BERT & GPT
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Next Sentence Prediction
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How to Use Bert
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D Al Self-supervised
Learning  Masked token prediction
. Pre-train \0 Next sentence predictionj
Fine-tune

Model for Model for Model for
Task 1 Task 2 Task 3

Downstream Tasks * The tasks we care
* We have a little bit labeled data.

ATETEENS, Bert fEN— BB HURE, HAFENE X RVEN ML TR M — PPl ZRosa,

Case 1: Seq to Scale

class Input: sequence
T output: class
\
Linear == Ba_n.dc.ym , Exarr.mple. _
| initialization Sentiment analysis
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Case 2: Label Each Vector

class class class

T 1 T Input: sequence

output: same as input
Linear Linear Linear

Example:
T 1 T POS tagging
1 1 1 | saw a saw
BERT
I T N V DET N i
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sentence

Case 3: Natural Language Inference (NLI)
RTINS FER Next Sentence Prediction, SEPrig—MNaRES,

Input: two sequences
Output: a class

Example:

contradiction Natural Language Inferencee (NLI)

entailment
neutral I
premise: A person on a horse
Model jumps over a broken down airplane

[ hypothesis: A pérson isata diner.] contradiction

Case 4: Extraction-based Question Answering (QA)

—/ QARHL FARE (query) FISCHS (Document) , fiHi MAEEEL, WDEBEIENRGITE

Document HENLHI—E Token, L2 Answer,
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The answer is “d, d5”. inner product }i )i
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Why does Bert Work?

Embedding 5 vector 2&45E R R K, RMIXA Token B vector, EbaN:

_ Represent the The tokens with similar meaning
embe’c.;l'dlng meaning of “X” have similar embedding.
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BTATAIAEIR TN "R, FARIES T "R £i Embedding Vector (UMHEUE GRIX) -
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Cosine Similarities of BERT Embeddings
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Multi-lingual BERT

Model | Pre-train | __Fine-tune | _Test | EM | F1 |

QANet none Chinese 66.1 78.1
Chinese Chinese 82.0 89.1
Chinese Chinese 81.2 88.7
BERT 104 )
English 63.3 78.8
languages
Chinese + English 82.6 90.1

F1 score of Human performance is 93.30%

1. WERE, BERNEHE
2. Bert b EEARIES, F—MEERRERE? -
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Where is Language?
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Input (en) | The girl that can help me is all the way across town. There is no one who can help me.

Ground Truth (zh) | BEF BN R B AL/ AR T —i0 - B AR . -
enszh, o = 1|. %, can 33 Zall the way across 17 - - There /£ 7CA Acan help % -
en>zh, o = 2 | . TRIMIRF X T AR - - 2 it AARIEIE -

enszh, o = 3| -, HIAIAIMLZ AT RHIAY,

- flRMA, B f.

Something about Bert

1. WA I ZR5E A Bert? - General Language Understanding Evaluation (GLUE)
2. Bert BRI T, MR AINFAIRRIE LHY? P98 — 1 BAA PR PR,

3. Bert MYSHEE K, WIIZRNIETEEKEHE &,

4. /82, pre-train seq2seq HJ model? XAz, 72 Decoder EJFEHN,

GPT

2K F Transformer #HJ Decoder: Predict Next Token



af://n46
af://n56

Fine-tune GPT (GPT-1)
Classification ‘ Start | Text | Extract H——{ Transformer |-—| Linear ‘

Entailment ‘ Start | Premise | Delim | Hypothesis | Extract ‘7—% Transformer |—>| Linear ‘
) e
Feed Forward Start | Text 1 | Delim | Text 2 | Extract —4 Transformer
Similarity - Linear
2% ‘ Start | Text 2 | Delim | Text 1 | Extract ‘—ﬁ Transformer

Layer Norm

5 |
Masked Multi
Self Attention

Start | Context | Delim I Answer 1 | Extract ‘_—4 Transformer |—>| Linear

Multiple Choice‘ Start | Context | Delim | Answer 2 | Extract ‘_—bl Transformer H Linear

|Text&P05itinn Embed [ Start | Context | Delim I Answer N | Extract ‘——l Transformer H Linear

Prompt
”FEW-ShOt” Translate English to French: task description
Learning sea otter => loutre de mer examples
peppermint => menthe poivrée
plush girafe => girafe peluche
cheese => prompt
“One-shot” Translate English to French: task description
Learning sea otter => loutre de mer example
cheese => prompt
o“w ”
Zero-shot Translate English to French: task description

Learn'n cheese => prompt

MEI ML HIRE, AFRE NFEFIEMINERR, R AREREIFIGELTillgRar s
R XA R R R BIERGF— B, FE R AT T5#R AT DART,

I GPT A% #H prompt 515 gpt Z Predict Next Token,
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