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arXiv.org > cs > arXiv:2108.07258

Help | Advanced|
Computer Science > Machine Learning

[Submitecon 16 Aug 2021 (v9), st rsed 10 g 2021 (s vrson, 2]
On the Opportunities and Risks of{Foundation Models
Rishi Bommasani, Drew A Hudson, Ensan Adel, Russ Altman, Simran Arora, Sydney von Arx. Michael . Berstein, Jeannette Bohg, Antoine Bosselut, Emma Brunskil, Erik Brynjolfsson, Shyamal Buch, Dallas Card, Rodrigo
Castellon, Niladri Chatterji, Annie Chen, Kathleen Greel, Jared Quincy Davis, Dora Demszky, Chris Donahue, Moussa Doumbouya, Esin Durmus, Stefano Emon, John Etchemendy, Kawin Ethayarajh Chelsea Finn, Trevor
Gale, Lauren Gillespie, Karan Goel, Noah Goodman, Shelby Grossman, Neel Guha, Tatsunori Hashimoto, Peter Henderson, John Hewitt, Daniel €. Ho, Jenny Hong, Kyle Hsu, Jing Huang, Thomas Icard, Saahil Jain, Dan Jurafsky.
Pratyusha Kalluri, Siddharth Karamcheti, Geoff Keeling, Fereshte Khani, Omar Knattab, Pang Wei Kond, Mark Krass, Ranjay Krisfina, Rohith Kuditipudi, Ananya Kumr, Faisal Ladhak, Mina Lee, Tony Lee, Jure Leskovec, Isabelle
Levent, Xiang Lisa Li, Xuechen Li, Tengyu Ma, Al Malik, Christopher D. Manning, Suvir Mirchandani, Eric Mitchell, Zanele Munyikwa, Suraj Nair, Avanika Narayan, Deepak Narayanan, Ben Newman, Allen Nie, Juan Carlos Niebles,
Hamed Nilforoshan, Julian Nyarko, Giray Ogut, Laurel Orr, Isabel Papadimitriou, Joon Sung Park, Chis Piech, Eva Portelance, Christopher Potts, Aditi Raghunathan, Rob Reich, Hongyu Ren, Frieda Rong, Yusuf Roohani, Camilo
Ruiz, Jack Ryan, Christopher Ré, Dorsa Sadigh, Shiori Sagawa, Keshav Santhanam, Andy Shih, Krishnan Srinivasan, Alex Tamkin, Rohan Taori, Armin W. Thomas, Florian Tramer, Rose E. Wang, William Wang , Bohan Wu, Jiajun
Wu, Yuhuai Wu, Sang Michael Xie, Michihiro Yasunaga, Jiaxuan You, Matei Zaharia, Michael Znang, Tianyi Zhang, Xikun Zhang, Yuhui Zhang, Lucia Zheng, Kaitlyn Zhou (E&rcy Tiang)(collapse list)
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Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]
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BERIERSOEIRENFAE (BEEF )

w ) Cwe ) Cwe ] Cwe ) (Cws ) score

[ Classification Layer: Fully layer + GELU + Norm ] MLP

0 00 0 0P O Bl e T

Transformer encoder sentence-pair encoding

"GO G G G e ﬁijiﬁi@iﬁ
I

! | | f

MT hypothesis reference translation
w1 w2 w3 Wq Ws

Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, arXiv:1810.04805, 2018
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TN+ ROEESR: TIHESIRESHNEL / HENERRS

WZAESS: MLM/NSP ARG A7/ AIbRTES Pre-traing 5 SRS AT 00185 35 ik
[Mask] [Mask][Mask][Mask] 37 g

Mask LM Ma% LM ER /SQuAD StarVEnd Span
BERT (1 BERT

Masked Sentence A Masked Sentence B Question P Paragraph

B=1 §=2 H=4 §=8 H=16 F=32 K=64  K=512

Question Answer Pair I love peanut butter and jelly sandwiches.

Unlabeled Sentence Aand B Pair

1 love peanut butter and je

Pre-training B Fine-Tuning sandviches.
Buy these pils Soam
1 love peanut butter and ks delicious e all types
Win cash prizes Spam f but e as sandwiches.
e Dear Mr. Atreides, please find attached. Not Spam
. . (Devlin et al., 2018)
TEARTE ISR A BRTEM VB
Devlin et al., BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding, arXiv:1810.04805, 2018
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The three settings we explore for in-context learning Traditional fine-tuning (not used for GPT-3)
Zero-shot Fine-tuning
The model predicts the answer given only a natural language The model is trained via repeated gradient updates using a
discription of the task. No gradient updates are performed. [ f example tasks.
Translate English to French: task description sea otter => loutre de mer example #1
Zero-shot One-shot Few-shot cheese prompt v
1758 Params
Natural Language v
L Prompt
\ One-shot peppermint => menthe poivrée example #2
50
- In addition to the task description, the model sees a single v
£ example of the task. No gradient updates are performed. , "
g v
13B Params Translate English to French: task description S
sea otter => loutre de mer example b
oo o plush giraffe => girafe peluche example #N
1.38 Params
10
Number of Examples in Context (K) gradient update
Few-shot
. o cheese => prompt
Brown et al., Langu age Models are Few-Shot Learners, In addition to the task description, the model sees a few

examples of the task. No gradient updates are performed.

arXiv:2005.14165, 2021

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese

prompt
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Models

There are two multilingual models currently available. We do not plan to release more single-language models, but we may release BERT-Large
versions of these two in the future:

® BERT-Base, Multilingual Cased (New, recommended) : 104 languages, 12-layer, 768-hidden, 12-heads, 110M parameters
® BERT-Base, Multilingual Uncased (Orig, not recommended) : 102 languages, 12-layer, 768-hidden, 12-heads, 110M parameters
® BERT-Base, Chinese : Chinese Simplified and Traditional, 12-layer, 768-hidden, 12-heads, 110M parameters

Data Source and Sampling

The languages chosen were the top 100 languages with the largest Wikipedias. The entire Wikipedia dump for each language (excluding user
and talk pages) was taken as the training data for each language

Model | D #M #lg | en fr es de e bg ot ar vi th zh hi sw ur | Avg

Fine-tune multilingual model on English training set (Cross-lingual Transfer)

mBERT Wiki N 102 | 821 738 743 711 664 689 690 616 649 695 558 693 600 504 580 | 66.3
XLM (MLM+TLM) | WikitMT N 15 | 850 787 789 778 766 774 753 725 731 761 732 765 696 684 673 | 75.
XLM-R cc 1100 888 836 842 827 823 831 801 79.0 788 797 786 802 758 720 7L7 | 80.1
Translate everything 1o English and use English-only model (TRANSLATE-TEST)

BERT-n Wiki 11 888 814 823 801 803 809 762 760 754 720 719 756 700 658 658|762
RoBERTa cc 11 913 829 843 812 817 831 783 768 766 742 741 715 709 667 668 | 71.8
Fine-tune multilingual model on each training set (TRANSLATE-TRAIN)

XLM (MLM) | Wiki N 10089 776 779 779 711 757 755 726 712 758 731 762 704 665 624 | 742
Fine-tune multilingual model on all training sets (TRANSLATE-TRAIN-ALL)

XLM (MLM+TLM) | Wiki+MT 1 15 [ 850 808 813 803 79. 809 783 756 77.6 785 760 795 729 728 685|718
XLM (MLM) Wik 1100 845 801 813 793 786 794 775 752 756 783 757 783 721 92 617|769
XLM-R I 100 887 852 856 84.6 836 855 824 816 809 834 809 833 798 759 743 824

https://github.com/google-research/bert/blob/master/multilingual.md
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Fig. 2. A foundation model can centralize the information from all the data from various modalities. This
one model can then be adapted to a wide range of downstream tasks.

Bommasani et al., On the Opportunities and Risks of Foundation Models, arXiv:2108.07258 [cs.LG]
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TexT prOMPT  a teapot in the shape of an avocado. a teapot imitating an avocado.

OpenAl DALL-E demo, source: https://openai.com/blog/dall-e/



£ 825
Context (0 86
= 5 W "

Transformer

55

\ Masked
Quantized
representations Q. 275

Latent speech Z
representations

o
Noisy student wav2vec wav2vec wav2vec wav2vec 10m
raw waveform X’ 100h 100h h 10m (53K unannoated)

WER for Noisy Student self-training with 100 hours of labeled data. Wav2vec 2.0 with 100 hours, 1 hour,
and only 10 minutes of labeled data. All models use the remainder of the LibriSpeech corpus (total 960
hours) as unannotated data, except for the last result, which uses 53K hours from LibriVox.

Word error rate

Facebook Al Wav2Vec 2.0 https://ai.facebook.com/blog/wav2vec-20-learning-the-structure-of-speech-from-raw-audio/
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WIS EKR?

> HHE:
> BX: BEAEMNEKEEILEE
> BEH: BEHEMN. SIRSHBIRIGRINTIGKEER
> =AY
> ERSHHERN TEEKNSE (Capacity)
> RENSHHEL AT UK IBE IS
> 5
> B—EhERFRFERANENLFERIRIR, BRIEHIFNHTERR (MEFit
=)
> HEAERASARNIEREE A RHEE: XAGENHRER (WMOE,
Mixture-of-Experts), AIAZENIGMEDEFRNERLT, KIEEEMEESEF
HBRIFIARES (Capacity)
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HER1ERY Sparse Transformers

> Sparse factorizations of the attention matrix which reduce this to O(n+/n):

:::H:: m:: :::H::

(a) Transformer (b) Sparse Transformer (strided) (c) Sparse Transformer (fixed)

Child et al., Generating Long Sequences with Sparse Transformers, arXiv:1904.10509

12_1/40 S HuAwEl FY)



#%ER1E 2] Sparse Transformers

» Related work:

> Big Bird (Zaheer et al. 2020, NeurlPS),

» Longformer (Beltagy et al. 2020),

» Reformer (Kitaev et al. 2020, ICLR),

» Routing Transformer (Roy et al. 2021, ACL),

12.2/40 @'@ HUAWEI }X‘SQTED



FERiERl MoE Transformers

» Introduces Mixture-of-Experts (MoE) in Transformer components
y

Jason Brownlee, A Gentle Introduction to Mixture of Experts Ensembles (blog)

13.1/40 S HuawEl GRS R


https://machinelearningmastery.com/mixture-of-experts/

FERiERl MoE Transformers

» Switch Transformers (Google, 2021.01)
» Backbone: T5

» Parameters: 1571B, 15 layers, 2048 experts
» Dataset: C4 (180B tokens)
» Router: switch routing (top-1)

13

1 -1 " e,
z —

1 g P 70x Spesdip
§
Ly
g

17 FRU

Neg Log Perplexity

th 2"“ 20 a0

Fedus et al., Switch Transformers: Scaling to Trillion Parameter Models with S|mple and Efficient Sparsnty arXiv:2101. 03961 2021
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FEERiER! MoE Transformers

» Top-1 routing (Google)

> BexpertA] LUR D BIER MY, RIANIZGRE
» Fedus et al., Switch Transformers: Scaling to Trillion Parameter Models with
Simple and Efficient Sparsity. arXiv:2101.03961, 2021

» Top-K routing (Google)
> BE MNP expertPiiF2/ N1 TR B B
» Shazeer et al., Outrageously Large Neural Networks: The Sparsely-Gated
Mixture-of-Experts Layer. arXiv:1701.06538, 2017

» Hash routing (Facebook)
> AFEZErouterfiE¥ ], BiT IR Etoken-experthIARET k1 S BB
> Roller et al., Hash Layers For Large Sparse Models. arXiv:2106.04426, 2021
» Domain routing (Al2 & Facebook)
> XA ESUR IR R E T ERexpert, RIBGUHFEITERED
» Gururangan et al., DEMix Layers: Disentangling Domains for Modular Language
Modeling. arXiv:2108.05036. 2021
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FRBIESIN

> RAURTNEZRIE S R BERKHIRE T LA E S A0 BRI AN IR
> ERt, BEEZHEMNFEIRKIERATUERESE, EEAIEMIIZIESEREMEX
> FHEIRKIE:

> ZIRSEAN

> FNREAN: FREIER

> ARIN: SRERAME

> PEFRDG
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BIXXTINEGRE: XBETEARITIRISZEMNRZE

> WIEARRY: B XTEEFE S Lossi#{THRAS3Z B : CLIP, ALIGN, WENLAN
> R ER, 1%.1##1E?#?§EJ?.—AF ﬁlhé F Transformert& &I Encodersl (F1)
Decoderfiself-attentioni#H{ TR X B

» Encoder: VILT, SOHO
» Decoder: DALL-E, Frozen
» Mix: M6, OPT

> Hfb: j&idEncoder-decodersEtyshDecoderfiiicross-attentioniH{ THEAS3E B :
ALBEF

15/40 M HuawEl FN3RTRs



(1) Contrastive pre-training

Pepper the Toxt

aussie pup |||—»

Encoder

Image N

Encoder

»

LT

Ty

T ‘
LTy

LTy

IR EY: CLIP: HBINUEER

(2) Create dataset classifier from label text

(3) Use for zero-shot prediction

- B

Image
Encoder

T

| - | &

L LT | LT | LT

Connecting Text and Images by Contrastive Language-Image Pre-training, OpenAl 2021
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BT ZiER: CLIP: BRI =AY

> RARBIH: ZREIEE

» Zero-shot Image Classification

> M 1%%H$CZIKE4JgIobaI
featuresRi#H 1T ELE S

B g
2 EE g e
£ 350 S B

RNSO
RNI01
RNSOxd
RNS0x16
RNS0x64

> KAEBIREIIE:
> OpenAl 42 BB S 8RR

BI175.6 41.6 32.6 59.6 55.8 19.3 82.1 41.7 85.4 82.1 659 66.6 42.2 943 411 5
839 810 49.0 37.2 599 623 10.5 82.4 439 862 85.1 65.7 593 45.6 967 33.1

422161 57.6 636 435 203 59.7 56.9 396
333 169 552 622 467 28.1 61.1 62 622
86.879.2 48.9 416 627 67.9 24.6 83.0 493 88.1 86,0 68,0 75.2 511 96.4 350 592 35.7 260 202 57.5 65.5 49.0 17.0 583 66.6 658
90.5 82.2 54.2 45.9 65.0 72.3 30.3 82.9 52.8 897 §7.6 71.9 80.0 560 97.8 40.3 64.4 39.6 33.9 24.0 625 68.7 53.4 17.6 589 676 70.5
918 86.8 61.3 489 66.9 76.0 35.6 83.8 53.4 93.4 90.6 77.3 90.8 61.0 983 59.4 697 47.9 33.2 29.6 650 74.1 56.8 27.5 62.1 707 736

CLIP-VIT | CLIP-ResNet

> RAARIILk:

L4
L/14-336px

844913 65.1 37.8 632 59.4 212 83.1 44.5 87.0 879 66.7 51.9 47.3 972 49.4 60.3 32.2 39.4 17.8 58.4 64.5 47.8 24.8 57.6 9.6 63.2
892916 68.7 30.1 652 65.6 27.1 83.9 460 889 893 70.4 56.0 52.7 982 54.1 65.5 43.3 44.0 23.3 48.1 698 52.4 23.4 61.7 9.8 686
920062 77.0 483 67.7 77.3 36.1 8.1 55.3 935 92.6 78.7 §7.2 57.5 993 599 71.6 50.3 23.1 32.7 588 76.2 60.3 24.3 633 640 753
3.8 95.7 77.5 495 68.4 78.8 37.2 843 55.7 935 92.8 78.3 88.3 57.7 99.4 59.6 71.7 523 21.9 349 630 76.9 61.3 24.8 633 679 76.2

» CLIP_SMALL: vITB/32 +

> Image-text retrieval

GPT(12L-8head-emb512)

» CLIP_LARGE: VIT-L/14 +

Text Retrieval Image Retrieval
Flickr30k MSCOCO Flicki30k MSCOCO
R@l R@5 R@I0 R@ R@5 R@I0 R@ R@5 R@I0 R@l R@ R@I0

GPT-BASE(12L-12head-emb768)

> ZMTHFES: Bihzero-shotE

Uniter”

Finetune

Oscar?

VILLA®

Unicoder-VL* 862 963 99.0 623 871 928 715 909 94.9 467 76.0 85.3

873 980 99.2 65.7 88.6 938 756 94.1 96.8 529 799 88.0
879 975 988 - - S 763 42 %68 - - -

1%%%, |mage-teXt _‘L,—‘?z ERNEL w 80 992 - - N 767 936 964

Connecting Text and Images by Contrastive Language-Image Pre-training, OpenAl 2021
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E s FnilZei=EE8Y: Dall-E:

> MEIEZS (numeric data) :
FVQVAEZFZZaencodery
BEANEZS B contextualized
tokenizer, decoder{E
Ageneratorik 8 El R AR

> 7 (symbolic data): KEFE
BEHH, @A Atokenizer

> 5 SttokenFISC AtokeniE E
B—F%, FAutoregressive
LMi#TIIZR (PGP

B R B AR RY

VQVAE

Encoder

256 BPE-encode Token
Vocabulary size 16384

Embedding
Space

1024 Tokens
Vocabulary size 8192

[

Text Tokens )

Image Tokens Z

Zero-Shot Text-to-Image Generation. OpenAl, 2021
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EISCFIZRAEEL: Dall-E: #2385 EiREY

» Text-grounded Image Generation

china airlines plain atable thathas a a living room with a
f;ﬁ‘w E"': ﬁ' on the ground at an train model on it tv on top of a stand a ;?:g‘iaﬁ' %enogle a very cute giraffe
VN oy 2019 airport with baggage  with other cars and with a guitars e b making a funny face.

cars nearby. things sitting next to

Validation

Zero-Shot Text-to-Image Generation. OpenAl, 2021
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a kitchen with a a group of animals
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sink
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E ST 2458 Frozen: BB/ \FEARIER]

> Tk
> fEAY.
- BIEE7BASCATIZIERIGPT, iZkvision
prefix (prompt) R °T“' t?e Wa?‘fr
| E*H_? I)‘,} Language Model
- {#HImage CaptionAillZ B RECC12MEIEE Seff Attention Layers

_Efine-tune —NF-ResNet-504% 8! [i [il i] [ﬁ Eil é &] [ﬁ [ﬁ
T T I R A I

# Frozen

> B L Mlgpt-3M FEtR A few-shot(in-context) T 1
learning#E) e
> FINLPHIPre-fix tuning#y &3] f 1 1 1 1 7 1
- g
> &
- BEEASTATMINGAESR, RfientunefF 3] ﬁ A small red boat
B Prefix
> =
- BIEASPrefix
- XA MPrefixZsample-dependentfly, REIRIE K
SFE R EHIPrefix

. . ; i ind 2021 E :
Multimodal Few-Shot Learning with Frozen Language Models, Deepmin @'é HUAWEI }XSQT:D



ESCFilZeiER: Frozen:

> VQA:

n-shot Acc.

MR NERIREY

| p=0 | n=1 | n=4 | 7
Frozen 295|357 382 | X
Frozen geraten 00 | 00 | 0.0 | X
Frozen finetunea 240 | 282 | 292 | Xx
Frozen iainbtina | 26.2 | 33.5 | 333 | X
Frozen voa 484 | - - |V
Frozen yoapiina || 39.1 - - v
Oscar [23] |738| - | - |V
Inference:
Blue <E0S> Steve Jobs <E0S> <E0S>
t t t 1
| Self Attention Layers. ‘ ’ Self Attention Layers | I I
III#IIDIL"[:I 1
[ ] [ e 2 ol
Encoder || Embedder Encoder Encoder
! I
it Inntea ‘”“ - e e
is the car? this? A: this? A: this?
Answer: The Wright Answer
brothers
(a) 0-shot VQA (b) 1-shot outside-knowledge VQA (c) Few-shot image classification

Multimodal Few-Shot Learning with Frozen Language Models, Deepmind 2021
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Bz i)l ZiE8): ALBEF: Biflcross-attentiont&E #Y

> Fi)llgk
> fERY.
- [Ef&pre-trained VIT, X &pre-trained BERT
> Bi#x:
- B&VITRE—E[CLSHFEMIABERT 75 E[CLS4FE Mimage-text contrastive learning
- AR fmasked language modeling

- B4 AR decoder (BERT/E7RZ) lcross-attentionfE 7T S8R EZE
fflimage-text matching

> A 2l gpt-38Y EE &7 few-shot(in-context) learning &g
> ZFTFHES
> fiFimage-text % . VQA. VE.

[cts)
***** DO embesng
hard H D
negatives Feed forward ]| encoder ! update

" i , i I R iy
Align before Fuse: Vision and Language Representation : i

Learning with Momentum Distillation, Salesforce 2021 1 i
| image 2] a—ﬁeﬁﬂ |
i encoder & - (7D der |
Po12x H
i Self Attention i

Momentum |
Model

X6
Image-Text Self Attention

Contrastive Loss

image input text input
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B i)l 28 ALBEF: Ba®Icross-attentiont& &Y

» |Image-text Retrieval:

Method # Pre-train Flickr30K (1K test set) MSCOCO (5K test set)

Images TR IR TR IR
R@! R@5 R@10 R@! R@5 R@I0|R@I R@5 R@I0 R@I R@5 R@I0
UNITER 4M 873 98.0 992 756 941 968 | 657 886 938 529 799 88.0
VILLA 4M 879 975 988 763 942 968 - - - - - -
OSCAR 4M - - - - - - 70.0 911 955 540 80.8 885
ALIGN 1.2B 953 998 1000 849 974 986 [ 770 935 969 599 833 898
ALBEF 4M 943 994 99.8 828 967 984 [ 731 914 960 568 815 89.2
ALBEF 14M 959 99.8 1000 856 975 989 | 776 943 972 607 843 905

Table 2: Fine-tuned image-text retrieval results on Flickr30K and COCO datasets.

» Visual Grounding:

“girl” “holding” “kitten”
Figure 6: Grad-CAM visualizations on the cross-attention maps corresponding to individual words.

Align before Fuse: Vision and Language Representation Learning with Momentum Distillation, Salesforce 2021
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FIEAN

Feature Fused
KEPTMs

SenseBERT
SentiLARE

Entity Enhanced Coupled-based
PTMs KEPTMs

KG Supervised
KEPTMs

WKLM
LIBERT, GLM

n ERNIE, KnowBERT
Embeddinng :
5 BERT-MK, KT-NET,
Combined KEPTMs KGLM

Coupled-based
KEPTMs

Data Structure Guan et al.(2020)

Unified KEPTMs K-BERT, CoLAKE
Joint Training

KEPTMs

Decoupled-based Retrieval-based
KEPTMs KEPTMs

Coupled-based Joint Training
Kerroe e (Ao )

R e [ Ream )
KEPTMs KEPTMs RE

Yang et al., A Survey of Knowledge Enhanced Pre-trained Models, arXiv:2110.00269

Triplet Enhanced
PTMs
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HIRFEN: Triplet-Enhanced PLMs

Token Output Entity Output

Token Output
Aggregator
Aggregator
K-Encoder Mx
ros
T F 17
Transtarmer
= Entty Input .
Zi) N { Multi-Head Attention ] [ Mutii-Head Attention
TEncoder Nx e N R A i f 1
Aion
Token Input Entity Input
b o wote  biow 1962 Bob Dylan Biown'in the Wind
Token Input Bab Dyian wrote Blowin’ n the Windin 1962
() Model Achitecture (b) Aggregator

Figure 2: The left part is the architecture of ERNIE. The right part is the aggregator for the mutual
integration of the input of tokens and entities. Information fusion layer takes two kinds of input: one is the
token embedding, and the other one is the concatenation of the token embedding and entity embedding.
After information fusion, it outputs new token embeddings and entity embeddings for the next layer.

Zhang et al., ERNIE: Enhanced Language Representation with Informative Entities, ACL 2019
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ZMIREE N : Entity-Enhanced PLMs

Entity Boundary Representations. | Entity Boundary Representations
stantee  [ITT] -+ vV Bryan Johnson [T > X
Steve Ditko T[]+ | Steve Ditko [T —» v/
Marvel Comics [ 1] —+ o | i DCComics [Tl -+ X |
[ Transformer Encoders J Transformer Encoders J
1 f i I I I
eplaced Article:

pider-Man is a fictional superhero created by writer-

ditor Bryan Johnson and writer-artist Steve Ditko.
e first appeared in the anthology comic book American

omic books published by DC Comics

Original Article:
Spider-Man is a fictional superhero created by writer-

editor Stan Lee and writer-artist Steve Ditko,
He first appeared in the anthology comic book American

by Marvel Comics
Entity Replacement Procedure
entity linkin lookuy, Entities clustered by type Q1320047
Marvel Comics ...l?.....gqﬂga,gﬁ !_yfif_'z:z_ﬂ Q1320047 ntl |scuel 2oy type
book publishing company DC Comics
| Dark Horse Comics | random sas

e
- Image Comics

WIKIPEDIA  WIKIDATA

The Free Encylapedia

Figure 1: Type-Constrained Entity Replacements for Knowledge Learning.

comic books

S DC Comics

Xiong et al., Pretrained Encyclopedia: Weakly Supervised Knowledge-Pretrained Language Model, ICLR 2020
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» J+24PLMsEZERetrieval
> EELTENELMIALER
> SR SRS URIF M FHIR
» %FFRetrieval augmentedIZI1EE X+
> fEPre-trainingiZ ZFine-tuningf E% ffiretrieval
> RetrievalZ|#9(2 /) XIS an{a] 1248
> Retriever5Generator(Predictor) 2 & im 2l i il Zx

Backbone Downstream tasks Retrieval in Retrieval in End2End
model pre-training fine-tuning training
ODQA v v v

REALM[1] BERT

RAG[2] BART ODQA/Generative QA/Dialogue X v v
generation

FiD[3] T5/BART ODQA/Generative QA/Dialogue x v X

generation/Multi docs summarization
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MMA#Z: REALM(Retrieval-augmented Pre-training)

> Retrieval Augmented#Fiii)ll

> ?ﬁﬂllﬁﬂﬁﬁﬁlﬁlHfﬁ)llﬁRetriever%ﬂGenerator - Unlabeled text, from pre-training corpus (.l‘)r:
> }‘)\JE#E\BERTié:EE"]*ﬁitia'l‘Z'>*‘&?+iE‘lz The [MASK) at the top of the pyramid () |
plyla) = 3 ol 2)paela) i 1
2€2 Retriever knowledge bl -»\Neural Knowledge Retriever ~ py(z|x )J
7=T Generator corpus (Z) l
=Top(K) passages
o Retrieved document®saonnsoocanoonaooonss
: The pyramidion on top allows for less |
> Knowledge Retriever i material higher up the pyramid. () |
> MLM object Al 2 it iz M 5 S/l % Retriever
- Query and document -~ -~ g
p(z|z) = M | [CLS) The (MASK] at the top of the pyramid 5
Zz, exp f(z7 z’) ’ 1 [SEP] The pyramidion on top allows for less .

S material higher up the pyramid. (z,)
f(x, z) = Embedinput () ' Embedaoc(2)

> End2EndiliZE0 s Ak : Document Index update
> SHMIPSEH

K] = pyramidion

S

MIPS index of Z

Index builder MLM trainer

(stale ¢') (fresh 0)

Updates 0’ H

Guu, Kelvin, et al. "Realm: Retrieval-augmented language model pre-training."

0
x>
I

>z
>0
Q
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IIA#Z: RAG(Retrieval-augmented Generation)

> ZEfine-tuningr B 15 Aretriever

> FIREALM&[E]AEnd2end training, {ERAGH A E #FdocumentZ& 3|
> FREALMZE, BHIFBRRICEFqueryHHEER, #

< Z4#|Fencoderfimax-seg-length
> R Bir

»> RAG-Sequence Model:

N
PRAG-Sequence y|I Zpﬂ |I Pﬂ(y|1 Z = Zpﬂ(z|z)Hp0(yi|l‘72’yli 1)

z€top-k(p(-|x)) z€top-k(p(-|z)) i
> RAG-Token Model

DRAGToken (Y] ) H Z
i z€top-k(p(-|z))

Define "middle ear"(x) <

o (2]2)po (yil @, 2, yr:i-1)

End-to-End Backprop through q and pe
Query

Retriever p; Document )y
Encoder o i Index

(Non-Paramettic @)
ax)

Question Answering:
Question Query

Barack Obama was
born in Hawaii. (x)

(" Generator Po

Question Answering
Answer Generation

Fat Verification: Fact Query

supports (y)
Fact Verfication:
Label Generation
he pie This 14th century work
Conec{2) is divided into 3
Jeopardy Question sections: "Inferno",
Generation — > Purgatorio” &
Answelrouery

"Paradiso”

%

— AN

Lewis, Patrick, et al. "Retrieval-augmented generation for knowledge-intensive nip tasks.

Question Generation
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MIA#Z: FiD(Fusion in Decoder)

» FiD#4H—#h7EDecoderifi#{TE BRI &G T
» Encoderi 3143 37 45 H5
> Y83 Hifiddecoderif B Cross-AttentionSCE]
> FiIDAJUEMESXHFHAZEER
> Generator5Retrieverfi#if, £ _L3REALMFRAGE iR &
> Cross Attention Score B &— E HI A R %M
> FEEEER, SHEERFETS EPHEE T SOTARR
[ Question + Passage 1 ] [ encoder > DID

[ Question + Passage 2 ] I encoder > I]ID] | concat > [[[[I]II]][ID I decoder > [ Answer ]

[ Question + Passage N ] | encoder > D:[l

Figure 2: Architecture of the Fusion-in-Decoder method.

|zacard, Gautier, and Edouard Grave. "Leveraging passage retrieval with generative models for open domain question answering."
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anf] E BRI SR ?

AARTNGRBRFERE X, SRINEKRNRS, WATARE. SHNE, K
AR B E R 5] :

> FAFTIIE

> IBFS] (RESEHEAXREERSH)

> g GEENILG. B5FS, BRIERET)
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=HFHITII
> SHSRAFHTEM: BIBHITPipelinedt
1T +ERIFET
> HIEFHIT: Batch4EEmTIH
> Pipeline#ﬁ: LayerZEfEE’\J’c)]ﬁ A - Operator
> ERHIT: BFHEENYIS ;
> RIS = HTAARFI IR IR & Z B AYAR
5, ATEHRYR, SBNEWES a .
GPT3HFT LS MR AIRER

Coordinate RANK Coordinate RANK Coordinate RANK Coordinate RANK

D! Parallel Rank 0

Pipeline Stage 3

(0,0,0) 0 (1,0,0) 8 (2,0,0) 16 3.0,0) 24 M o

(0,0, 1) 1 (1,0,1) 9 2.0,1) 17 3.0,1) 25 \IIIIIHIII\II' =) g f

(0,0,2) 2 1,0,2) 10 20,2 18 3.0,2) 26 = — Py et =
(©,0,3) 3 (1,0,3) 1 @2.0,3) 19 3.0,3) 27

(©,1,0 4 (1,1,0 12 @2,1,0) 20 3.1,0 28 IIHI I[HI IIHI IIHI
0,1,1) 5 1,11 13 211 21 61,1 29 Pipeline Stage 0 Pipeling s'a- e 1 Pnl e stage 2 Pipeline Stage 3
0,1,2) 6 1,1,2) 14 21,2 22 3.1,2) 30 i

©,1,3) 7 (1,1,3) 15 @1,3) 23 3.1,3) 31 i

https://www.microsoft.com/en-us/research/blog/deepspeed-extreme-scale-model-training-for-everyone/
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» Feature:
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H15y. )
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REZEEHIT. .
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EEFITTEEENAGFREKXT5E
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Prompting Methods for Downstream Tasks

Type Task Input ([X]) Template Answer ([2])
great
Sentiment Tlove this movie. [%] The movieis [Z]. fantastic
sports
Text CLS Topics He prompted the LM. [¥] The text is about [Z]. science
quantity
Intention ‘What is taxi fare to Denver?  [%] The question is about [Z city
Aspect Bad
Text-span CLS Spec Poor service but good food.  [%] What about service? [2].  Terrible
Sentiment
[¥1]: An old man with ... Yes
Text-pair CLS NLI [%¥2]: A man walks ... [¥1]17? [2], [X2] No

[%1]: Mike went to Paris.

organization

Tagging NER [%27: Paris [X1][%2]isa [2] entity. location
The victim ...
Summarization  Las Vegas police ... [%] TL:DR: [2] A woman ...
Text Generation
Ilove you.
Translation Je vous aime. French: [X] English: [2] I fancy you.

Liu et al., Pre-train, Prompt, and Predict: A Systematic Survey of Prompting Methods in Natural Language Processing, arXiv:2107.13586, 2021
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Prompt-based Learning for Large-scale PLMs

Discrete Prompt

Tuning-free
Prompting

Fixed-prompt, LM
Tuning

Hand-crafted prompt:
GPT-3

Hand-crafted prompt
& Finetuning on
target dataset: T5, PET

Automated prompt:
AutoPrompt

Finetuning on
untargeted datasets:
instruction tuning

34/40

Prompt+LM Tuning

Dense Prompt

Fixed-LM, Prompt
Tuning

Lightweight finetuning:
Prefix-Tuning

For better The scale of PLMs is
performance: important:
P-Tuning PromptTuning

Better initialization for
dense prompt: PPT
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PromptTuning

—&— Model Tuning —m— Prompt Design
~®~ Model Tuning (Multi-task) ~ —x%— Prompt Tuning
100
R Pre-trained 1 . 90 x
Model Tuning Model 1 Prompt Tuning '/0/
(11B params) | 1 £ /./0
O 80 X
: Mixed-task Q -/x/
Task A Task A Model Batch 3 4 -
1 Q
o 10
Batch (11B params) : = 2 d%) / / i /./
v ¢ % ——u
I [(B] E 2 60 x/ -/
Task B Task B Model | 1 2 —
Batch (11B params) | | [€] e
I Task Prompts 50 -
| (20K params each) o Model parameters e
Task C Task C Model
Batch (11B params) | ! . )
| Figure 1: Standard model tuning of T5 achieves strong

performance, but requires storing separate copies of the
model for each end task. Our prompt tuning of T5
matches the quality of model tuning as size increases,
Lester et al., The Power of Scale for Parameter-Efficient Prompt Tuning, arXiv:2104.08691, 2021  while enabling the reuse of a single frozen model for
all tasks. Our approach significantly outperforms few-
shot prompt design using GPT-3. We show mean and
standard deviation across 3 runs for tuning methods.
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Instruction Tuning

(A) Pretrain-finetune (BERT, T5)
Pretrained |

LM task A

on Inference
on task A

 Typically requires many
task-specific examples

* One specialized model
for each task

(B) Prompting (GPT-3)

Improve performance 0

keep stack of pillow cases in fridge

ia few-shot prompting

or prompt engineering Inference
F on task A
(C) Instruction tuning (FLAN)

Inference
on task A

Model learns to perform Inference on

many tasks via natural unseen task
language instructions

Finetune on many tasks (“instruction-tuning”)

| Input (C i Inpu nslation)
Here is a goal: Get a cool sleep on Translate this sentence to
‘summer days. Spanish:
How would you accomplish this goal? | The new office building
OPTIONS: was built in less than three
-Keep stack of pillow cases in fridge.] = menths.
[-Keep stack of pillow cases in oven. | | Target

Target El nuevo edificio de oficinas
se construyo en fres meses.

P

{Coreference resolution tasks |
—_———

Sentiment analysis tasks \w

Inference on unseen task type

In, N. | Lan Inferen:

Premise: At my age you will probably
have learnt one lesson.

Hypothesis: It's not certain how many
' lessons you'll leam by your thirties.
Does the premise entail the hypothesis?
‘OPTIONS:
-yes ) (-itis not possible to tell | (-no |
FLAN Response
Itis not possible to tell |
,;

GPT-3 175B zero shot .GF'T-3 175B few-shot . FLAN 137B zero-shot

Performance
on unseen
task types

Natural language inference

Reading Comprehension

Closed-Book QA

Wei et al., Finetuned Language Models Are Zero-Shot Learners, arXiv:2109.01652, 2021 (Google)
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Thank you!
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Bring digital to every person, home and organization
for a fully connected, intelligent world.
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predictive statements including, without limitation,
statements regarding the future financial and
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technology, etc. There are a number of factors that
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