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Transfer learning idea

Source task knowledge Target task
Auxiliary , Main ==
Model |~ Model =5

“transfer”



A taxonomy of transfer learning in NLP

Transfer learning
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Transfer through word embeddings
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From words to words in context
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Know not only about word in general, but
how it is used in each particular sentence



ELMo: From words to words in context
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ELMo usage
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We used huge unlabeled
dataset to learn not only words,
but how to process entire texts
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From task-specific models to unified
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BERT: Transformer encoder with novel training
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BERT: Masked language modelling

LO;S Cross-entropy loss
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Training objectives: LM vs MLM

Language Modeling Masked Language Modeling
Target: next token Target: current token (the true one)
Prediction: P(x|I saw) Prediction: P(x|I [MASK]a cat)
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Finetuning BERT: classification
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Finetuning BERT: sentence pair classification
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Finetuning BERT: question answering

Labels: start or end
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[SEP]
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Self-attention heads
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FFNs as key-value memories

0000] +
Layer ]
RelLU (xW,) W,
] ©000
FFN block o=
8
=+ EsTe) ——
1
— .
(j’/(f]////a/ Attention block
1
L |
(ecco00] [(00co0o0] (0000)] @

I saw a cat




FFNs as key-value memories
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BERT rediscovers the classical NLP pipeline

Part of speech:
Constituents:
Dependencies:
Entities:
Semantic Role

Labeling:

Coreference:

I want to find more , [something] bigger or deeper . — NN (Noun)

I want fo find more , [something bigger or deeper] . — NP (Noun Phrase)

[I]; am not [sure], how reliable that is , though . — nsubj(nominal subject)

The most fascinating is the maze known as [Wind Cave] . — LOC

I want fo [find]; [more , something bigger or deeper], . — Agr1 (Agent)

So [the followers]; waited to say anything about what [they], saw . — True
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BERT rediscovers the classical NLP pipeline

Part of speech:

Constituents:

Dependencies:

Entities:

Semantic Role
Labeling:

Coreference:

In classical NLP, to
solve a subsequent
task is was required to
solve the previous one
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Language models as knowledge bases

Memory Query Answer

(DANTE, born-in, X)
Y

Symbolic
KG DANTE =~ e Moo e —» F'LORENCE

born-in

FLORENCE

“Dante was born in [MASK].”
> A Y 2

Neural LM

—_ —
Memory Access Florence

e.0. ELMo/BERT 7



Language models as knowledge bases

Relation Query Answer Generation
P19 Francesco Bartolomeo Conti was bornin ____. Florence Rome [-1.8], Florence [-1.8], Naples [-1.9], Milan [-2.4], Bologna [-2.5)
P20 Adolphe Adam diedin ___. Paris Paris [-0.5], London [-3.5], Vienna [-3.6], Berlin [-3.8], Brussels [-4.0]
P279 English bulldog is a subclass of ___. dog dogs [-0.3], breeds [-2.2], dog [-24], cattle [4.3], sheep [4.5]
P37 The official language of Mauritius is ____. English English [-0.6], French [-0.9], Arabic [-6.2], Tamil [-6.7], Malayalam [-7.0]
P413 Patrick Oboya playsin ____position. midfielder  centre [-2.0], center [-2.2], midfielder [-2.4], forward [-2.4], midfield [-2.7]
P138 Hamburg Airport is named after ___ . Hamburg Hess [-7.0], Hermann [-7.1], Schmidt [-7.1], Hamburg [-7.5], Ludwig [-7.5]
P364 The original language of Mon oncle Benjaminis .  French French [-02], Breton [-3.3], English [-3.8], Dutch [4.2], German [-4.9]
P54 Dani Alves plays with . Barcelona  Santos [-2.4], Porto [-2.5], Sporting [-3.1], Brazil [-3.3], Portugal [-3.7]
P106 Paul Tounguiisa ____ by profession . politician lawyer [-1.1], journalist [-2.4] , teacher [-2.7], doctor [-3.0], physician [-3.7)
P527 Sodium sulfide consists of . sodium water [-1.2], sulfur [-1.7], sodium [-2.5], zinc [-2.8], salt [-2.9]

= P102 Gordon Scholes is a member of the ____ political party. Labor Labour [-1.3], Conservative [-1.6], Green [-2.4], Liberal [-2.9], Labor [-2.9]

&" P530 Kenya maintains diplomatic relations with . Uganda India [-3.0], Uganda [-3.2], Tanzania [-3.5], China [-3.6], Pakistan [-3.6]

= P176 iPod Touch is produced by . Apple Apple [-1.6], Nokia [-1.7], Sony [-2.0], Samsung [-2.6], Intel [-3.1]
P30 Bailey Peninsula is located in ____. Antarctica  Antarctica [-1.4], Bermuda [-2.2], Newfoundland [-2.5], Alaska [-2.7], Canada [-3.1]
P178 JDK is developed by . Oracle IBM [-2.0], Intel [-2.3], Microsoft [-2.5], HP [-3.4], Nokia [-3.5]
P1412 Carl I used to communicate in ____. Swedish German [-1.6], Latin [-1.9], French [-2.4], English [-3.0], Spanish [-3.0]
P17 Sunshine Coast, British Columbia is located in ____. Canada Canada [-1.2], Alberta [-2.8], Yukon [-2.9], Labrador [-3.4], Victoria [-3.4]
P39 Pope Clement VII has the positionof ____. pope cardinal [-2.4], Pope [-2.5], pope [-2.6], President [-3.1], Chancellor [-3.2]
P264 Joe Cocker is represented by music label ____. Capitol EMI [-2.6], BMG [-2.6], Universal [-2.8], Capitol [-3.2], Columbia [-3.3]
P276 London Jazz Festival is located in ____. London London [-0.3], Greenwich [-3.2], Chelsea [-4.0], Camden [-4.6], Stratford [-4.8]
P127 Border TV isowned by __ . ITv Sky [-3.1], ITV [-33], Global [-3.4], Frontier [-4.1], Disney [4.3]
P103 The native language of Mammootty is . Malayalam Malayalam [-0.2], Tamil [-2.1], Telugu [-4.8], English [-5.2], Hindi [-5.6]
P495 The Sharon Cuneta Show was created in . Philippines Manila [-3.2], Philippines [-3.6], February [-3.7], December [-3.8], Argentina [-4.0]
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Data: (subject, relation)
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Conclusion

We reviewed following topics:
® main idea of transfer learning
¢ shift from word embeddings to words-in-context embeddings (ELMo)
¢ from from task-specific to unified models (GPT-1, BERT)
* analysis of BERT model

30



	Recap: word embeddings
	Idea 1: Words — Words in context
	Idea 2: Task-specific — Unified
	BERT analysis

