.
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Results

Table 2: The Transformer achieves better BLEU scores than previous state-of-the-art models on the
English-to-German and English-to-French newstest2014 tests at a fraction of the training cost.

BLEU Training Cost (FLOPs)

Model
EN-DE EN-FR EN-DE EN-FR

ByteNet [18] 23.75
Deep-Att + PosUnk [39] 39.2 1.0-10%
GNMT + RL [38] 246 3992 2.3-100 1.4.10%
ConvS2S [9] 25.16 40.46 9.6-10'® 1.5.10%
MoE [32] 2603  40.56 2.0-10° 1.2-10%
Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%
GNMT + RL Ensemble [38] 26.30 41.16 1.8-10%° 1.1-10%
ConvS2S Ensemble [9] 26.36 41.29 7.7-109  1.2-10%
Transformer (base model) 27.3 38.1 3.3.10'8
Transformer (big) 28.4 41.8 2.3-10°
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Model Variations

train | PPL BLEU params
N dmodel dg h di dy Parop  €1s steps | (dev) (dev) %106
base | 6 512 2048 8 64 64 0.1 01 100K | 492 258 65
1 512 512 529 249
(A) 4 128 128 500 255
16 32 32 491 258
32 16 16 501 254
B) 16 516 251 58
32 501 254 60
2 6.11 237 36
4 519 253 50
8 4.88 255 80
© 256 32 32 575 245 28
1024 128 128 466 260 168
1024 512 254 53
4096 475 262 90
0.0 577 246
0.2 495 255
D) 0.0 467 253
0.2 547 257
(E) positional embedding instead of sinusoids 4.92 25.7
big | 6 1024 409 16 0.3 300K | 433 264 213
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Attention Visualizations
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Figure 3: An example of the attention mechanism following long-distance dependencies in the
encoder self-attention in layer 5 of 6. Many of the attention heads attend to a distant dependency of
the verb ‘making’, completing the phrase ‘making...more difficult’. Attentions here shown only for
the word ‘making’. Different colors represent different heads. Best viewed in color.



Overview

(©) Pre-training of sequence model
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Motivation

many to one

100 K,
ifi[s

o Can we improve performances of diverse specific tasks via
pre-training for sequence model?

3The example is from Fei-Fei Li's slides.
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Word Representation Learning

Learning a low-dimensional vector for each word (Word
embedding).
Using pre-trained word embedding as the input of sequence
model.
Notable work:

o Word2vec (Mikolov et al.)

o Glove (Pennington et al.)

Problem: Can not solve word ambiguity.
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ELMo: Embeddings from Language Models*
o Joint training the foward language and backward language
model via LSTM.

o Using the concatenation of left-to-right and right-to-left
LSTM to generate features for downstream tasks.

Figure 9: The architecture of ELMo.

“Peters M E, Neumann M, lyyer M, et al. Deep contextualized word
representations[J].
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OpenAl GPT: Generative Pre-trained Transformer®

o Step 1: Pretraining a left-to-right transformer for the forward
language model.

o Step 2: Fine-tuning the pre-trained transformer with both text
prediction objective and task-specific objective.

m Classification [ S | Text |Emu\}-{

emaiment [ | premise | oo | Fypotness | et |+
[[san [~ Text1 [ oeim [ Text2 |sxuac:]]—|
Similarity ®
2 [San [ Todz [ oom | Texi [ewea |}.|
(s [ Conent [ oo [ Answers | vt |+
Multiple Choice [ san | Context | peim | Answer2 | exwact IH )

[(sian | Comtext_| peim | AnswerN | xvac ]H T

Figure 10: The architecture of OpenAl GPT.

®Radford A, Narasimhan K, Salimans T, et al. Improving language
understanding by generative pre-training[J].
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BERT: Pre-training of Deep Bidirectional Transformers®
o Limits of previous pre-training methods
o Language models in pre-training are unidirectional, witch
restrict the power of the pre-trained representations.

o ELMo concatenates forward and backward language models.

o OpenAl GPT used left-to-right architecture
o BERT:

o masked language model
o token prediction 4 sentence prediction

BERT (Ours) OpenAl GPT ELMo
) [ (%) (] (T v ) (%) T
P = Sl Il = = = <
Tm )(Tm ) (m ) (m )(
O (m )
e |[& [

Figure 11: Differences in pre-training model architectures.

®Devlin J, Chang M W, Lee K, et al. Bert: Pre-training of deep
bidirectional transformers for language understanding[J].
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Input Representation of BERT

o Token 4+ Segment + Position

o Represent a single sentence or a pair of sentences (e.g.
[Question, Answer]) in one token sequence

Input @ cute || [SEP] likes || play || ##ing || [SEP)
Token
croncargs Bt B ] B ] [ 5 ] (B | [ ] [ 0 ][] [t ] [ e | [

-+ - - - - -+ -+ -+ -+ - -
e ENENEN NN S N NS
Embeddings

-+ + -+ -+ -+ -+ -+ + -+ -+ -+
Position
mmesorss | & |[E (& [& ][ & ][ & J[&][& |[& ][ & ][E]

Figure 12: BERT input representation.
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Pre-training Methods

o Task #1: Masked Language Model (Cloze Task)

o Mask some percentage (i.e. 15%) of the input tokens at
random and then predict only those masked tokens
o Downsides #1: [MASK] token is never seen during fine-tuning
for specific tasks
o Solution:
o 80% of the time: Replace the word with the [MASK] token,
e.g., my dog is hairy — my dog is [MASK]
o 10% of the time: Replace the word with a random word e.g.
my dog is hairy — my dog is apple
o 10% of the time: Keep the word unchanged, e.g., my dog is
hairy — my dog is hairy
o Downsides #2: only 15% of tokens are predicted in each
batch, which suggests that more pre-training steps may be
required for converge
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o Task #2: Next Sentence Prediction
o Understanding the relationship between two sentences
o When choosing sentences A and B, 50% of time B is the
actual next sentence, 50% of time B is random sentence from
the corpus
o Beneficial to downstream tasks such as Question Answering
(QA) and Natrual Language Inference (NLI)
o Examples:
o Input: [CLS] the man went to [MASK] store [SEP] he bought
a gallon [mask] milk [SEP]
o Label: IsNext

o Input: [CLS] the man [MASK] to the store [SEP] penguin
[MASK] are flight ##less birds [SEP]
o Label: NotNext
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Fine-tuning Procedure

o Sequence-level classification

o Take the final hidden state for the first token ([CLS]) the
pooled representation of the input sequence

o Add a classification layer

o All of the parameters of BERT and the classification layer are
fine-tuned jointly

Class
Label

_‘
BERT

SE _GE o

Sentence 1 Sentence 2 Single Sentence

(a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColLA
RTE, SWAG
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Fine-tuning Procedure

o Sequence-level classification
o Take the final hidden state for the first token ([CLS]) the
pooled representation of the input sequence
o Add a classification layer
o All of the parameters of BERT and the classification layer are
fine-tuned jointly

StarVEnd Span 0 BPER . o
BERT

Bm-_GEe. o

T

Question Paragraph Single Sentence
(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:
SQUAD v1.1 CoNLL-2003 NER
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Experiments-GLUE

o GLUE (General Language Understanding Evaluation)

benchmark
o Results:
System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -

Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 350 81.0 860 61.7| 74.0
BiLSTM+ELMo+Attn  76.4/76.1 648 799 904 360 733 849 568| 71.0
OpenAl GPT 82.1/81.4 70.3 88.1 913 454 80.0 823 56.0 752
BERTBASE 84.6/83.4 712 90.1 935 521 858 889 66.4| 79.6
BERTARGE 86.7/85.9 72.1 911 949 605 865 893 70.1| 819

Table 1: GLUE Test results, scored by the GLUE evaluation server. The number below each task denotes the
number of training examples. The “Average™ column is slightly different than the official GLUE score, since
we exclude the problematic WNLI set. OpenAl GPT = (L=12, H=768, A=12); BERTgase = (L=12, H=768,
A=12); BERT arge = (L=24, H=1024, A=16). BERT and OpenAl GPT are single-model, single task. All
results obtained from https://gluebenchmark.com/leaderboard and https://blog.openai.

com/language-unsupervised/.
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Experiments-SQuAD

o Results:

Given a question and a
paragraph from Wikipedia
o System Dev Test
containing the answer, the EM FI EM FI
1 1 Leaderboard (Oct 8th, 2018)
task is to predict the answer Human b 2018) s 012
H #1 Ensemble - ninet - - 860 91.7
text span in the paragraph. 2 Enserble - QANet DD sas 05
#1 Single - nlnet - - 835 90.1
#2 Single - QANet - - 825 893
Input Question: o Published
BiDAF+ELMo (Single) - 858 - -
Where do water droplets collide with ice R.M. Rcadcr(SingIc) 789 863 795 86.6
crystals to form precipitation? R.M. Reader (Ensemble) 81.2 879 823 885
Ours
Input Paragraph: BERTgask (Single) 808 885 - -
. BERTarce (Single) 84.1 909 - -
Precipitation forms as smaller droplets BERT, sy (Ensemble) 858 918 - R
coalesce via collision with other rain drops BERT agce (Sgl+TriviaQA) 84.2 91.1 85.1 918

BERTarce (Ens.+TriviaQA) 86.2 92.2 874 932

or ice crystals within a cloud.

Output Answer: Table 2:  SQuAD results. The BERT ensemble is 7x
systems which use different pre-training checkpoints
and fine-tuning seeds.

within a cloud
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Experiments—NER, SWAG

o Named Entity Recognition
(NER)
o Recognize named entities
(i.e. Person,
Organization, Location)
from a given sentence

o Results:

System Dev F1 Test F1
ELMo+BiLSTM+CRF 95.7 92.2
CVT+Multi (Clark et al., 2018) - 92.6
BERTgAsE 96.4 92.4
BERT ARGE 96.6 92.8

Table 3: CoNLL-2003 Named Entity Recognition re-
sults. The hyperparameters were selected using the
Dev set, and the reported Dev and Test scores are aver-
aged over 5 random restarts using those hyperparame-
ters.

o Situations With Adversarial
Generations (SWAG)

o Given a sentence from a
sentence from a video
captioning dataset, the
task is to decide among
four choices the most
plausible continuation.

o Results:
ESIM+GloVe 519 52.7
ESIM+ELMo 59.1 59.2
BERTgASE 81.6 -
BERTARGE 86.6 86.3
Human (expert)‘\ - 85.0
Human (5 annotations)! - 88.0

Table 4: SWAG Dev and Test accuracies. Test resu
were scored against the hidden labels by the SWAG a
thors. THuman performance is measure with 100 sar
ples, as reported in the SWAG paper.
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Ablation Study — NSP and MLM

o Main findings:
o Next Sentence prediction (NSP) pre-training is important for
sentence-pair classification task
o Masked Language Model (MLM) contributes significantly to
the performance improvement

Dev Set
Tasks MNLI-m QNLI MRPC SST-2 SQuAD
(Acc)  (Acc) (Acc) (Acc) (FI)
BERTgAsE 844 884 867 927 88.5
No NSP 83.9 849 865 926 87.9
LTR & NoNSP  82.1 843 775 921 77.8
+ BiLSTM 82.1 84.1 757 916 84.9

Table 5: Ablation over the pre-training tasks using the
BERTgasEg architecture. “No NSP” is trained without
the next sentence prediction task. “LTR & No NSP” is
trained as a left-to-right LM without the next sentence
prediction, like OpenAl GPT. “+ BiLSTM” adds a ran-
domly initialized BiLSTM on top of the “LTR + No
NSP” model during fine-tuning.
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Ablation Study — Model size

o Main findings:
o Bigger model sizes are better even for small-scale tasks

Hyperparams Dev Set Accuracy
#L  #H #A LM (ppl) MNLI-m MRPC SST-2

3 768 12 5.84 719 79.8 884
6 768 3 524 80.6 822  90.7
6 768 12 4.68 81.9 848 913
12768 12 3.99 84.4 86.7 929
12 1024 16 354 85.7 869 933
24 1024 16  3.23 86.6 878 937

Table 6: Ablation over BERT model size. #L = the
number of layers; #H = hidden size; #A = number of at-
tention heads. “LM (ppl)” is the masked LM perplexity
of held-out training data.
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Recent advances—GPT-27

o Applying left-to-right transformer on more larger dataset(1.5
billion parameters, 8 million web pages).

o GPT-2 achieves state-of-the-art scores on a variety of
domain-specific language modeling tasks with “zero-shot
setting” .

Language Models are Unsupervised Multitask Learners

LAMBADA LAMBADA CBT-CN CBT-NE WikiText2 PTB  enwik8 text8 WikiTextl03  IBW

(PPL) (ACC) (ACC) (ACC) (PPL) (PPL) (BPB)  (BPC) (PPL) (PPL)
SOTA 99.8 59.23 85.7 82.3 39.14 46.54 0.99 1.08 18.3 21.8
117™M 3513 45.99 87.65 834 29.41 65.85 1.16 1.17 37.50 75.20
345M 15.60 55.48 9235 87.1 22.76 47.33 1.01 1.06 26.37 55.72
762M 10.87 60.12 93.45 88.0 19.93 40.31 0.97 1.02 22.05 44.575
1542M 8.63 63.24 93.30 89.05 18.34 3576 093 0.98 17.48 42.16

Table 3. Zero-shot results on many datasets. No training or fine-tuning was performed for any of these results. PTB and WikiText-2
results are from (Gong et al., 2018). CBT results are from (Bajgar et al., 2016). LAMBADA accuracy result is from (Hoang et al., 2018)
and LAMBADA perplexity result is from (Grave et al., 2016). Other results are from (Dai et al., 2019).

Figure 13: Results of GPT-2

"https://openai.com/blog/better-language-models/
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Recent advances—ERNIE®

o BERT processes Chinese text in character level. It is difficult
to learn complete semantic representation for concept.
o ERNIE learns the semantic representation of complete

concepts by masking semantic units such as words and
entities.

Learned by BERT Learned by ERNIE

B K E B w R e

1 1 1 1 frt1 it
trtttrtrrtrrtrrteet ftr1itrrritrtrrrintt
BNEENEEREE NP ARERER LT PP EREL TR T

RREERLTINE R, ERKT R

Figure 14: The differences between BERT and ERNIE.

8https://github.com/PaddlePaddle/LARK /tree/develop/ERNIE
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Recent advance—XLNet?®

York is a city </s> New York
Unidirectional Transformer | l Bidirectional Transformer
New York is a city [mask] [mask] is a city
o Auto-regressive language o (Denoising) Auto-encoding
modeling o log p(x[X) =
° Iong(x) = Z;l mask; log p (x¢|X)
>t—1 log p (xe[x<¢) o Predicted tokens are
o Not able to model independent of each other.

bidirectional context. o [mask] is not used during

finetuning.

°https:/ /arxiv.org/abs/1906.08237
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XLNet: Permutation Language Modeling

Sample a factorization order
Determine the attention masks based on the order

Optimize a standard language modeling objective
T
EZNZT [Z log p (th Xz<t)]
t=1

Benefits:

o Able to model bidirectional context
o Autoregressive, avoiding disadvantages of AE
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XLNet: Examples

o Factorization order: New York is a city
P(New York is a city) = P(New) % P(York|New)
P(is|New York) x P(a|New York is) x P(city|New York is a)
o Factorization order: city a is New York
P(New York is a city) = P(city) * P(alcity) * P(is|city a) *
P(Newl|city a is) * P(York|city a is New)
o Sequence order is not shuffled.
o Attention masks are changed to reflect factorization order.
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mem® mem®

wi w @ @ -

Factorization order: 3> 2> 4> 1 Factorization order: 2> 4 >3 > 1

mem® mem(®

mem (©® mem(©®

Factorization order: 1 >4 > 2 >3 Factorization order: 4 > 3> 1> 2
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Comparing XLNet and BERT objectives

o BERT objective (auto-encoding)

o Jeerr = log p(New | is a city ) + log p( York | is a city )
o New and York are independent.
o XLNet objective (auto-regressive)
o JxiNet = log p(New | is a city )+log p( York | New, is a city)
o or
JxLNet = log p(New | York, is a city ) + log p(York | is a city )
o Able to model dependency between New and York.
o Able to model bidirectional context.

o Factorize the joint probability using a product rule that holds
universally.
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XLNet: Reparameterization

o Standard Parameterization
— _ _e(x)Tho(xect)
o po (X = X|Xz<t).— 50 ) ho(racs)
o h does not contain the position of the target.
o p(Xs=is| New York ) = p(Xs = is | New York ) =
p(Xs = is | New York )
o Reduced to predicting a bag of words.
o Solution: condition the distribution on the position.

o po (Xz = X|xz,) = Ze(x)Tge(xz«,zt)

X! e(X/)TgB(Xz<u2t)
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Summarizing XLNet

Challenges Solutions

@ependence assumption in BERT / \

:Permutation language modeling

\
N\ /

Standard parameterization is
reduced to bag-of-words ~

/

" Reparameterization with positions
-

\

Contradiction for predicting both ]
self and others ~

K / Wo-stream attention /

L
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Overview

@ Summary
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Summary

RNN is able to model sequential data with lots of flexibilities
RNN can be also extended to model bidirectional
dependencies

LSTM is a special RNN and can be used to model long-term
dependencies

Attention as RNN: Attention is All you Need (Vaswani et al.,
2017).

Pretraining of sequence model: BERT and XLNet take NLP
to much higher accuracy
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Thanks.

HP: http://keg.cs.tsinghua.edu.cn/jietang/
Course HP: https://www.aminer.cn/aml
Email: jietang®@tsinghua.edu.cn
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