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Transformer A FERH MO 4555 (Encoder) FIfiR#DEE (Decoder) . FRITIX A< LH 4T
AEAEEMN A, Transformer HRELZ R =FE R 4578 (Encoder-Only) KiESHRE!. S (Decoder-
Only) KiIBESH#EE UK %f%FD (Encoder-Decoder) KiESHEE!,
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Transformer A FERH MO 4555 (Encoder) FIfiR#DEE (Decoder) . FRITIX A< LH 4T
AEAEEMN A, Transformer HRELZ R =FE R 4578 (Encoder-Only) KiESHRE!. S (Decoder-
Only) KiIBESH#EE UK %f%FD (Encoder-Decoder) KiESHEE!,

] 43 SR LK
DeBERTa XXLarge [[378] Enc 1.5B Microsoft
ALBERT [!33] Enc Base = 12M, Large = 18M, XLarge = 60M Google
RoBERTa [107] Enc 356M Meta /A IBl5 K2
& ST (7] Dec 1.8B. 7B. 14B. 72B A L P
LLaMa. [169] Dec 7B 65B MetaAl
GPT-3 [1L3] Dec 175B OpenAl
Switch Transformers [Jﬂ] Enc-Dec 1.6T Google
T5 [141] Enc-Dec 11B Google
GLM [43] Enc-Dec 130B Ny N
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B—ET 4%
bertForSequenceClassification

class

Linesr Trained from Input: single sentence
Classifier Scratch autput: tlass
Example:
4 Sentiment analysis (our
bt p f e
BERT=PFine-tune Document Classification
BR{EFS : SST-2, ColLA
[CI-S] W oW, W
sentence

PR ) F I RAES

bertForSequenceClassification

Class Input: two sentences, output: class
Example: Natural Language Inference
-um Given a “premise”, determining whether

a “hypothesis” is T/F/ unknown.

BERT ]

t t t t t t t
[CLS] wy w, [SEP]  Ww; W, Ws
Sentence 1 Sentence 2
B R4EFE ¢ MNLI, QQP, QNLI, STS-B, MRPC, RTE, SWAG

Token4y2&
bertForTokenClassification

class class class

It 1

Linear Linear Linear  |npyt: single sentence,
Cls Cls Cls output: class of each word

t t t
! t 1 1 Example: Slot filling

BERT )."lm ] m[‘ Nuvcinbc' i] Egﬁl\ﬁ\;:

i i i - rxheri other j‘mc time o . . o
o v w e cwmew W ARAL IR I XOARHERIE X S8
s B (@RS ARE Tk
B EES

bertForQuestionAnswering
Hioms] s Encoder-OnlyftRENUBARFR AZRS
I)i =8 (representation model) ,
t

dot product =p ﬁ
Il
t | t
BERT J

t t t t t t 1
[CLS] @ q; [SEP] d; d; d;
question document
B REFS : SQUAD v1.1, SQUAD 2.0

s=2,e=3
The answer is “d, d3".
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Published as a conference paper at ICLR 2020

ALBERT: A LITE BERT FOR SELF-SUPERVISED
LEARNING OF LANGUAGE REPRESENTATIONS

Zhenzhong Lan' Mingda Chen®*  Sebastian Goodman' Kevin Gimpel®
ALBERT*EE:/_\E& E?BERT*;E: Piyush Sharma' Radu Soricut’
F &R —E =S EIT)|
{lanzhzh, seabass, piyushsharma, rsoricut}@google .com
*ﬁﬁg’ Igﬁﬂg%m&ﬁiﬂﬂg%ﬁ% {mchen, kgimpel}@ttic.edu
*Dﬂ"ﬁﬁﬁ$o ABSTRACT

Increasing model size when pretraining natural language representations often re-
sults in improved performance on downstream tasks. However, at some point fur-
ther model increases become harder due to GPU/TPU memory limitations and
longer training times. To address these problems, we present two parameter-
reduction techniques to lower memory consumption and increase the training
speed of BERT (Devlin et al., 2019). Comprehensive empirical evidence shows
that our proposed methods lead to models that scale much better compared to
the original BERT. We also use a self-supervised loss that focuses on modeling
inter-sentence coherence, and show it consistently helps downstream tasks with
multi-sentence inputs. As a result, our best model establishes new state-of-the-art
results on the GLUE, RACE, and SQuAD benchmarks while having fewer param-

. : eters compared to BERT-large. The code and the pretrained models are available
httPS//aervorg/pdf/l 909 1 1 942 athttps://github.com/google-research/ALBERT.

Bm==E—— 1 — 2 . - . .
HRIES %m Google Research Toyota Technological Institute at Chicago
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(1) BRANSHEFSE

A=K HERBRTR |

0 Token embeddings WO Token embeddings
One-hot vector Context independent One-hot vector Context independent
.\} Wo Hidden-layer embeddings: ‘ | wWo Hidden-layer embeddings:
YN Context dependent ™N:) Context dependent
. % D WO
. N 4 : One-hot embedding projection . \ A One-hot embedding projection
. N 78 = .» X (_f;”“ y”
W1 v‘:':',. 3 \ . . w1 - \ : % . .
//\. P ) L Mest———T
N~ " Attention Almon
: O 1 ; w2
NG e W2
oA -
J w2

W2

=5 i SHUEEANBHO(V XH)BE HO(VXE +
B A tAToken Embedd ' % H e
@Te%?fﬁﬁ;;(/?\;ﬁlxrz eddingff ExH), H¥EZim/NFHERE, EBIFTSE
NS EERARRD
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(1) BRASHEFHHE: 53

class BertEmbeddings(nn.Module):

def __init__ (self, config):

super().__init_ ()
self.word_embeddings = nn.Embedding(
vocab_size=config.vocab_size,

embedding_dim=config.hidden_size
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(1) BRANSEHEFSRE: X85

class AlbertEmbeddings(nn.Module):
def __init__ (self, config):

super().__init_ ()

self.word_embeddings = nn.Embedding/(
vocab_size=config.vocab_size,
embedding_dim=config.embedding_size

self.word_embedding_projection = nn.Linear(
config.embedding_size,
config.hidden_size

@) mmesmmmnases

In mathematics, factorization
(...) or factoring consists of
writing a number or another
mathematical object as a product
of several factors, usually
smaller or simpler objects of the
same kind. For example, 3 x 5 1s
a factorization of the integer 15.
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(1) BRASHEFHHE: BlF

FXBERTHNEAIC R A/NARN A2, SHEA
20000%768 = 153677 = 15M,
RS HE=128iF R, SHEA
20000% 128 + 128x768=265.830475 = 2M+
KHEBEAR T 12MB BB P KN

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

Key Laboratory of Sichuan Province
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(2) BEESHRE

L1 L2 L12

Bert M E 12N BERNE, ERFG—ENSHEERMEM. B UE—1EE
BORESNI2R, RN—FEBIRNE#HTIIZ.
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(2) BESHH=

HE P AEEEER. AR NIENSHHEE, All-sharedSE £
REKX, ESWNEREHINRTE—ENTN, T2 NENSENIRE
SEEE AN =

Model Parameters | SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg

ALBERT all-shared . 3IM 88.6/81.5 79.2/76.6 82.0 90.6 63.3 708
base shared-attention 83M 89.9/82.7 80.0/77.2 84.0 914 67.7 81.6
E=768 shared-FFN 5T™M 89.2/82.1 78.2/75.4 81.5 90.8 62.6 79.5
not-shared 108M 90.4/83.2 80.4/77.6 84.5 92.8 68.2 82.3
ALBERT all-shared 12M 89.3/82.3 80.0/77.1 82.0 90.3 64.0 80.1
base shared-attention 64M 89.9/82.8 80.7/77.9 83.4 91.9 67.6 81.7
E=128 shared-FFN 38M 88.9/81.6 78.6/75.6 82.3 91.7 64.4 80.2
not-shared 8OM 89.9/82.8 80.3/77.3 83.2 91.5 67.9 81.6
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(3) SOP{¥$Z (SENTENCE ORDER PREDICTION )

ALBERTHIF T NSP/ES, M A T SOPIEE1E AT ES . NSPIER G

B BELE

e o mm mm mm mm mm mm Em o Em Em Em Em Em Em Em Em Em mm Em o Em Em Em Em Em Em Em Em Em Em Em Em Em Em Em Em Em mm Em Em Em mm Em Em Em mm Em Em Em Em Em Em Em Em Em Em Em mm Em Em Em Em Em Em Em Em Em Em Em Em Em Em

X rtopic predictionFlcoherence prediction,
sFcoherence (inter-sentence loss) .

N SREISSMTENIERTSE
i ]ul Financia ial Intelllg eeeeee d Fi nnnnnn ial Engineer ing
Key Laboratory of Sichuan Province

MmSOPNE =KX

SOP{E%%
IEBIFINSPES—2 (FITRAaTARERINFXRR) , ROINZMEHIE
FORFF
Intrinsic Tasks Downstream Tasks

SPtasks | MLM NSP SOP | SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg

None 54.9 524 533 88.6/81.5 78.1/75.3 81.5 89.9 61.7 79.0

NSP 54.5 90.5 52.0 88.4/81.5 77.2/74.6 81.6 91.1 62.3 79.2

| SOP 54.0 78.9  86.5 89.3/82.3 80.0/77.1 82.0 90.3 64.0 80.1

e o e e o -
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(4) ALBERT#ZEIVS BERT}=E!

Model Parameters SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup
base 108M 90.4/83.2  80.4/77.6 84.5 92.8 68.2 | 82.3 4.7x
BERT large 334M 92.2/85.5 85.0/82.2 86.6 93.0 739 | 85.2 1.0
base 12M 89.3/82.3 80.0/77.1 81.6 90.3 64.0 | 80.1 5.6x
ALBERT large 18M 90.6/83.9  82.3/79.4 83.5 91.7 68.5 | 82.4 1.7x
xlarge 60M 92.5/86.1 86.1/83.1 86.4 924 74.8 | 85.5 0.6x
xxlarge 235M 94.1/88.3  88.1/85.1 88.0 95.2 82.3 | 88.7 0.3x

X BERT-large Y&, Bert-basefyiTE & E 44.715, ALBERT-base 45.64Z,
Albertfy 1+ E R EXS LEBert HLIFREBEZ RIRFA, EHTREL THSHHNE, ESHIE
R RE =4 —ERIR M .
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RoBERTa: A Robustly Optimized BERT Pretraining Approach

Yinhan Liu® Myle Ott*
Dangi Chen’ Omer Levy’

Naman Goyal*®
Mike Lewis®

Jingfei Du*  Mandar Joshi’
Luke Zettlemoyer'® Veselin Stoyanov®

T Paul G. Allen School of Computer Science & Engineering,
University of Washington, Seattle, WA
{mandar90, 1sz}@cs.washington.edu
¥ Facebook Al
{yinhanliu, myleott, naman, jingfeidu,
dangi,omerlevy,mikelewis, lsz, Ves}@ fb.com

Abstract

Language model pretraining has led to sig-
nificant performance gains but careful com-
parison between different approaches is chal-
lenging. Training is computationally expen-
sive, often done on private datasets of different
sizes, and, as we will show, hyperparameter
choices have significant impact on the final re-
sults. We present a replication study of BERT
pretraining (Devlin et al., 2019) that carefully
measures the impact of many key hyperparam-
eters and training data size. We find that BERT
was significantly undertrained, and can match
or exceed the performance of every model
published after it. Our best model achieves
state-of-the-art results on GLUE, RACE and
SQuAD. These results highlight the impor-
tance of previously overlooked design choices,
and raise questions about the source of re-
cently reported improvements. We release our

e e T

We present a replication study of BERT pre-
training (Devlin et al., 2019), which includes a
careful evaluation of the effects of hyperparmeter
tuning and training set size. We find that BERT
was significantly undertrained and propose an im-
proved recipe for training BERT models, which
we call RoBERTa, that can match or exceed the
performance of all of the post-BERT methods.
Our modifications are simple, they include: (1)
training the model longer, with bigger batches,
over more data: (2) removing the next sentence
prediction objective; (3) training on longer se-
quences; and (4) dynamically changing the mask-
ing pattern applied to the training data. We also
collect a large new dataset (CC-NEWS) of compa-
rable size to other privately used datasets, to better
control for training set size effects.

When controlling for training data, our im-
proved training procedure improves upon the pub-

Make BERT Great Again!

We present a replication study of BERT
pretraining that carefully measures the
impact of many key hyperparameters and
training data size.

https://arxiv.org/abs/1907.11692
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NSPES T FIRFMAAEN 975 B 2%
— *gB}%NSPGE% FEN TR MR XEEET

. BRIAIIISEIRE B S0, R TMasking,
S R i Mask i B AR R A A

SEINHEE /)N

RoBERTa

m EXIZREE]

o F) Abytesk & subword® funicode=fF, o] IXFH—
— A ERSE T ARAKE (50Kunit) HFERIHER AT
B AREOCREFENEI
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RoBERTat&ZBYVS BERTEEY
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SQuAD

Model data  bsz steps (v1.1/2.0) MNLI-m SST-2
RoBERTa

with BOOKS + WIKI 16GB 8K 100K 93.6/87.3 89.0 95.3

+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 95.6

+ pretrain longer 160GB 8K 300K 94.4/88.7 90.0 96.1

+ pretrain even longer 160GB 8K 500K 94.6/89.4 90.2 96.4
BERT | arce

with BOOKS + WIKI 13GB 256 IM  90.9/81.8 86.6 93.7
XLNet; srge

with BOOKS + WIKI 13GB 256 IM  94.0/87.8 88.4 94.4

+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6
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~ Hugging Face

Hugging Face is way more fun with friends and colleagues! &

Datasets Licenses  Other

Libraries

Languages

Multimodal
2 Image-Text-to-Text ~ [@ Visual Question Answering
Video-Text-to-Text

E5  Document Question Answering  [&

Any-to-Any

Computer Vision
Depth Estimation Image Classification
Object Detection Image Segmentation

Text-to-lmage [ Imageto-Text B

Image-to-Image

¢ Models

Join an organization

Models 31.41: bert

fe

fe

£°4

google-bert/bert-base-uncased

google-bert/bert-base-multilingual-cased

dslim/bert-base-NER

Mofa-Xingche/girl-style-bert-vits2-JPExtra-models

https://huggingface.co/models?sort=trending

Spaces - Hugging Face

THERSEMIENgESE=E
Financial Intelligence and Financial Engineering
Key Laboratory of Sichuan Province

Datasets « Solutions  Pricing = @

Spaces Posts Docs

Dismiss this message

Full-text search T Sort: Trending

£ google-bert/bert-base-chinese

£ google-bert/bert-base-cased

facebook/w2v-bert-2.0

® ayousanz/style-bert-vits2-pretrained-model-ver2


https://huggingface.co/models?sort=trending
https://huggingface.co/spaces?sort=trending&search=bert
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Decoder-Only Architecture

[ Token Output J
N\
Decoder Block ]
Decoder Block ]
[ Feed Forward Neural Network
[ Masked Self-Attention ] I
Token Input ]

fRE

—~0\ SRESSMTEN)|EESTRE
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Y (generative model) ,
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Generating Autoregressive Output

Time Step #1 Time Step #2 Time Step #3
sat | down | | <EOS> |
4 E
43 ™ Y
Decoder-Only Decoder-Only Decoder-Only
Architecture Architecture Architecture
A 4 4
) i I ) ) 'y i .
|
| the | dog | .. | .. | .. | ‘| the | adog | sat | .. | .. | | the | dog | sat | down | |

Final Generated Output

the dog

down <

RO IR AR LT XER, XKABREFE T NE T 4 B 75
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Improving Language Understanding
by Generative Pre-Training

OpenAl OpenAl OpenAl OpenAl

Abstract

Natural language understanding comprises a wide range of diverse tasks such
as textual entailment, question answering, semantic similarity assessment, and
document classification. Although large unlabeled text corpora are abundant,
labeled data for learning these specific tasks is scarce, making it challenging for
discriminatively trained models to perform adequately. We demonstrate that large
gains on these tasks can be realized by generative pre-training of a language model
on a diverse corpus of unlabeled text, followed by discriminative fine-tuning on each
specific task. In contrast to previous approaches, we make use of task-aware input
transformations during fine-tuning to achieve effective transfer while requiring
minimal changes to the model architecture. We demonstrate the effectiveness of

Our general task-agnostic model outperforms discriminatively trained models that
use architectures specifically crafted for each task, significantly improving upon the
state of the art in 9 out of the 12 tasks studied. For instance, we achieve absolute
improvements of 8.9% on commonsense reasoning (Stories Cloze Test), 5.7% on
question answering (RACE), and 1.5% on textual entailment (MultiNLI).

Alec Radford Karthik Narasimhan Tim Salimans Ilya Sutskever

alec@openai.com karthikn@openai.com tim@openai.com ilyasu@openai.com

our approach on a wide range of benchmarks for natural language understanding.

EHEESEMIEN/ISERLE=E
“) Financial Intelligence and Financial Engineering
Key Laboratory of Sichuan Province

GPT-189ZE#J 5 12 = TransformerZH f} , J=EASEd
A7TBEIFRNAAEIIREEMNE, GPT-11y <%
it E£RAMIIEL (TEE) +HNRESE
i (FEE) . GPT-IEXAKRAERMERTS L
ML TIRTFHIMRE, AT ENRILHAMNBAR
BEAERE Z —,

Text Task - =
Classification I Start | Text | Extract |:|—-{ Transformer |—>| Linear I

R .
Entailment | Start | Premise | Delim | Hypothesis I Extract H——{ Transformer |—>| Linear |
A . — R
Feed Forward | Start | Text 1 | Delim | Text 2 I Extract I}—{ Transformer
Similarity Linear
12x | Start | Text 2 | Delim | Text 1 I Extract [I—»{ Transformer
P | Start I Context | Delim | Answer 1 I Extract [l—»{ Transformer H Linear
Self Attention
Multiple Choice I Start | Context I Delim | Answer 2 I Extract I}.‘ Transformer H Linear

Text & Position Embed | Start | Context | Delim | Answer N IEX"aCt |:|——| Transformer |——| Linear
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Language Models are Unsupervised Multitask Learners

Alec Radford "' Jeffrey Wu " ! Rewon Child' David Luan' Dario Amodei ' Tlya Sutskever = !

Abstract

Natural language processing tasks, such as ques-
tion answering, machine translation, reading com-
prehension, and summarization, are typically
approached with supervised learning on task-
specific datasets. We demonstrate that language
models begin to learn these tasks without any ex-
plicit supervision when trained on a new dataset
of millions of webpages called WebText. When
conditioned on a document plus questions, the an-
swers generated by the language model reach 55
F1 on the CoQA dataset - matching or exceeding
the performance of 3 out of 4 baseline systems
without using the 127,000+ training examples.
The capacity of the language model is essential
to the success of zero-shot task transfer and in-
creasing it improves performance in a log-linear
fashion across tasks. Our largest model, GPT-2,
is a 1.5B parameter Transformer that achieves
state of the art results on 7 out of 8 tested lan-
guage modeling datasets in a zero-shot setting
but still underfits WebText. Samples from the
model reflect these improvements and contain co-
herent paragraphs of text. These findings suggest
a promising path towards building language pro-
cessing systems which learn to perform tasks from
their naturally occurring demonstrations.

competent generalists. We would like to move towards more
general systems which can perform many tasks — eventually
without the need to manually create and label a training
dataset for each one.

The dominant approach to creating ML systems is to col-
lect a dataset of training examples demonstrating correct
behavior for a desired task, train a system to imitate these
behaviors, and then test its performance on independent
and identically distributed (IID) held-out examples. This
has served well to make progress on narrow experts. But
the often erratic behavior of captioning models (Lake et al.,
2017), reading comprehension systems (Jia & Liang, 2017),
and image classifiers (Alcorn et al., 2018) on the diversity
and variety of possible inputs highlights some of the short-
comings of this approach.

Our suspicion is that the prevalence of single task training
on single domain datasets is a major contributor to the lack
of generalization observed in current systems. Progress
towards robust systems with current architectures is likely
to require training and measuring performance on a wide
range of domains and tasks. Recently, several benchmarks
have been proposed such as GLUE (Wang et al., 2018) and
decaNLP (McCann et al., 2018) to begin studying this.

Multitask learning (Caruana, 1997) is a promising frame-
work for improving general performance. However, mul-
titask training in NLP is still nascent. Recent work re-
ports modest performance improvements (Yogatama et al.,
2019) and the two most ambitious efforts to date have
trainedonatotal of 10 and 17 (dataset, objective)
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“) Financial Intelligence and Financial Engineering
Key Laboratory of Sichuan Province

I

LiZbBE: SRANIEEBKBIINGHIEERBES
i, RETTMERBITIESREFIERHME LREF
£5%, MEAFE NHFESRHITHIA,

2.8 @ TransformerE =, GPT-24k 25 FH 7 GPT-18 & [g]
Transformer 0831810, EBITIBMNE LML SEFE
RAEREIEERRZFAREMEEE,

3.BREAS¥S (Zero-shot) | GPT-21EH T BREARZ S 1M
=, IR RREREEN AT ZM TN REST
EFEH XN EESH TN HIE.

4 ZEFFEIER. BEY KSEEEM L EEMIIZ,
GPT2RE T —MHFMNZEFTFIER, ERRSEERN
BAMMRENE, BOXNSEESHIBNARE.
https://cdn.openai.com/better-language-

models/language models are unsupervised multi
task learners.pdf
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Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray
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Benjamin Chess Jack Clark Christopher Berner
Do A — [ = 5 Sam McCandlish Alec Radford Ilya Sutskever Dario Amodei
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a few examples or from simple instructions — something which current NLP systems still largely SSSESCE
struggle to do. Here we show that scaling up language models greatly improves task-agnostic, We demonstrate that scaling up language models greatly improves task-agnostic,
o o o, o . few-shot performance, sometimes even becoming competitive with prior state-of-
few-shot performance, sometimes even reaching competitiveness with prior state-of-the-art fine- the-art fine-tuning approaches. Specifically. we train GPT-3, an autoregressive
. . . . . 11 language model with 175 billion parameters, 10x more than any previous non-
tuning approaches. Specifically, we train GPT-3, an autoregressive language model with 175 billion sparse language model, and test its performance in the few-shot setting. For all

tasks, GPT-3 is applied without any gradient updates or fine-tuning, with tasks
and few-shot demonstrations specified purely via text interaction with the model.

parameters, 10x more than any previous non-sparse language model, and test its performance in R e Ml g e ey N el g )

the few-shot setting. For all tasks, GPT-3 is applied without any gradient updates or fine-tuning, 3's few-shot learning still struggles, as well as some datasets where GPT-3 faces
. . . . B . . methodological issues related to training on large web corpora.

with tasks and few-shot demonstrations specified purely via text interaction with the model. GPT-3

achieves strong performance on many NLP datasets, including translation, question-answering, and T

NLP has shifted from learning task-specific representations and designing task-specific architectures
to using task-agnostic pre-training and task-agnostic architectures. This shift has led to substantial
progress on many challenging NLP tasks such as reading comprehension, question answering, textual
entailment, among others. Even though the architecture and initial representations are now task-

h tt pS //a rX|V O rq/p d f/2 OO 5 ) 14 1 6 5 ugnofl?c. a final task-specific slcP rcmuir-\s: fine-tuning on a large dataset of examples to adapt a task

agnostic model to perform a desired task.
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Aggregate Performance Across Benchmarks Zero-shot One-shot Few-shot
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Training language models to follow instructions  GPT-3.55: 25 FInstruct GPTYII 5, Hze
with human feedback MAGPT-3—F ., ERChatGPTHIRHIIIRA .

are untruthful, toxic, or simply not helpful to the user. In other words, these
models are not aligned with their users. In this paper, we show an avenue for
aligning language models with user intent on a wide range of tasks by fine-tuning
with human feedback. Starting with a set of labeler-written prompts and prompts
submitted through the OpenAl API, we collect a dataset of labeler demonstrations
of the desired model behavior, which we use to fine-tune GPT-3 using supervised
learning. We then collect a dataset of rankings of model outputs, which we use to
further fine-tune this supervised model using reinforcement learning from human
feedback. We call the resulting models InstructGPT. In human evaluations on
our prompt distribution, outputs from the 1.3B parameter InstructGPT model are

Long Ouyang* Jeff Wa*  Xu Jiang*
Pamela Mishkin®* Chong Zhang Sandh
John Schulman Jacob Hilton Fraser
Amanda Askell Peter We
Jan Leike*

OpenAl

i PR ERLHF: Deep Reinforcement Learning from Human
https://arxiv.org/abs/2203.02155 Preferences, https://arxiv.org/pdf/1706.03741
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AN SIE SKEAD? FEEREEEMIENSIEN,

GPT-4{38Y

G PT_ 4 | Op en Al o, MRS, IXERTLUMRER—SKE A RBSNER.

GPT-4 can accept images as

— /=]
inputs and generate Input BB
captions, classifications, and

analyses.

LLM Playground

What can | make with these ingredients?

© (FELXRABEOEHIETARNGSREE N MICEERE. Fk, REAE— S5

B FALRIMHT IS TR MEXEKER A !

Hith

Output

There are many options for what you can make with
these ingredients! Some possibilities include:

- Pancakes or waffles
- Crepes

- French toast

- Omelette or frittata 1
- Quiche

- Custard or pudding XEE—RIEE PENEEENTSR, HERERXNFHRBHIENNGS! NREHIHb
- Cake or cupcakes JEEEEE . RERTEE

- Muffins or bread- Cookies or biscuits

¥
These are just a few examples, but the possibilities are OO P
endless!

0 % ChatGPT EiEsa 0


https://openai.com/index/gpt-4/
https://llmplayground.net/?utm_source=toolify
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llama

noun [C]

LLaMA (Large Language Model Meta
Al) 2 Meta Al fEHFE SN
HXESERE, CREANMARIER
HORRAS: 7B. 13B. 33B #0658,

LLaMA NEERRETHIIEZ
TEETAHHIES, MEERRS
ROy SN S [N

R

UKY) /'lama/ us¥) /la.ma/

Add to word list =

a large South American animal with a long neck and long hair, often
kept for its meat, milk, or fur and to carry heavy loads

EMBE (ERmE)

G8Y: LLaMAfSEY
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https://arxiv.org/abs/2302.13971

LLaMA: Open and Efficient Foundation Language Models

Hugo Touvron; Thibaut Lavril] Gautier Izacard; Xavier Martinet
Marie-Anne Lachaux, Timothee Lacroix, Baptiste Roziére, Naman Goyal
Eric Hambro, Faisal Azhar, Aurelien Rodriguez, Armand Joulin
Edouard Grave; Guillaume Lample”

Meta Al

Abstract

We introduce LLaMA, a collection of founda-
tion language models ranging from 7B to 65B
parameters. We train our models on trillions
of tokens, and show that it is possible to train
state-of-the-art models using publicly avail-
able datasets exclusively, without resorting
to proprietary and inaccessible datasets. In
particular, LLaMA-13B outperforms GPT-3
(175B) on most benchmarks, and LLaMA-
65B is competitive with the best models,
Chinchilla-70B and PaLM-540B. We release
all our models to the research community'.

1 Introduction

Large Languages Models (LLMs) trained on mas-
sive corpora of texts have shown their ability to per-
form new tasks from textual instructions or from a
few examples (Brown et al., 2020). These few-shot
properties first appeared when scaling models to a
sufficient size (Kaplan et al., 2020), resulting in a

a ~ e s i

performance, a smaller one trained longer will
ultimately be cheaper at inference. For instance,
although Hoffmann et al. (2022) recommends
training a 10B model on 200B tokens, we find
that the performance of a 7B model continues to
improve even after 1T tokens.

The focus of this work is to train a series of
language models that achieve the best possible per-
formance at various inference budgets, by training
on more tokens than what is typically used. The
resulting models, called LLaMA, ranges from 7B
to 65B parameters with competitive performance
compared to the best existing LLMs. For instance,
LLaMA-13B outperforms GPT-3 on most bench-
marks, despite being 10x smaller. We believe that
this model will help democratize the access and
study of LLMs, since it can be run on a single GPU.
At the higher-end of the scale, our 65B-parameter
model is also competitive with the best large lan-
guage models such as Chinchilla or PALM-540B.
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QK'

Attention(Q, K, V) = softmax | —— | V

Vi

ZIRBMANBMEFIKERZE n, £EZ Jd.

SFRNNEEH, HEEEENEZERY Y, n MESEIEH

SERER0Md?);, TEIFTT!

YNFBEEE AL, Q. KFMVEER™?, RELEFER
0(n*d); BEWZFF1T

Transformers are RNNs:
Fast Autoregressive Transformers with Linear Attention

FAT?BE& BUE HM91E 7 JR 4R Transformer iREV Y B
SFREANG, SINT ETFIZREAVIFAERE

https://arxiv.org/abs/2006.16236

”

Angelos Katharopoulos ' 2

Abstract

Transformers achieve remarkable performance in
several tasks but due to their quadratic complex-
ity, with respect to the input’s length, they are
prohibitively slow for very long sequences. To ad-
dress this limitation, we express the self-attention
as a linear dot-product of kernel feature maps and
make use of the associativity property of matrix
products to reduce the complexity from O (N?)
to O (N), where N is the sequence length. We
show that this formulation permits an iterative
implementation that dramatically accelerates au-
toregressive transformers and reveals their rela-
tionship to recurrent neural networks. Our lin-
ear transformers achieve similar performance to
vanilla transformers and they are up to 4000x
faster on autoregressive prediction of very long
sequences.

Apooryv Vyas ! 2

Nikolaos Pappas® Francois Fleuret>*”

by the global receptive field of self-attention, which pro-
cesses contexts of NV inputs with a quadratic memory and
time complexity O (N?). As a result, in practice trans-
formers are slow to train and their context is /imited. This
disrupts temporal coherence and hinders the capturing of
long-term dependencies. Dai et al. (2019) addressed the lat-
ter by attending to memories from previous contexts albeit
at the expense of computational efficiency.

Lately, researchers shifted their attention to approaches that
increase the context length without sacrificing efficiency.
Towards this end, Child et al. (2019) introduced sparse
factorizations of the attention matrix to reduce the self-
attention complexity to O Z Nv/N ). Kitaev et al. (2020) fur-

ther reduced the complexity to O (N log V) using locality-
sensitive hashing. This made scaling to long sequences
possible. Even though the aforementioned models can be
efficiently trained on large sequences, they do not speed-up
autoregressive inference.
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EX 1.6 (REH) A REMAZR (BREKZM R FHEREHES), X
WHAREZ N (FRERZERED, MRFEE-INX 3 H Bkgt

P(x):X ->H (7.65)
ERXE x,ze X, R K(x,z) R KM
K(x,z)=¢(x)-9(2) (7.66)

R K (x,2) R, o(x) ABRHREL, K o(x).0(2) K o(x) T o(2) IR




—~0\ SRESSMTEN)|EESTRE

§ Fi nnnnnn ial Intelllg eeeeee d Fi nnnnnn ial Engineering
Key Laboratory of Sichuan Province

m2. JE Transformer BI{EBYZEF

2.1 FAT {28
Aﬁgmx M IETAYsim (T E X AttentionpR 21) . X BEIEMTHE AR
sz N IR+
1£4%; Transformer PR EE= S FATSE 2 %

-
V' = softmax (QK ) V. | N -

L Q)Y o(K)T

lFﬁT?FTT\iEEi‘%m%EBEE’J% 7 I I
v Z;\;lsim(Qi,Kj)Vj Vi E;—l ?(Q:)o(K;)TV;
L Tasim(@Qi K;) L L d(Q)(K)T
QKT BT | , )
sim(Q;, K;) = exp 7D S EEEEE———— sim(Q;, K;) = ¢(Q:)o(K;)

¢(x) = ELU(xz) + 1 exponential linear unit



m2. JE Transformer BI{EBYZEF
2.1 FAT {&8Y: ELU

x, ifx >0
ax* (exp(x) —1), ifz<0

ELU(alpha=1.0)

ELU(x) = {

6_.
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m2. JE Transformer BJIEELEEHY
2.1 FAT &8

RS |, ey AR (6.4) i N B4 aiiEoc (55 @ 1),
IR

. 22:1 sim(Q;, K;)V;
N Z;zlsim(Qi,Kj)
AT PAKF AT E ) sim() sRECHE A, 1538 2000
V= HQ) ;-1 0K))V; (6.11)
Q(Qz) Z;:l C.D(Kj)T
AT R AL, FIAPDNHRAS S M Z;, ENFRE 05T :

(6.10)

)

Si=> o(K;)"V, (6.12)
j=1
Z; =) oK' (6.13)
j=1
PEA S, S: Ml Z; nJPAG RGEIIEL, W
S: = o6(K:)' Vi 4 Sy BEFEREK, 9

| —>

Z; = oK) + Bi [HESRE




LR _ —

\V\ ERERSEMTENIIEERXEE
‘] Financial Intelligence and Financial Engineering
) Key Laboratory of Sichuan Province

m2. JE Transformer BJIEELEEHY
2.2 AFT &8 itEs2EHoN)

£4; Transformer FEEE N AFTHRER
, =1 exp (K +wi ;) OV,
v/ — Zjll sim(Q;, K;)V; | Vi=olQ)e ZZI;:l C}((P (K; + ui—,j)
* Z;Ll sim(Q;, K;)
w R HE BB /
FATSE R AL v “ X [ ( h poH ]
o Q) T oK)V, = ( i) "3 ,- .
L Qi) X ¢(K)T | > exp ( N gn )
=1 L L]
K;j | wi,

https://arxiv.org/abs/2105.14103  An Attention Free Transformer
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m2. JE Transformer BI{EBYZEF
2.3 RWKYV {55!

RWKYV: Reinventing RNNs for the Transformer Era

Bo Peng'?* Eric Alcaide**** Quentin Anthony*®*

Alon Albalak®® Samuel Arcadinho®’ Stella Biderman®® Huangi Cao’ Xin Cheng'®
Michael Chung'' Xingjian Du' Matteo Grella'? Kranthi Kiran GV*'* Xuzheng He?
Haowen Hou Jiaju Lin' Przemystaw Kazienko's Jan Kocoi's Jiaming Kong'®
Bartlomiej Koptyra'® Hayden Lau? Krishna Sri Ipsit Mantri'” Ferdinand Mom'*"?
Atsushi Saito*** Guangyu Song?' Xiangru Tang??* Bolun Wang* Johan S. Wind*
Stanistaw Wozniak'® Ruichong Zhang® Zhenyuan Zhang? Qihang Zhao>-¢
Peng Zhou® Qinghua Zhou® Jian Zhu?’ Rui-Jie Zhu*%

'Generative AI Commons “EleutherAl *U. of Barcelona *Charm Therapeutics *Ohio State U. ®U. of C.. Santa Barbara

2023 I, PiEYRH T —FHETAVIEE
Zo#JReceptance Weighted Key Value
(RWKV) , RWKVAEZEI M FAT 1 HY ch{&
ETHHCBEERNIGHNEREE
T RNN F1 Transformer By {E4F 4,

"Zendesk *Booz Allen Hamilton *Tsinghua University “Peking University '' Storyteller.io '*Crisis24 "*New York U.
"“National U. of Singapore "*Wroclaw U. of Science and Technology '*Databaker Technology '"Purdue U. '*Criteo Al Lab
"Epita *'Nextremer *'Moves **Yale U. **RuoxinTech **U. of Oslo **U. of Science and Technology of China

“Kuaishou Technology *"U. of British Columbia **U. of C., Santa Cruz **U. of Electronic Science and Technology of China

https://arxiv.org/abs/2305.13048

HER—BNIATFLRE, ELTEERFYER, RWKVERMRTT, Bk, BIRARIZG SMWHZE—ATH,

Abstract

Transformers have revolutionized almost all
natural language processing (NLP) tasks but
suffer from memory and computational com-
plexity that scales quadratically with sequence
length. In contrast, recurrent neural networks
(RNNs5s) exhibit linear scaling in memory and
computational requirements but struggle to
match the same performance as Transformers
due to limitations in parallelization and scala-
bility. We propose a novel model architecture,
Receptance Weighted Key Value (RWKYV), that
combines the efficient parallelizable training
of transformers with the efficient inference of
RNN«<

processing tasks such as natural language under-
standing, conversational Al, time-series analysis,
and indirectly sequential formats like images and
graphs (Brown et al., 2020; Ismail Fawaz et al.,
2019; Wu et al., 2020; Albalak et al., 2022). Pre-
dominant among these techniques include RNNs
and Transformers (Vaswani et al., 2017), each with
specific benefits and drawbacks. RNNs require less
memory, particularly for handling long sequences.
However, they suffer from the vanishing gradient
problem and non-parallelizability in the time di-
mension during training, limiting their scalability
(Hochreiter, 1998:; Le and Zuidema, 2016).
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2.3 RWKYV &8y

R:

.W'

.K'
V:

Receptance, 1EAd X EENEXEENEREE

Weight, fENEREEZE, o IZGHNEESE

B(Key) @KU TEEEFENT KW @E m O T D
E(Value)ZXUTEgGFENIF VHNEE l R - i

LM Head | LM Head LM Head |

E Chann‘eIer/y Channel Mix Channel M|x
P Y ./’- "N\ TN E i Ke“ %
:\ Oy | [ 0 ':' |./°u l;‘ ' e 1o

S“\ s\\\ .

Unfold \_T_‘: \,_‘_;- \‘T;_ :  Layer Norm | _ Layer Norm | Layer Norm |
—J J J
— . - -
U tu t o
X4 (%) (s
' Layer Norm ot : Layer Norm | ot ' | . Layer Norm
RNN s I s = I {

Layer Norm Layer Norm | Layer Norm

& o oo

RWKYV
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A
Output Probabiles %>
§ g Softmax | Channel
= Mixing |—’®'—|
=
e ] (v
5 ( LayerNorm | . [ ‘ ‘
- . R' K'
K L ) |
V "
m
| Channel | —
Mixing LayerNorm |
b A g
‘ LayerNorm | {)
Ti P S
D Ming | O |
Time Mixing ‘ N
o WKV
\ . S 2
 LayerNorm ‘ ‘ R ‘ K ’ Vv ‘
—] 1 4 )
PR — T
LayerNorm | m
LayerNorm ‘
Embedding . = )

B 6.2: Zefill: RWKV BRI NS5 A fll: RWKV kg5,
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ik

Wi (4

o(R;

18

R, =W, (u, ©x; +
K =

O, =

SRR

(1 - l‘,r) ® Ti—1)
zi + (1 — ) © ziq)

) ® (W! © max(K!,0)%)

HERS

R; =W, (pr © i +

=R

(1—pr) ® i)

K, =Wi(pr ©x; + (1 — pg) © xi-1)

V.=W,(p, ®x; + (1

E;;ll exp(—(i—1—jlw+k;)®

- ;U'v) @ :Ei—l)

v; +exp(u+ ki) ®

© v,

wkv, =

O,

Sovexp (—(i— 1= j)wy,) +exp (u+ k;)

=W, - (6(V;) ® wkv;)
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LayerNorm (X + MultiHead Attention(X))

TENHERAN, X #IRGTEL(X; — 1) /o

Vs

%

~(Add & Nom )

Multi-Head
Attention

At

. J

Mean Std
11.63]11.05[8.29[9.44[7.06[8.86| 928 17157
11.87| 9.45 [7.28]8.46(6.89(8.25| [gs6 | 164
11.75]10.94| 7.6 | 9.1 |6.64|9.24 9.04 | 1.76
10.34| 9.51 |7.51|7.47|5.74|7.46| [785 | 151
106 | 9.71 |7.91]8.16(6.39(8.08| [837 | 1.35
10.41|10.68 | 8.05]9.23|6.99 | 8.81 8.93 1.28
value — mean 11.63 — 9.26
std + error 1.57 + 0.0001
1.51 1.14 -0.62 | 0.11 -1.4 -0.25
2.02 0.54 -0.78 | -0.06 -1.02 -0.19
1.54 1.08 -0.82 | 0.03 -1.36 0.11
1.64 1.09 -0.23 | -0.26 -14 -0.26
1.65 0.99 -0.34 | -0.16 -1.47 -0.21
1.16 1.37 -0.69 | 0.23 -1.52 -0.09

==

=
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RMSNorm/3—4k

¢ HHEISR

* B (VRAFINER)
y=rXx



=tatpels N SREESSMIENIHESTRE
. *Eﬂgﬂw EE% & E———
3.2 ElimEES
JRIBHRA{#E FAReLU (Rectified Linear Unit)

ReLU(z) = (z)* = max(0, x)

ReLU()

Output
o
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WMELLMIiZ{#ERGeLU ( Gaussian Error Linear Units )

GELU(approximate="'none')

GELU(z) = z * ®(x)

where ® () is the Cumulative Distribution Function for Gaussian Distribution.

epr2confic  GPT-1F]GPT-2{&

B9Z2GelLU

» class transformers.GPT2Config <source>

( vocab_size = 50257, n_positions = 1024, n_embd = 768, n_layer = 12,
n_head = 12, n_inner = None, _:Eunction = 'gelu_new', resid_pdrop
= 0.1, embd_pdrop = 0.1, attn_pdrop = 0.1, layer_norm_epsilon = 1e-05,

initializer_range = 0.02, summary_type = 'cls_index', summary_use_proj =
True, summary_activation = None, summary_proj_to_labels = True,
summary_first_dropout = 0.1, scale_attn_weights = True, use_cache = True,
bos_token_id = 50256, eos_token_id = 50256,
scale_attn_by_inverse_layer_idx = False, reorder_and_upcast_attn = False,
*xkwargs )
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3.2 BUEEREN: GLU

GLU (Gated Linear Unit)

BEHELHIGLUNE

GLU(X, y) = x © o(y)
xFy kBRI, SN EZ%ETHR

Sigmoid Function

1.0 1

0.8 class GLULayer(nn.Module):
def __init__(self, input_dim, output_dim):
0.6 super().__init__QO

self.linear = nn.Linear(input_dim, output_dim * 2)

0.4 1

def forward(self, x):
021 X, y = self.linear(x).chunk(2, dim=-1)

return x * torch.sigmoid(y)
0.0 A

-10.0 -7.5 -5.0 -2.5 0.0 2.5 5.0 7.5 10.0

https://arxiv.org/pdf/1612.08083
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3.2 iBliGEREN: SwiGLU SR EAHISWIGLUKE

* Swish BUBREIE : f(x) = x * sigmoid(Bx)
« GLU(x, y) = x * sigmoid(y) T sigmod(xW + c) » (xV + ¢)

SwiGLU(z, W, V, b, c, B) = Swishg(zW +b) ® (zV + ¢)
Pre-normalization [GPT3]. To improve the
rh HE : training stability, we normalize the input of each
Llama 1§ - EIIJM:SWIG LU transformer sub-layer, instead of normalizing the

output. We use the RMSNorm normalizing func-
tion, introduced by Zhang and Sennrich (2019).

SwiGLU activation function [PaLM]. We re-
place the ReLU non-linearity by the SwiGLU ac-
tivation function, introduced by Shazeer (2020) to
https://arxiv.org/pdf/1710.05941v1 improve the performance. We use a dimension of

https://arxiv.org/pdf/2002.05202 24d instead of 4d as in PaLM.
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3.2 BliEGEE: SwiGLU PSS %HISWIGLURE

* Swish BUBREIE : f(x) = x * sigmoid(Bx)
« GLU(x, y) = x * sigmoid(y) T sigmod(xW + c) » (xV + ¢)

SwiGLU(z, W, V, b, c, B) = Swishg(zW +b) ® (zV + ¢)

class SwiGLULayer(nn.Module):
def __init__(self, input_dim, output_dim, beta=1.0):
super().__init__QO
self.linear = nn.Linear(input_dim, output_dim * 2)
self.beta = beta

forward(self, input):
X, y = self.linear(input).chunk(2, dim=-1)
return x * (y * torch.sigmoid(self.beta * y))
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, POS
PE(gorat = s ({05074

POS
Flipos 2i+1) = cos (100002i/d)

“We chose this function because we hypothesized it would allow the model to easily

learn to attend by relative positions, since for any fixed offset k, PEp03+k can be

represented as a linear function of PEpos.”

https://blog.timodenk.com/linear-relationships-in-the-
transformers-positional-encoding/
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m3. KIRBISRYEL &
3.3 hiEsE (U B RES

BRI EREBHFRN T ERIRES hEEE(I B R (Rotary Positional Embeddings)

1. BRZEIESE: BV ERBATMESE—TEXAE

TEHE, XEWETICHAFNASIESW, BEEN 7' cosh —sinb iy

IR BIARITIE AT, XA AR TeRE TR R —

RIBASERNAS, EANESMEFISIRS, (B2 Er y’ sin ¢ cos Y

X RABEAME F TN ARRTE L. - = — - -

b B ZENdS 5 AE : 2NN B I AEER \ . 8 S
2. QB IEES R RFIREE R . BT eI I B IREN LB S e 8 O S B

EEt, CIEMEKESR T £ a St Rt A B
AR R, HERFIKERLI, ERTESHIARSRE B E R
~IE FRmSER, AEREKIEES . XENEEAES 1. [FERMEMEMNREREEEAEEA

el L S NS N 2 MIRESTEBRBEXR, REVRRKELHMLEXR

BIREUREIS IR REANA BIKEE R L T UER.

3. 1B VEAN FIIBEE RSN LT XHIIER

https://arxiv.org/pdf/2104.09864
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m3. KIRBIREHECE

Post-Layer
Normalization
Pre-Layer N \
Normalization
Sandwich-Layer
Normalization
RMSNorm \
SwiGLU
Rotary Positional \
Embeddings
WIEEIAE y v J v
M TERE DAL v N J
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FEE F Transformer ZEMAVIRENARIE Transformer AYEIER
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