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Part |I: XLNet

* NeurlPS 2019 Oral
« Acceptance Rate 0.5%

» Joint work with Zihang Dai et al.



05E Learning from Unlabeled Data

Unlabeled data Labeled data

Abundant (1000x more), accessible Scarce, expensive
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Unsupervised Pretraining

Unlabeled data

b

[ Labeled data

Algorithms/Models

Improve
over
supervised
learning



h. 2757 Unsupervised Pretraining

Pretraining Finetuning
objective objective
[ Model ] ------- Model }

Transfer
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« RBMs (Salakhutdinov et al 2007), Autoencoders (Vincent et
al 2008), Jigsaw (Noroozi and Favaro 2016), GANs
(Donahue and Simonyan 2019)...

« word2vec (Mikolov et al 2013), GloVe (Pennington et al
2014)

« Semi-supervised sequence learning (Dal and Le 2015),
ELMo (Peters et al 2017), CoVe (McCann et al 2017), GPT
(Radford et al 2018), BERT (Devlin et al 2018)
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Auto-regressive (AR)
language modeling

York

|

is a city </s>

PSR |

Unidirectional Transformer

|

R

New York is a city

‘ 3
log p(x Zlogp Te|x<t)

N - X

Not able to model bidirectional

context. ®

Two Objectives for Pretraining

(Denoising) Auto-encoding (AE)

New

T

York

T

Bidirectional Transformer

|

[mask]

R

[mask] is a city

-~

N

log p(x|X

Z mask; log p(x;|X)

t=1

~

N

Predicted tokens are independent of each
other. ®

[mask] is not used during finetuning. ®
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b, 225 New Objective: Permutation Language Modeling

« Sample a factorization order
« Determine the attention masks based on the order
« Optimize a standard language modeling objective

T
{“ZNZT Z lOg p(th ‘XZ<t)
=1

e Benefits:
« Autoregressive, avoiding disadvantages of AE
« Able to model bidirectional context



bh. 277 Examples

Factorization order: New York is a city

P(New York is a city)
= P(New) * P(York | New) * P(is | New York) * P(a | New York is) * P(city | New York is a)

Factorization order: city a is New York

P(New York is a city)
= P(city) * P(a | city) * P(is | city a) * P(New | city a is) * P(York | city a is New)

Sequence order is not shuffled.
Attention masks are changed to reflect factorization

order.
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mem® 3

0
mem (9 X4 . X3 X4

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

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

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

h®

mem (© hgl)

0
mem (® Xq . X3 X4

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



Hh. 277% Comparing XLNet and BERT objectives

BERT objective (auto-encoding)

JserT = log p(New | is a city) + log p(York | is a city)

New and York are independent. ®

XLNet objective (auto-regressive)

Jx1Net = log p(New | is a city) + log p(York | New, is a city)
or JxrLNet = log p(New | York,is a city) + log p(York | is a city)
Able to model dependency between New and York. ©

Able to model bidirectional context. ©
Factorize the joint probability using a product rule that holds universally.



bh. 275 Reparameterization

Standard Parameterization

e\xr Th Xz<t
po(Xz =7 | Xz ,) = Zx,(e()x’)i(he(let)

h does not contain the position of the target.

p(Xs =is | New York) = p(X4 = is | New York) = p(X5 = is | New York)

Reduced to predicting a bag of words.

Solution: condition the distribution on the position.

Po (X, = | Xasy) = JONTICN
T e o (e 7]

“Stand at” 2z, and predict self




Hh. "% How to Formulate Features g

Let g¥ denote the feature of the i-th token on layer |
Suppose the factorization orderis 3241
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Let g¥ denote the feature of the i-th token on layer |
Suppose the factorization orderis 3241




Hh. "% How to Formulate Features g

Let g¥ denote the feature of the i-th token on layer |
Suppose the factorization orderis 3241

x4, only has access to x, in the first layer!

Should not
encode x,

———Should
encode x,




Mh- 275% Two-Stream Attention

» Factorization order: 3, 2, 4, 1

mem D

Content stream Query stream N




Mk ©"Z% Two-Stream Attention

1 1

A ttention A ttention

LQjLK’Vj LQjLK,Vj

ggin) + Attention(Q = gg”_l) KV = hé@t_l); ), (query stream: use z; but cannot see z,,)

t

hg”) < Attention(Q = (™1 KV = hg‘f;l); ), (content stream: use both 2, and x,, ).

At first layer, h is the word embeddings, and g is a trainable parameter.
Only h is used during finetuning. The last g is used for optimizing the LM loss.



b 575 Summarizing XLNet

Challenges Solutions

@ependence assumption and \ / \

distribution discrepancy in BERT \; Permutation language modeling
e
Standard parameterization is
reduced to bag-of-words ey
" Reparameterization with positions
. S 7
Contradiction for predicting both
self and others ~d

K / Wo-stream attention / \
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« XLNet connects LM and pretraining

* Benefits
 Taking the advantages of LM, while being able to model bidirectional contexts
« Progress in LM directly connected to target tasks
« LM research relies on less computational resources

* Incorporating Transformer-XL into pretraining
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Experiment 1: Fair Comparison with BERT

Model

SQuADI.I SQuAD2.0 RACE MNLI QNLI QQP RTE SST-2 MRPC CoLA STS-B

BERT-Large
(Best of 3)

86.7/92.8 82.8/85.5 75.1 873 930 914 740 940 88.7 637 902

XL Net-Large-
wikibooks

88.2/94.0 85.1/87.8 774 884 939 918 812 944 900 652 91.1

- XLNet trained with the same data and hyperparameters as in BERT.
- We use the best of 3 BERT variants for comparison; i.e., the original BERT, BERT
with whole word masking, and BERT without NSP.

XLNet outperforms BERT on all considered tasks, often by a large margin.



Ih. 572%  Experiment 2: Fair Comparison with RoBERTa

® Rrecurrent

RACE Accuracy Middle High

GPT [28] 59.0 62.9 57.4

BERT [23] 72.0 76.6 70.1
BERT+DCMN™ [38] 74.1 79.3 71.8

RoBERTa [21] 83.2 86.5 81.8

XLNet 85.4 88.6 84.0
SQuADI1.1 EM F1 | SQuAD2.0 EM F1
Devy set results without data augmentation

BERT [10] 84.1 90.9 | BERTT [10] 78.98  81.77
RoBERTa [21] 88.9 94.6 | RoBERTa [2]1] 86.5 89.4
XLNet 89.7 95.1 | XLNet 87.9 90.6

- XLNet trained with the same data and hyperparameters as in RoBERTa.

XLNet outperforms RoBERTa on all considered tasks, often by a large margin.



bh. 575 Ablation Study with Base Models

# Model RACE SQuAD2.0 MNLI SST-2
F1 EM m/mm
1 BERT-Base 64.3 76.30 73.66 84.34/84.65 92.78
2 DAE + Transformer-XL. | 65.03 79.56 76.80 84.88/84.45 92.60
3 XLNet-Base (K =T7) 66.05 81.33 78.46 85.84/85.43 92.66
4  XLNet-Base (K = 6) 66.66 80.98 78.18 85.63/85.12 93.35
5 - memory 65.55 80.15 77.27 85.32/85.05 92.78
6 - span-based pred 65.95 80.61 7791 85.49/85.02 93.12
i - bidirectional data 66.34 80.65 77.87 85.31/84.99 92.66
8 + next-sent pred 66.76 79.83 7694 85.32/85.09 92.89




bh. 575 Ablation Study with Base Models

# Model RACE SQuAD?2.0 MNLI SST-2
F1 EM m/mm

DAE + Transformer-XL | 65.03 79.56 76.80 84.88/84.45 92.60
XLNet-Base (K = T7) 66.05 81.33 78.46 85.84/85.43 92.66
XLNet-Base (K = 6) 66.66 80.98 78.18 85.63/85.12 93.35

A~ W

Permutation language modeling improves performance.



bh. 575 Ablation Study with Base Models

# Model RACE SQuAD?2.0 MNLI SST-2
F1 EM m/mm

1 BERT-Base 64.3 76.30 73.66 84.34/84.65 92.78

2 DAE + Transformer-XL | 65.03 79.56 76.80 84.88/84.45 92.60

Backbone model Transformer-XL improves performance on
long-sequence tasks.
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Part Il: Rethinking

Some thoughts about NLP and industrialization.
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Belief: Transformers are good because they are more efficient!
Fact: Transformers are slower than LSTMs given the same number of
parameters.

Belief: Transformers are good because they are better on machine translation!
Fact: Transformers, RNNs, CNNs are equally good for machine translation.
[Chen et al 2018, Wu et al 2018]

Belief: Transformers are good because they use nothing but attention!
Fact: well...

Belief: Pretraining is awesome because it learns contextualized embeddings!
Question: Do ordinary RNNs also learn contextualized embeddings?



k- &5 What Did Transformers and Pretraining Do?

. Recurrent

Big data Big model

solves solves

Pretraining Transformers



Mh. """ Transformers Enable “Big Model”

#1: Transformers scale much better with more
Larger model parameters.

“Exploring the Limits of Language Modeling
Jozefowicz et al 2016

LSTM-8192-1024, 1.8 billion params, ppl 30.6

DO  LSTM-8192-2048, 3.3 billion params, ppl 32.2

Dai, Yang et al 2016
Transformer-XL Base, 0.46 billion params, ppl 23.5
Better Transformer-XL Large, 0.8 billion params, ppl 21 8 N

performance

& >l
wl l

ppl=perplexity, the lower the better



Mh. """ Transformers Enable “Big Model”

#2: Transformers can be much deeper
Larger model

Al Rfou et al develop a 64-layer Transformer that was state-
of-the-art for char-level LM.

Few (if any) deep LSTMs have been trained to obtain state-
Longer context of-the-art results in NLP.

>l
l

Better N
performance



bh. ©75% Transformers Enable “Big Model”

#3: Transformers learn much longer
Larger model dependency

Transformer-XL [Dai Yang et al] is able to generate relatively
coherent text of a few thousand tokens.
Nothing similar has been reported with LSTMs.

Longer context Transformer-XL learns much longer dependency than LSTMs

using the metrics of RECL. [Dai Yang et al]

Better
performance

& >l
wl l
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%% Pretraining Enables “Big Data”

Big unlabeled 1.

data

Big labeled data

not needed 3.

Better

performance

NLP tasks are extremely diverse (think about
GLUE, question answering, document ranking,
text classification, information extraction, and
100 more tasks and subtasks)

As a result, it is hard to have a huge benchmark
(at the scale of ImageNet)

But it does not matter, because unlabeled data
rock! =



Mh- 275%  “The Bitter Lesson” — Richard Sutton

« "The biggest lesson that can be learned from 70 years of
Al research is that general methods that leverage
computation are ultimately the most effective, and by a
large margin.”

Pretraining Transformers

Big data Big model

yLAfEU: KZINE, EZ MK




Mh. ©7=% What NLP SaaS looked like before

FEAY ARGy, FMNEFLERA, %ﬂlﬁ\
IM, ZiRHEEA.....

Customer

%

RIERE RS
oE

Decision and Value
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e What we do at Recurrent Al

Al Platform

\ Decision and Value

Al
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BB mBEABRRINKSE HHBHAZE/. TR ER
E5iIR5 IRIEAD S PR
i B
Transformer- - - XLNet 5.37x
XL
z= =tad
HATA +3.96% +27.87% =FNLPERR  2.92x
SATB +19.68% +46.54% ALEE LA
KA (ERANANBESESL) HERREA] EFNLPEEEH_:AIEEE%ZBZ{%
B573.96%F1027.87% XLNettb A TIZEHRF5.37(Z

KB (ENEEAMES) AEREEA]S
719.68%7#046.54% When, who, channel, message



Mh. ©72% What is next?

Pretraining
Tradeoff between big
Big data g:g: and high-quality

Transformers |
Tradeoff between model

‘ scale and model

efficiency

Big model
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