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Large Language Models (LLMs): Background



What is a Large Language Model?

From Wikipedia, the free encyclopedia

> A large language model (LLM) is a language model consisting of a neural network with many parameters

1 total:61

(typically billions of weights or more), trained on large quantities of unlabeled text using self-supervised
learning or semi-supervised learning. LLMs emerged around 2018 and perform well at a wide variety of
tasks. This has shifted the focus of natural language processing research away from the previous
paradigm of training specialized supervised models for specific tasks.

Though the term large language model has no formal definition, it often refers to deep learning models
having a parameter count on the order of billions or more. LLMs are general purpose models which excel
at a wide range of tasks, as opposed to being trained for one specific task (such as sentiment analysis,
named entity recognition, or mathematical reasoning). The skill with which they accomplish tasks, and the
range of tasks at which they are capable, seems to be a function of the amount of resources (data,
parameter-size, computing power) devoted to them, in a way that is not dependent on additional
breakthroughs in design.

Though trained on simple tasks along the lines of predicting the next word in a sentence, neural language
models with sufficient training and parameter counts are found to capture much of the syntax and
semantics of human language. In addition, large language models demonstrate considerable general
knowledge about the world, and are able to "memorize" a great quantity of facts during training.
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From Pre-trained Language Models (PLMs) to LLMs

Pre-trained Language Models (PLMs)

Large Language Models (LLMs)

Typical Models ELMo, BERT, GPT GPT-2, GPT-3
Model Structure BiLSTM, Transformer Transformer
Model Framework Encoder, Encoder-decoder, Decoder Decoder

Attention Mechanism

Bidirectional. Unidirectional

Unidirectional

Tranining Method

Mask & Predict
Autoregressive Generation

Autoregressive Generation

Downs. Task Types NLU NLU & NLG
Model Size 0.1-1B parameters 1-1000B parameters
Downs. Tasks Adapt. | Fine-tuning Prompting & Fine-tuning & RLHF

Emergence Abilities

Inductive Transfer Learning

Zero-shot Learning
Few-shot/In-context Learning
Chain-of-Thought
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List of typical LLMs

Name Release date Developer Number of parameters Corpus size
GPT-2 2019-02-14|OpenAl 1.5 billion 40GB (~10 billion tokens)
GPT-3 2020-06-11|OpenAl 175 billion 499 billion tokens
GPT-Neo 2021-03-01|EleutherAl 2.7 billion 825 GiB
PanGu-a 2021-04- 267 £9heNg Lab and a0 pjion 40 billion tokens
GPT-J 2021-06-01|EleutherAl 6 billion 825 GiB
l,:‘/ll_egatron-Tunng 2021-10-01|Microsoft and Nvidia |530 billion 338.6 billion tokens
Gopher 2021-12-01|DeepMind 280 billion 300 billion tokens
GLaM (Generalist . -

Language Madel) 2021-12-01|Google 1.2 trillion (sparse) 1.6 trillion tokens

Ernie 3.0 Titan 2021-12-01|Baidu 260 billion 4Tb

Claude 2021-12-01|Anthropic 52 billion 400 billion tokens

LaMDA (Language -

Models for Dialog | 2022-01-01|Google 137 billion S wrerek, 453 biliew
- tokens

Applications)
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List of typical LLMs

3(2) total:61

Name Release date Developer Number of parameters Corpus size

GPT-NeoX 2022-02-01|EleutherAl 20 billion 825 GiB

Chinchilla 2022-03-01|DeepMind 70 billion 1.4 trillion tokens

PaLM (Pathways | 5055 _04_01|Google 540 billion 768 billion tokens

Language Model)

OPT (Open

Pretrained 2022-05-01|Meta 175 billion 180 billion tokens

Transformer)

YaLM 100B 2022-06-01[Yandex 100 billion 1.7TB
38.5B tokens from
webpages filtered for

Minerva 2022-06-01|Google 540 billion mathematical content and
from papers submitted to
the arXiv preprint server

BLOOM 2022-07-01|-@rge collaboration 50y 350 billion tokens (1.6TB)

led by Hugging Face

AlexaTM (Teacher | 5095 11_01|Amazon 20 billion 1.3 trillion

Models)

LLaMA (Large

Language Model 2023-02-01|Meta 65 billion 1.4 trillion

Meta Al)

GPT-4 2023-03-01|OpenAl Unknown Unknown

PanGu-2 2023-03-20|Huawei 1 trillion (sparse)

300 billion tokenssu HUAWEI



The road map of GPT-3 families

l Large-scale language model pretraining
Training on code

GPT-3 Initial i i
l_ ﬁ Instruction tuning

GPT-3 Series Codex Initial InstructGPT Initial

l LM + code training then instruction tuning

GPT-3.5 Series l Supervised instruction tuning

RLHF —— ] RLHF

4

Yao Fu, How does GPT Obtain its Ability? Tracing Emergent Abilities of Language Models to their Sources (Blog)
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Pros and Cons of LLMs

» Pros:
» Language Ability
» Simple Reasoning Ability
» Human-like Behaviour
» Cons:
» Halluciation
» Math, Logic and Complex Reasoning Ablilties
» Security: Bias, Offence, Discrimination...

5 total: 61 M HuawEl FN3RTRs
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PanGu- a : A Chinese 200-billion-parameters dense language lodel



Pangu-a:

A Large-scale Autoregressive Pretrained Chinese Languag

e Model

PANGU-«a: LARGE-SCALE AUTOREGRESSIVE PRETRAINED
CHINESE LANGUAGE MODELS WITH AUTO-PARALLEL
COMPUTATION

TECHNICAL REPORT

Wei Zeng* Xiaozhe Ren* Teng Su* Hui Wang*

YiLiao Zhiwei Wang Xin Jiang Zhenzhang Yang Kaisheng Wang Xiaoda Zhang
Chen Li Ziyan Gong Yifan Yao Xinjing Huang Jun Wang Jianfeng Yu Qi Guo
Yue Yu Yan Zhang Jin Wang Hengtao Tao Dasen Yan Zexuan Yi Fang Peng
Fanggqing Jiang Han Zhang Lingfeng Deng Yehong Zhang Zhe Lin
Chao Zhang  Shaojie Zhang Mingyue Guo  Shanzhi Gu  Gaojun Fan  Yaowei Wang

Xuefeng Jin  Qun Liu  Yonghong Tian

PANGU-a TEAM
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Technical report: http://arxiv.org/abs/2104.12369
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Pangu— ad . A Large-scale Autoregressive Pretrained Chinese Language Model

The first Chinese autoregressive dense LM with 200B parameters

State-of-the-art performance in few-shot Chinese NLP tasks

Code and model open-sourced

Fully based on Huawei technology stack (MindSpore+CANN+Ascend910)

Collaboration with Pengcheng Lab, Peking University and Huawei CSL
Technical report: http://arxiv.org/abs/2104.12369

vVvYyyvyy
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Pangu- a : Model architecture

Query layer

Transformer
Layers

Token

Position

Figure 1: The architecture of PanGu-«.. The model is based on a uni-directional Transformer decoder. A query layer is
stacked on top of Transformer layers with the position embedding as the query in the attention mechanism to generate
the token at the next position.

7 total:61 S HuawEl TYRRLT Re



8 total:61

Pangu- a : Model sizes and data collection and filtering

Table 1: Model sizes and hyperparameters of PanGu-« models.

Model #Parameters  #Layers (L) Hidden size (d) FFNsize (dyy) #Heads (V)
PanGu-« 2.6B 2.6B 32 2560 10240 40
PanGu-a 13B 13.1B 40 5120 20480 40
PanGu-a 200B 207.0B 64 16384 65536 128

Manual

evaluation

Public datasets @
Encyclopedia mﬂ

e-Books |:> Data cleaning Data filtering Deduplication

m) 1 th
Common Crawl mprive the

adel

News Big data management platform

Add/Modify rules

Imprqve the
odel

Model-based
evaluation(PanGu-a-350M)

Figure 2: The data sources and the process of constructing pretraining data for PanGu-a.
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Pangu- a : Data composition and sampling strategy

Table 3: Data composition of the 1.1TB Chinese text corpus.

Size (GB) Data source Processing steps
C 15 public datasets including DuReader, | Format conversion'! and text
Public datasets | 27.9 | poiniQA, CAIL2018, Sogou-CA, cte. | deduplication
Encyclopedia 22 Baidu Baike, Sogou Baike, etc. Text deduplication
e-Books on various topics (e,g., novels, his- | Sensitive word and model-
e-Books 299 . .
tory, poetry, ancient prose, etc.). based spam filtering
i Web data from January 2018 to December e
Common Crawl 714.9 2020 from Common Crawl. All steps
News 35.5 News data from 1992 to 2011. Text deduplication

Table 4: Sampling strategy of the corpora in training PanGu-a models.

PanGu-a 200B PanGu-a 2.6B&13B
Quantity | Weightin Epochs elapsed | Quantity | Weight in
(tokens) | training mix when training (tokens) | training mix

Public datasets 25.8B 10.23% 3.65 7B 27.99%
e-Books 30.9B 12.23% 0.41 5.6B 18%
Common Crawl 176.2B 62.81% 0.85 2.5B 10%
News 19.8B 7.83% 22 5.6B 22%
Encyclopedia data 5.8B 6.9% 3 5.8B 23%

Sz Huawer GRS Re
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PanGu- a : Training techniques - Model Parallelization

Data parallelism &
optimizer moc‘lel parallelism

Rack T Rack 2 Topology-aware
) )
o schguling
plove
parallclism
R —
Server || Server? ! Server3 Serverd | Server5 | Serverf

Pipeline model parallelism
& rematerialization
(a) How the partitioned model and (b) A brief example of hardware
data are mapped onto the hardware topology

Technical Report: https://arxiv.org/pdf/2104.12369.pdf
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https://arxiv.org/pdf/2104.12369.pdf

Pangu- a : Training techniques - Parallelization strategy

Layer 1 (Pipeline stage 0)

Attention FeedForward

Layer 2 (Pipeline stage 1)

Attention ) FeedForward

AllReduce AllReduce

Figure 6: A simplified PanGu-a’s parallelization strategy. The ellipsoids stand for the operators, blue rectangles
represent tensors, and green rectangles represent trainable parameters. Parameters are partitioned along the row and
column dimension respectively, and the input tensor is partitioned along the row dimension. And, two layers are
assigned to different pipeline stages.
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PanGu- a : Training techniques - 3-D parallel training

Batch  Model paralielism

» 3-D mixture paralle: data parallel + pipeline
parallel + model parallel
> Data parallel: partition in batche dimension
> Pipeline parallel: partition in layer dimension
»> Model parallel: partition in operator dimension

» By mapping 3-D coordinates to physical devices,

MPO MP1 MP2 MP3

Data parallelism

Operator

we can train the huge models like GPT-3 % Layer
efficiently. !
Coordinate RANK Coordinate RANK Coordinate RANK Coordinate RANK : —— QAN - :
P B¢ ipel I8¢ Pipeline Stage 3
(0,0,0) 0 (,0,0) 8 @0,0) 16 @3,0,0) 24 = = T — s
0.0, 1) 1 ) 9 @01 17 @.0,1) 25 ; — = =
(0,0,2) 2 (1,0,2) 10 2.0,2) 18 3.0,2) 26 E - At 1 =
(0.0,3) 3 1,0,3) 11 2.0,3) 19 3.0, 3) 27 i °
(0.1,0) 4 ,1,0 12 21,0 20 @.1,0) 28 IIMI IIHI IIEI IIHI
©.1,1 5 1,1 13 @11 21 @11 29 .  owa
ipeline Stage 0 Pipeline Stage 1 Pipeline Stage 2 Pipeline Stage 3
0.1,2) 6 1,1,2) 14 @12 22 @12 30 q ST o 5
0.1.3) v a.1.3) = @1.3) 23 G113 3 . s %. \II}MI}I\!

https://www.microsoft.com/en-us/research/blog/deepspeed-extreme-scale-model-training-for-everyone/
OAH"
RK L
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PanGu- a : Training techniques - Optimizer state parallel

FP1 FP2 FP3 BP1 BP2 BP3 [ Wﬁ%%
v i i ; p32 Optimizer{J] 4> &y
e e Ea =
S T NN e 1
Tweight N/ weight N/ weight N
C :hﬁh?D OO Ny
/- \
> Feature:
> inner-layer partition: partition in dimensions of Optimizer))E
parameters, optimizer states and gradients
> communication grouping parallel: allgather and \
reduce-catter, forward and backword computing / \
> mixture precision: use fp16 for forward-backword , \
propogation and communication, use fp32 for / “
optimizer parameters o
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PanGu- a : Training techniques - Re-computing

=

ReLUGrad

¥ s
o=

RelU

Conv

=1

BNGrad

ReLUGrad

BN1Grad

gl

» Abandon activitions in forward
computing, and re-computing them in
backward propogation. Trade time for

spaces.
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PanGu- a : Training techniques - Heterogeneous computing

» In the past few years, the model sizes
increased by 1000 times, while the memory ™ o) .
of parallel computing devices only increased
by 5 times (GPU memory: 16G to 80G)

» Move parts of computing of training to Host
CPUs and Host memories. A typical solution
is optimizer heterogeneous computing. ‘
» The number of Adam Optimizer states is
twice of the number of model weights: A
175B GPT-3 model has 350B optimizer
states
»> Move the adam optimizer computing to Host L. .
CPU, and optimizer states to Host memory. Optimizer CPU execution
> This can greatly reduce the memory cost in
GPU/NPUs.
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Pangu- a : Training curves

5.0-
4.5 -
4.0 -

3.5-

Loss

3.0-

2.5-

2.0 ! !

—— 2.6B
—— 13B
~—— 200B

4 5 6 7
Tokens lel0

Figure 8: Training curves of three PanGu-a models with different model sizes. The x-axis denotes the number of
training tokens, which is measured as training_steps * batch_size * sequence_length. The y-axis denotes the

training loss.
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Pangu- a : Experimental results

Table 9: Performance comparison of CPM 2.6B v.s. PanGu-a 2.6B on few-shot NLP tasks.

Zero-Shot One-Shot Few-Shot
Dataset Method Metrics Task Types CPM 2.6B  PanGu-a 2.6B | CPM 2.6B PanGu-a 2.6B | #Shot(K) CPM 2.6B PanGu-a 2.6B
CMRC2018 | Generation | Em/F1 Read Comprehension 0.59/10.12  1.21/16.647 | 1.71/11.29  2.49/18.57 | Dynamic 3.11/14.64  5.68/23.22
DRCD Generation | Em/F1 Read Comprehension 0/4.62 0.8/9.99 0.22/5.17  2.47/12.48 | Dynamic  0.15/7.14 5.31/18.29
DuReader Generation | Rouge-1 Read Comprehension 16.63 21.07 16.42 20.18 6,6 17.85 2143
WebQA Generation | Em/f1 Closed-Book QA 6/12.59 6/16.32 6/11.82 12/23.39 8.8 4/12.23 24/33.94
PD-CFT Generation | Acc Cloze(without choices) | 35.73/38.99  38.47/42.39 |33.3/39.73  38.8/41.61 33 39.84  39.07/42.05
CMRC2017 Generation | Acc Cloze(without choices) 24.60 37.83 25.40 38.00 33 36.33
CHID PPL Acc Cloze(multi-choices) 68.62 68.73 67.91 68.16 33 66.56
CMRC2019 PPL Acc Cloze (multi-choices) 47.69 61.93 47.99 61.54 2,2 47.20 62.42
CMNLI PPL Acc | Natural Language Inference 49.10 50.20 47.56 49.54 6,12 49.29 5117
OCNLI PPL Acc | Natural Language Inference 44.20 42,61 44.30 44.00 3,6 44.00 46.78
TNEWS PPL Acc Text ificati 65.44 60.95 69.50 57.95 6,6 70.17 63.62
IFLYTEK PPL Acc Text classification 68.91 74.26 79.84 79.03 33 83.99 80.15
AFQMC PPL Acc Sentence Pair Similarity 66.34 59.29 39.70 64.62 44 38.29 69.00
CSL PPL Acc Keyword Recognition 52.30 50.50 51.20 50.90 10,10 50.50 52.00
CLUEWSC2020 PPL Acc WSsC 73.684 73.36 73.684 75.33 14,14 70.065 72.70
c PPL Acc Common Sense Reasoning 49.81 53.42 5143 52.82 33 51.60 53.64
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Pangu- a : Experimental results

Table 10: Performance comparison of PanGu-« 2.6B v.s. PanGu-a 13B on few-shot NLP tasks.

Zero-Shot One-Shot Few-Shot
Dataset Method Metrics Task Types PanGu-a 2.6B  PanGu-ar 13B | PanGu-a 2.6B  PanGu-o 13B | #Shot(K) PanGu-a 2.6B PanGu-a 13B
CMRC2018 | Generation | Em/F1 Read Comprehension 1.21/16.65 1.46/19.28 2.49/18.57 3.76/21.46 | Dynamic  5.68/23.22 9.76/29.23
DRCD Generation | Em/F1 Read Comprehension 0.8/9.99 0.66/10.55 2.47/12.48 4.22/15.01 | Dynamic ~ 5.31/18.29 9.09/23.46
DuReader Generation | Rouge-1 Read Comprehension 21.07 24.46 20.18 25.99 6,6 21.43 27.67
‘WebQA Generation | Em/f1 Closed-Book QA 4.43/13.71 5.13/14.47 10.22/20.56 13.43/24.52 8.8 23.71/33.81 31.18/41.21
PD-CFT Generation Acc Cloze(without choices) 38.47/42.39  43.86/46.60 38.8/41.61 40.97/45.42 33 39.07/42.05  41.13/45.86
CMRC2017 | Generation |~ Acc Cloze(without choices) 37.83 38.90 38.00 38.40 33 36.33 37.86
CHID PPL Acc Cloze(multi-choices) 68.73 70.64 68.16 70.05 33 66.56 70.91
CMRC2019 PPL Acc Cloze (multi-choices) 68.22 70.54 68.05 70.02 22 66.26 71.28
CMNLI PPL Acc | Natural Language Inference 50.20 48.44 49.54 46.81 6,12 51.17 46.18
OCNLI PPL Acc | Natural Language Inference 42.61 41.53 44.00 44.10 3,6 46.78 46.44
TNEWS PPL Acc Text classification 60.95 60.26 57.95 63.83 6,6 63.62 65.17
IFLYTEK PPL Acc 74.26 73.80 79.03 78.95 33 80.15 80.34
AFQMC PPL Acc Sentence Pair Similarity 59.29 65.76 64.62 63.55 44 69.00 68.91
CSL PPL Acc Keyword Recognition 50.50 49.30 50.90 50.20 10,10 52.00 55.70
CLUEWSC2020 PPL Acc WSC 73.36 75.00 75.33 75.00 14,14 72.70 78.62
Cc PPL Acc Common Sense Reasoning 5342 54.47 52.82 53.92 33 53.64 54.58
WPLC PPL pp! Chinese WPLC 16.70 19.18 - - - - -
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Pangu- a : Release (May 2021)
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PANGU-a: LARGE-SCALE AUTOREGRESSIVE PRETRAINED
CHINESE LANGUAGE MODELS WITH AUTO-PARALLEL
COMPUTATION

-
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ChuoZhang StaofeZhang  Mingrue Gon ShanchiCa GaojunFan Vool Wamg

Noctergdin Quitis Yonghorg Tun  WonGao

PANGU-a TEAM
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Pangu- a : Influence

. e , ome  Gamesbett ot Speil e u-\'muwmk-jr - IMPORT AL

Haven't seen anybody else mention this, but Huawei . .

just announced they trained a 200 BILLION transformer Huawei trained the Chmese—language
] o igg -3 .

model -|PanGu-a. This is bigger than GPT-3,|but trained equlvalent OfGPT-3

only for 408 tokens.

[ W ——

Moreover, they're trained on an entirely Chinese stack: N .
i chi 4 d Mind f yk > This week, a research team at Chinese company Huawei quietly detailed what might Import AI 247: China makes its own GPT3;

Huawei chips and Mindspore framework. 1/. ) the AI hackers have arrived; four fallacies

be the Chinese- language equivalent of GPT-3. Called PanGu-Alpha (stylized PanGu- in AL research.

L AROESCALE AUTOREGRESSIVE PRE q), the 750-gigabyte model contains up to oo billion parameters — 25 million more o
HLANGUAGE MOpELS WIHAUTO-PAR— Table 1@ Model si than GPT-3 | and was trained on 1.1 terabytes of Chinese-language ebooks, blic) generative models,

encyclopedias, news, social media, and web pages

#Parameters #

o i s — A em | FHLESNRE: hips: com/2021/04/; ei-trained-the-
D - 2.6B chinese-language-equivalent-of-gpt-3/

e et 13.1B R

piuaniing i * {01 Huawei just announced that they trained a 200 billion transformer

e T 3 207.0B * model on an entirely Chinese stack

Wy twest abos P

OpenAlEEJack Clarki#3Z: https://jack-
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makes-its-own-gpt3-the-ai-hackers-have-
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Pangu- a : Examples - Text summarization
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Pangu- a : Examples - Title generation

PR, B ROVEMEFERM - 20126, ERFFIaH TR RRm e, S
FE20125R50 5 N OL R TR0, AFCRL R BOR -

20135, 45501 il SRR HE3G Wi AL AIDAGB 10 - ST T ERS ATl 2
PAUEFEREI A L2 I RAEDA3 100, DUR A B0 (SRR fh“ME909T” -

U, RRRIMSGER RS H SR T B ORI F RN RRRR TR -
VB R R R AR AT, k45 EES01Z 6012 TTE AL

201945 4271, (EIEARSE R AL MR VE R IR, kS0 BRI AR R TT RBURD
1], RBTICTEEZER 278  BRITEMARTRBUL 7 EREEGET. 5
Prompt BHER] L AL ARSI T BB, B DRI T BB .
202047 A 121 B, R 1 9 3k $5CEO & 7R B B THUAWEI HiCar® il 2
i, HiCar RYETWEO0S - HiCarn] AR RS Bhi% & HYSGRIZEBE 1 I3 L AL AL
WBLEREN ., BB RNTEAL. EE - RN S E AR - [N, AEOS I
T AR L RO IR R P B S O DU S L R
W\ B PR

BEREER02FR BT A 2ER L A HRES, EHRCERS I EOEE
EhE SR L, A B TR B B S - JREATGE, AR AL . AN
SCERIAT  BUARI S HE R A S A - A BRI (
Generation | &7y SRR 55 /T HVHRIZAR . FFF 40 M4 77 HEh S B R 55)

21 total:61 S HuawEl TYRRLT Re



Pangu- a : Examples - Open domain QA
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BRI U EBRBA B R BRES TLRHZEICAE, BXUMMNFIR = -3 s Mt gm e - %0
Prompt SN, HROAREUAER s, Bl SRR SR, AR B A
MEBEARGR S, FENER  PRFEKTEUA T R RYGIERE%L -« RmIElL

PAR A 7 iR &5 4 il ARk - BRADFEREAPEEREL, HEREARHE
TSR, EMMERNART SETAEEMMAL, RIGEER - EH - fin
FHEA FAEESE, ESRE, MELE. b, M EE A KGR T
kﬁ%?m% FRUACSE B0 RT B R EOZES - IE R BRINESE R S R 5?2 5

Generation BFJ'L,‘$!E

Prompt q’.ﬁ’ﬂﬁ?ﬁﬁ’—:%i?
Generation | "' & &R &L
Prompt RE . EE . Eﬂﬁﬂlﬁk*ﬂlﬂ’]ﬁ%ﬁﬁﬂ‘l%ﬁ?ﬁi?
Generation | FEMEALEI N, EEMEELELEE, HAMETLR, WARILA E ARSI -
Prompt I IFEAT AR )
Generation | B MNEIRIFEE EERE M - A0 ML . Hiud (M) |, EERKEAL
FE . OETEBAE . FHE . MERNA L PEE L BRTE . TSRO .

[

H

22 total:61 S HuawEl TYRRLT Re



Pangu- a : Examples - Dialog generation

23 total:61

FRANGEYS_F BTG T o
TR, SR R By AR !
IR0

RELIET, B

L

AT, RIEH D

T, PRARNG 262
FRARIZ A o
IBIRERRAERE — FK LT VRN, i
Ly
REERINB IR Z D2
NP AETC LA
HubiERR ) LR 2

ik A A 5 3 X 22 5 447 S 5 SOHOT [X.
1054 G Bk B 50h)

VPO B ARERI?

VoY MRk o

PokG R KL —BE!

R FFRH, KA, B A TSk, \WiRpieE. 7
X IR I — B W

R I T 2

PIEHEF IR o

FRPRENTEIX B HY E 28 R e
ASHITEIR] | e frWe?

& EHHEN.

K |5 B A R AN KA A S AR 2 4
T W /R R At A R AT H A e ey

FRANTE AR 1 At thy A T 98— 4] 2

fih A T A TRT564E, itk T ATe8174E . fRAuE A
B A7 ity 1y 2

BRI (BERFY MK E B3R X
P TREIE !

S HuAWEl NSRS



Pangu- a : Examples - Stylized text generation

e i B Epromp W E AR 5, ARAAERER, IATsEsm s, AME, KU IR 5] 8.

PromptiE AIBUAS B #%5
PRIFWI L PRI A4 4452

PRAE, FRUSER B .

BFE, BRI 4 B0 ?
RELEH.

P L FE ) 3 B e A W ?
S EERRER R TAE
RO A, AH"A?@QE’JWE"
RARBRK.
KBRS SEHPAEAR XI5 11T VB 2
WBA—5E, AR TN

PromptiE ABWLAE B: i
PREF Y ARUF4 452

Rt FRIE B

BFI, BRI A A e ?
RN
SP_EE ) R B A AR ?
TN R HER AN A K

I, AL A e 20T, SERAAR, RPN -4 2 hrle?

TP T R

24 total:61

PromptiE AAMEALAS 8. FLRIA (R REaTa i)
JLEAR ER %, B0 DU T 58 Rl SUR R 1Y -
SIANRIFHIREIRT , BUNEFER BREER, WS
TE =,

JUE R FCE AN RIFTS T .

I AR 22 0 5 T 1] Ll O A — BRE B 22 B (R R AR AN A o
JUER B S i e, T2, ARG, A%
Lk

HA T DR BTIEAT ABE A B R A BGI A 2F F, SR .
JLEE AR AR AN I {68 22 1 A0 7 20555, LS AR ik L H oA S eh
— . AL, b9 LER S .

Promnti’%:)\ﬁ‘fﬁ’vm"~l§ IR CREF R0
VTG LB T, RGP RFERALF T .
"k}ft“iﬁ*lﬁ‘f FRREE, BRI,

ﬁl 3 O — Bl 2R AR 3 A
HUTEIE IR, M, SEARGUERK, KEEIR

Pl
FRANTE, 54 e PR IR R 2 o
FRA I, AR o 5

PromptiE AMEIHFAEE: PR
IREFH ! PRI A 452
i, FRUSEB B .
B, PR FE AR 5
4, A AgHES
IREVBRE] T, XA T
REBE K-

PR GERR B .
Att42
AT B HIFE -

5, IREENLT .

PromptEAMEIS SHE B BORE R
PREFI L fRA A2 44522

ARaF, FRATEH Y .

P, AP B RURRIIRIN R SRR
%o WA 2D ?
FRILIAIR A=Y, A=Yk R A%, R
BRI, IXARAT ARG 2

1) X AT 5

Xt
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Pangu- a : Examples - Gaokao essay generation

HHERGIR - 2021 bR EEX

25 total:61

ICEIEHRE

FPABEFESEORR, SIANERERRTHALERSTER.

ER— I, SARRERER, BAREZSHEN. SREARSMMEETAE
SSIMECHIEAE, fBNSEEEME. SEMHERE. R RESN S REN AR
1, IO SESERGFXBE, ERENSHEESEMNIEEE N FEEAS AIHA
AP RENM ;OIS BRI, TGS, HFREEHTLETIRNECY
AR S SEFMBE IR,

BOABRECHEA, SMANGEHBRTECTFE. AMEMERRHECIEEN

BAOABEECRIBRALERR, EXMERLE, RHEGTLESRSIE B2, Rkl

IEEEER AR RIE? MAIAREERCRNAT M. AEERE? BNMIZENILEEH

gﬁﬁﬁ;x%?ﬁﬁ@ﬁﬂﬁumﬂﬂﬁ,Rﬁiﬁz%ﬁﬁMEﬁmmﬁﬁAiﬁﬁt
M=,

EAERERLE, S ADSBEREMETEMELT. EXXEEMER LT, B
BFSBNICEY. BRESITI). RERE, FREECTIEERNRNZ S,

RN RBEPFNEDNESS, GOABENTY, ERTFHAREmE. —N
RUREY. SFAVBIIEER, ERMERS TG0 EEEGEREmNEN? X—E
%ﬁ?AAﬂﬁiﬁ TR, xS ALUR B S ESIRES S AR E RS ERN

=3

"RAEESE XERSFEAZBEERNINEZ — RMEL EGENRTRE
BERLEREESE A MRIRRE SR AT ELRI SN SHE0E, BLMTES
BENEECT! BhMEHiEREEREEC!
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Pangu- a : Examples - Advertisement generation

fEFAPrompt A AHMES SEE R, F3h'S LU

PromptiEA[EB: HABMKHAR

HONRFEIFIG A1F, ORI a4, (FR “HRett R 1B, WIS IEI YRR LA . AT A
TEAKFRIR S BT, FEEEAR P AKAEGIGE N . BE2019FK, HFABRE ELK210+ZMET 210+RRTT R, RS 4B
JAE IR A8

7 B [ BRATSG 2 B B G 2 1, 7R A ERECT SR8 R 5%, B3 e (6 o 4%, 4R S5
% FIHHERZ, EERTIIRES [ AR T G 5B AL SRR B, TP RS2 BURAAS . AR 25 IR 45, (R 3d RE R Bl
oz Ay ) 2 BRAE S SR

AR AP R AL 2B, S8 TG AR 5 LS5 2850, 3B T4 L5 tRdy g 2 561
PIBRIATUR . FRATE) ) BEA R F R TGS A PRERIER [ A ATk, A A2 E 7
il EZ MRS5S, LI M A ot B A S5 bR, A TE LS5 ARG, RERS WAL 0 2 RS R S
W, ARG AR EAER IHES) 756K, AWk = s 4 S R I HRBONTBR TP =42
ARG, SEEKAEIE R Bl 2 7 E o

26 total:61 S HuawEl TYRRLT Re
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Pangu- > series: a multi-domian one-trillion-parameters sparse language model



Pangu- 2 :
A multi-domian one-trillion-parameters sparse language model

Ren et al.

27 (1) total:61

PANGU-Y: TOWARDS TRILLION PARAMETER LANGUAGE
MODEL WITH SPARSE HETEROGENEOUS COMPUTING

TECHNICAL REPORT

Xiaozhe Ren'* Pingyi Zhou'* Xinfan Meng'* Xinjing Huang?* Yadao Wang'*
Weichao Wang' Pengfei Li' Xiaoda Zhang? Alexander Podolskiy' Grigory Arshinov !
Andrey Bout ! Irina Piontkovskaya ! Jiansheng Wei! Xin Jiang!

Teng Su® Qun Liu® Jun Yao!

'Noah’s Ark Lab, Huawei Technologies
2Distributed and Parallel Software Lab, Huawei Technologies

“PanGu- X : Towards Trillion Parameter Language Model...” arxiv:2303.10845. 2023-03-19.

&2 HuAawE!



Pangu- 2 :
A multi-domian one-trillion-parameters sparse language model

One trillion parameters sparse LM

Fully based on Huawei technology stack

Long time stable training based on 512 Ascend D910 Card + MindSpore
Extremely simple expert routing strategy: Ramdomly Routing Experts (RRE)
Pluggable multi-domain multi-task life-long learning, with lossless expert-tailor
Enabling industrial deployment on single server (with 8 Ascend cards)

SotA on zero-shot and fine-tuned performance on Chinese downstream tasks,
including QA, dialog and translation

Ren etal. “PanGu- = : Towards Trillion Parameter Language Model...” arxiv:2303.10845. 2023-03-19.

vVvVvvyVvYVvyyypy

27 (2) total:61 S HuawEl SO0



Pangu- % : Architecture

0 @ Mixed Dense/Sparse Architecture

While M=0 or Expert=1
Degraded to dense architecture

M 3 : Equivalent to Pangu-Alpha
Attention While N=0
¥ Fully sparse architecture
N 3

@ Higher Layers: Grouped RRE Repre.

i @ Lower Layers: Universal Dense Repre.

& Mixted Data/Task Training

Data Data Data Data
Domain Domain Domain  Domain
1 2 3 4

28 total: 61 S HuawEl ENSRT RS



Pangu- = : Randomly-Routed Experts (RRE)

[a:1, b:1,c:3, d:7, e:5]

[a:3, b:5,c:1, d:5, e:8]

29 total:61

Mixture of Expert |.
Google 2017

Switch Transformer
Google 2021

Randomly Connected NN
Meta 2019




Pangu- = : Multi-task Life-long Learning

FFN2MOE

Pangu-Alpha

€  FFN2MOE

v Inherited knowledge from
Pangu-Alpha
v Speed-up convergence

30 total:61

Pangu-Sigma Initialization
* Inherited from Pangu-Alpha

€ Two-layer RRE

v Task-expert fine-grained Control
v Expert Workload Balance
v Grouped All-to-All Communication

Pangu-Sigma Pretraining

@ Expert Editing

v Expert add/delete/edit
v Single Domain Fast deployment

Pangu-Sigma Life-long Learning
* Add new experts
+ Delete old experts

@ Domain Expanding

¥ Monolingual to multilingual

v Single domain to multi-domain

S Huawel BRSNS
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Pangu- = : High Performance Heterogeneous Training

D pmssi
: i s (0<s<1)
D s i

total: 61

FP16
T weight

i1 Pl
Ma=M*s

FP16
4 weight

T4 weight

r_

-

FP16 P32 P32 P32

weight  momentum  Vvariance

‘ ot Sigma
722 ST AR EfE (Tokens/s)

-
0
512P MindSpore+Ascend+KunPeng
m i itia-MOE (J312)
u fiitisigma (Ji2)
m i dia CFAL/AE R

" s i o

1.085 73 1L tit ity Sigmatlie S 2%
(FFERRE I rt)

S Huawel BRSNS



Pangu- 2 : Industrial Deployment

3801284
SRT A AR
I sk

#2HSigma
512k
Ascend+MindSpore
S EReIIE

60060000000000000000006000000000) ke

#HSigma
3015 I
FARBI L

380122#
BBk R 1Tl R AR BY
8

©0000000000000000000006000000000)  i7k&k

I3 3801z8#
THE S5 1R E
HlzsyBsa oEpm

(G0006600600063600006668060006660) 7K

Fizs8atSigmaii)lig AT/ AR FAEUERE

T R

32 total: 61

AT F &

WEZH RATEIGRAN
Wk THRKEM, JISGER

HERF
10-10015
B

S Huawel BRSNS



Pangu- Z : Training Configuration

Data Computing Model
Data size: 304.12B Tokens (1 TB) : Platform: Huawei Al Stack #Parameters: 1.085Trillion
. . B Model Arch.: Decoder+RRE

m Chinese: 75.47B Tokens ® Hardware:

v General domain v FELBHE: 512-Ascend910 ® Model Specification:

v Financial, Medical, Law, ... v Llayers: 40

. v RRE Layers: 8

® English: 75.9B Tokens m Software: v Hidden: 5120

v General domain v FFN: 20480

v

v MindSpore v1.6 Expert Per Layer: 640

B English-Chinese: 77.51B Tokens

v CANN ¢80 . .
v General domain B Training Specification:
v News v Ascend+KunPeng Heterogeneous Training
L} Tralnlng time: v 8-way model parallel
m Code: 75.24B Tokens v 64-way expert parallel
v Python v 100 days v 64way data parallel
v Java
33 total:61 W2 Huawel SHRRK
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OPT-175B: Longest stable training duration: 2.8 days

Infrastructure Stability 992 80GB A100 GPUs + PyTorch Megatron

We managed to hit our top three record long runs of the experiment these past two weeks, lasting 1.5, 2.8, and 2 days each! If we were to look
at only the runs that have contributed to pushing training further and plot training perplexity against wall clock time, we get the following:

https://github.com/facebookresearch/metaseq/blob/main/projects/OPT/chronicles/56_percent update.md

34 total: 61 Sz Huawel SN



Pangu- X : Stable training for 25 days until manual termination

2022-07-29 v vos7 OB E): 505:26:23 | BUEEA: mB4177780 fi: 512p restart after 236000, 1e-18, . el | [ | 22 v
10:03:24
REES B R BREFAER

PretrainLucky | jobfb15¢685
O E#LE | KERE

20220729 10:03:24.
modelarts-DuoYun

Ibucket-8539/huangxinjing/outputioutput_v0257/

512p restart after 236000, 1e-18, 1e-20 for expert, dropout... #°
TEER

505:26:23
64

. MindSpore-1 P

Tbuckel-8539/mengxinfan/projecisicodesibias,

9 _moe7/
Ibucket-8539/mengxinfan/projects/codes/bias.
adam_beta1=0.9; adam_beta2=0.95; adam_e.

bucket-8539/zhoupingyilpangu_sigma_trainin,

("backbone. top_query_layer.output. ffn.projection.bi
5120), dtype=Float16, requires_grad=True)) 3276800
("backbone. top_query_layer.output. router. dense.weig
5120), dtype=Float32, requires_grad=True)) 3276800
[WARNING] ME(34988:281472963992144,MainProcess) :202
deprecated from version 1.5 and will be removed in
otal number of parameters: 1085151733760
learning_rate: 0.0001

[WARNING] ME(34994:281473405413968, MainProcess) :202
from version 1.1 and will be removed in a future ve
[WARNING] ME(34982:281473658661456,MainProcess):202
from version 1.1 and will be removed in a future ve
[WARNING] ME(34990:281473172941392,MainProcess):202

HIERE TR
— PanGuT
75
Zs0
25 S
100000 200000 300000 400000 500000 600000
— PanGu-T
o715
Kl
250
E
25 N—
00 o5 10

35 total:61
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Pangu- > : Performance on NLP downstream tasks

@ Outperform Baidu Ernie 3.0 on zero-shot evaluation on 10 Chinese downstream tasks

Chinese Tasks Zero-Shot Eval.

Chinese Tasks Zero-Shot Eval. Average

DRCD
=} "
gmarki L FHE (388)
ocnu FiEERNI

JEERNIE3.0
e [ [£ERNIE3.0
CLUEWSC TNEWS
B
T T/ERNIE3.0 (108)
CMNLI i DuReader
IFLYTEK fiti'ialpha (138)
AFQMC

Model CMRC DRCD c3 OCNLI Tnews Dureader Iflytek Afgme csL Cmnli Cluewse Pd cit Cmrc2017 | Average
(em/f1) (em/f1) (acc) (acc) (acc) (rouge-1) (acc) (acc) (acc) (acc) (acc) (acc) (acc) (acc)

Pangu 1.46/ 0.66/
alpha

19.28 10.55 54.47 41.53 60.26 24.46 73.80 | 65.76 49.30 48.44 75.00 43.86 46.60 38.90 46.59
138 - -

waids | 761/ | 1058/
@NEO | o5el | 2629 | 5262 | 4431 | 6840 | 2079 | 7534 | 6899 | 5563 | 49.41 | 7838 | 6607 | 4930 | 5666 | 5334

Lol 16.62/ | 21.08/

ERNIE3.0

2608 44.2 37.83 54.85 44.61 72.60 3213 79.84 | 68.99 55.80 51.70 81.08 67.06 66.14 74.63 59.39

Pangu | 2088/ | 26.82/
Sigma38B

Chines 50.83 48.09 56.49 46.03 70.82 3229 73.57 | 68.84 60.33 50.53 83.88 78.47 85.87 82.73 63.48

Sub-model

36 total: 61 2 HuawEl DR



Pangu- > : Downstream Tasks - Dialog

€ Human Metrics € Automatic Metrics
Models | Adequacy | Rifit ity M =2 o Distinct | Distinct | BLEU- | BLEU- | Semantic-
= Model
= 1 2 2 3 coherence
GIHEA_|| QS 0:650 0143 0:070 2:970 0:66% CDialGPT | 0035 | 0172 | 01405 | 0088 0.344
EVA 0507 0.743 0210 0.080 0953 0.667
EVA 0.067 0313 | 0169 | 0.103 0393
EVA2.0 0677 0.783 0287 0070 0980 0731
Pangu-BOT | 0.810 0.803 0293 0.050 0987 0.769 EVA2.0 0073 0341 | 0169 | 0.104 0.458
Pangu-Sigma 0.830 0.857 0.340 0.040 0.993 0.796 Pangu-BOT 0.089 0.337 0.171 0.106 0.459
. Context: ffF ! Pangu-Sigma 0.109 0.369 0.177 0.110 0.502
Dialog Examples i .
* 9 P 5 B S0 B SEEE # T GRF S0
TEL it SEEE, TR BBV .
T AU BE G R, R BE 8 M 8 72 EBRK SR E BEEE T,
T, ki) wE 8 mitEm a7 SR Ei — f BE UL, Ef S2En 200 EG R &
B, B ASAT W, 58k TER 6 BB . BEE SR 5 52 W, B E WA % T 6
Response: GRIE B HTIEER 8 0F .
Context:  RiF oF |
i 6 B EH S 0 4 B BIE 8 K $ESE BAF D 2
BTHEE A KK SESE HE K E RE B, B T8 8.
Bé, mon SESE E 55, B £ F 28 2F 8 58 EE S
RORA K R B 8 £E AE, B0 0k 1 BR A%~ A% 28,
EH, My o) nEEE BE K £ A , AN, G SE M8 JIH NE BE W . o
Response: T B , B 5% SE T, B B ASRE  AESE 522 F A4F 0 SARE . £F3F R A 8% W, B8 54 F7 .
Context: K i, fREF oF !
N
GES AT HH G U B
K E, B EE WAL XE 1/4 BF .
B E R B M ag e E 2
EH BLEEN Y, RGN AL ERE NE LS. R
B REE BV, % A8 ARE A BAA T
Response:  FMLER BE % % BR A7 81, LR £ WEE .

37 total:61 S HuawEl TYRRLT Re



Pangu- 2 : Downstream Tasks - Question and Answering

€ QA metrics
Model Precision Recall F1 Human Eval.
CDialGPT 0.033 0.067 0.041 0.036
EVA 0.008 0.051 0.012 0.036
EVA2.0 0.082 0.139 0.103 0.119
Pangu-BOT 0.509 0.761 0.556 0.738
Pangu-Sigma 0.574 0.822 0.621 0.774

38 total: 61

€ QA Examples

Context:

Response:

Context:

Response:

Context:

Response:

Context:

Response:

Context:

Response:

m
oyt

ek iR
L ]
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Pangu- 2 : Downstream Tasks - Translation

€ WMT20 Chinese-English € WMT17 Chinese-English € WMT17 English-Chinese
Models BLEU Model BLEU Model BLEU
MT5-XXL-13B 24 CEMAT 22.82 CEMAT 35.82
CPM-2-11B 26.2 Pangu-Sigma-38B Pangu-Sigma-38B
h " 23.52 h . 38.82
ERNIE3.0-108 26.8 Chinese-English Chinese-English

Pangu-Sigma-38B
Chinese-English 30.99
Low Resources

Pangu-Sigma-388
Chinese-English 36.63
High Resources

@ Chinese-English Translation Examples
Source: [ BE IR /M 81 BN H ES BE,
Predict: [Abstract] The potential of small towns in Zhejiang is gradually awakened.

Source: Fit 12 B B 8 Bit 88 5 7.0%, 5 t B #F, BT =&,

Predict: The cumulative rate of fixed-asset investment is expected to be 7.2% in December, unchanged from the previous menth, and lower than last year.

Source: " BF BREEEE EUANEE. R, X, BB, fun. SREEERFIEE RO AT RS SEA TR IMET B R ER E NS cR EXRENE. TEELE

Predict: Walking around the ancient town of Anchang, visitors can see the traditional handicrafts of barrel-making, bamboo weaving, iron-making, shoe-making, lace-making and cotton-spinning. Thes

Source: FUE B A7 83 (25 =iE {8 BE 8 | 415 .
Predict: Now all of our sources of information are cut oﬂ‘

0
x>
I

>z
>0
Q

HUAWEI
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~
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Multi-modal Language Models



Wukong FILIP:
Fine-grained Interactive Language-lmage Pre-Training

Raw Image Raw Image Waukong, Wukong,;
- N

Global larit Token-wise similarit
D Preload & locked ; e a -
=) VisualTextual J. — z max (/- T — Z max (T - I -
L Mot Lo el =Y, 4 AN+ oy IEu:n( ) : B
© &) < 3:!
s 1

@ Visual/Textual
(a) 524 (damselfly: 1, 2)

input token

Positional
(b) HE: i (ifeboat: 110 3)
L)

Linear Layer
Text Encoder

embedding
Pretrained Image Encoder
languages

0060 @) 60 &) @) @fl i) e )

Linear Projection Text Embedding

Linear Layer

»

e e s raanl - | 1] -

Technical report: https:/arxiv.org/abs/2111.07783, https:/arxiv.org/abs/2202.06767.pdf

(0 LI (electric fan: 1 to 3)

OAH'S
RKLAB
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Wukong Dataset:

A 100 Million Large-scale Chinese Cross-modal Pre-training Benchmark

41 total: 61

VNPV 35, SRR, BT REE, RATEAL TAE A B, kR 13-14%€

FEHMEHE LI vs

FORAIMEECATAE (The dog signaled tothe il T{ERY (Hello, we are AHE 13,0922 (13-14 Premier
visitors to scan the code first before entrance, and community workers and are here to do League Round 5 Manchester City
the dog also deliberately came down and pointed vaccination screening.) s Manchester United 13.09.22)

his mouth at it.)

i.nl.hnnuw..& aas

l’dl’ 2
RSO RBAE  WIRK=

CEFL T WML Lty B

R [ L R D A HERAERORIA (Renderings g4 4 i -2 i S Wy

9% L AEIAF (China pride, the Chinese of the decoration of the wine cabinet in the (" fHubang factory flagship store J
women's volleyball team, will show its style on the  three bedrooms of Europe) Shanghai Hubang wheelchair steel
field in less than 6 days right after its arrival in pipe lightweight manual folding
Tokyo) wheelchair)

Dataset release: https://wukong-dataset.github.io/wukong-dataset/

Sz Huawer GRS Re



Wukong DetCLIP:

Dictionary-Enriched Visual-Concept Paralleled Pre-training for Open-world Detection

> SMEBEIIREESIN: 5l Awordnet> k2371 2 [B]HI L X &

> BaIEHmRERERM: BiLELEFELNFcaptioningfE 55k B4 BTN BARaY 251,
TEATEEE-

> MRIECAXTTIRING, BARSDHRBIBRAIRZ IS FHITII.

> ELVISHIESE ERIENIEE S8 GLIP#REI14.4% mAP, R{SECCV2022F &M

Paralleled

Image text | Formutation ” 71 | |75 | P3| [Pi || Pk pi[person J) (i person Jdet: a human being.
ir Dataset i i H . .
Concept parpoatase No interaction P2 laptop P3| laptop |def: a protable computer in you lap.
Dictionary between {pa} e
Concept Pseudo labeling
0 Enrichment (Label Completion) Text Encoder &, [ ) (S e
(wordy: defq] Partial @ pn(_clock ] Py[_clock |def: a timepiece shows time of day.
[wordp: def] = Annotation Dataset 77| [FT| (BT [FT FI T | Concept
Enrichment 4 BN i i i i ' Detection Dataset
[wordy : def] Detection S I S S B H
e Dataset Fl . S11 18121818 S0 | .. SN :
L ) H pi[ achid | pi[_ achid |

recieves a 2 (_anew laptop p2[Lanew laptop
FI BB sg1 g0 sesisna | .. s new laptop
! SECTICIEN o palnt pa_hisfather ] C .
D Alignment L father Paralleled Concept PN shepherd dog
Loss — Formulation +Negative Samples

Fl ! SYRETITES VRS YRR s.m : Grounding/lmage Text Pair Dataset
(a) (b)

Image
Encoder 2

Paper: https://arxiv.org/abs/2209.09407
42 total: 61 Sz Huawer GRS Re



Wukong Reader:

Multi-modal Pre-training for Fine-grained Visual Document Understanding

> T XTI S) . R XIERMN AT AR EEF S MIINGBIR, FE
A MERAEFZT B EEDHEITERNEEE, FIHG—AXERT
> ETAERERIE CAERE, SR8, &H, BNeXs) E#ITT TEEMIZ,
AT ESHE. 7 XFSHTIHHES B FSOTA
> BEBRMBIESMIUAIEREES, RIS, PDF. LIXTH. Bk, WiEE
FERE SR SRR S FE AU E R HHEL
HINT: Modeling High-Level Coherence O/L

® Modeling sentence-level and d level coh in long text g Question!: What is the training objective for task-2?
| Similarity Prediction:Inter-sentence similarity prediction to learn the sentence-l nswer!: Similarity Prediction

® Order Di [Sentence order to learn discourse-level
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Compression of Pre-trained Language Models

» Knowledge Distillation
> DistilBERT/BERT-PKD/MobileBERT/MiniLM(Task agnostic)
» Our Work: TinyBERT/Mate-KD/ALP-KD

» Quantization
> Q-BERT/Q8BERT
» Our Work: TernaryBERT/BinaryBERT
» Our Work: QuantGPT/QuantBART
(ACL2022 Outstanding Paper Award)

v

Pruning/Slimmable

» LayerDrop
» Our Work: DynaBERT

v

Model archetecture search
> Our Work: AutoTinyBERT
Automatic feature generation:
» Our Work: GhostBERT

v
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8

2 HUAWEI

(DE

-
Ll

%

T



TinyBERT: Distilling BERT for Natural Language Understanding

* Deployable BERT

» Transformer-layer distillation
* Embedding-layer distillation
» Prediction-Layer distillation

* Two-stage learning: general (pre-training)
distillation and the task-specific distillation

» 7.5x smaller and 9.4x faster on inference
* Ranked 1%t at CLUE

» Accelerated on Bolt, on-device inference
cost 6ms on ARM A76 CPU

M-
) transformer ;
Distillation \ i
d
Text Input Teacher Layer Student Layer
System #Params #FLOPS Speedup  MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Avg
BERTpsg: (Teacher) | 109M 22.5B 1.0x 83.9/83.4 1.1 90.9 934 528 85.2 875 67.0 | 795
BERT Ny 145M 12B 9.4x 7541749 66.5 848 87.6 19.5 771 832 626 (702
BERTsmaLL 29.2M 34B 5.7x 77.6/77.0 68.1 864 897 278 77.0 834 618|721
BERT,-PKD 522M 7.6B 3.0x 79.9/79.3 702 85.1 89.4 248 798 826 623|726
DistilBERTy 522M 7.6B 3.0x 78.9/78.0 685 852 914 328 76.1 824 54.1 | 719
SRT. i 13IM 318 - L3BLE 689 895 917 46,7 0.1 129 651 770
TinyBERT; (ours) 14.5M 1.2B 9.4x 82.5/81.8 71.3 877 92.6 44.1 80.4 864 66.6 | 77.0 l
I'!mi'r(.-PKD GIOM 1138 2.0x STSRI0 07 80 00 - B B0 655 -
I i zBERT;. (ours) 67.0M 11.3B 2.0x 84.6/83.2 716 90.4 93.1 51.1 83.7 873 70.0 | 79.4 l
Published in EMNLP 2020: https://aclanthology.org/2020.findings-emnlp.372.pdf
L NOAH'S
Q2 Huawel NSk Rs
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Transformer Layer: ()
Embedding Layer: ()
Prediction Layer:
Layer Number: N > M
Hidden Size: d > d'
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EMNLP2021 Top-Cited Paper: TinyBERT ...

TABLE 1: Most Influential EMNLP Papers (2021-02)

YEAR RANK PAPER AUTHOR(S)

TinyBERT: Distilling BERT For Natural Language Understanding

IF:4 Related Papers Related Patents Related Grants Related Orgs Related Experts Details

2020 1 Highlight: To accelerate inference and reduce model size while maintaining accuracy, we first XIAOQI JIAO et. al.
propose a novel Transformer distillation method that is specially designed for knowledge

distillation (KD) of the Transformer-based models

"Paper Digest Team analyze all papers published on EMNLP in the past years,
and presents the 10 most influential papers for each year."
https://www.paperdigest.org/2021/02/most-influential-emnlip-papers/
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BinaryBERT: Pushing the Limit of BERT Quantization

85.0

I
-

sharp Drop
5t

“Training Loss.

£
e Lot
Accuracy

835
28 a3 2 1 2 & 4 3 1
# Bits # Bits
(a) MRPC. (b) MNLI-m.
(a) Full-precision Model. (b) Ternary Model. (c) Binary Model. (d) All Together. Figure 1: Performance of quantized BERT with vary-
Figure 2: Loss landscap i ization of the full-precision, ternary and binary models on MRPC. For (a), (b) ing weight bit-widths and 8-bit activation. We report

and (c), we perturb the (latent) full-precision weights of the value layer in the 1 and 2" Transformer layers, and  the mean results with standard deviations from 10 seeds
compute their corresponding training loss. (d) shows the gap among the three surfaces by stacking them together.  on MRPC and 3 seeds on MNLI-m, respectively.

#Bits. Size Ratio  SQuAD

1

TernaryBERT —wt —wh W BinaryBERT Method MB) () v m
BERT-base 418 10 80885 846

TWS Operator DistilBERT 250 17 79.0/869 816

LayerDrop-6L ;13 - 829

LayerDrop-3L 2419 786

AR

55 76 79/87.5 828

TinyBERT-6L

ALBERT-EI2S | fullprec. 45 93 823893 816

Av2S ALBERTET68 | fullprec. 120 3.5 SL5/88.6  82.0

—a Quant-Noise PQ 3® 110 - 836

Q-BERT 2488 53 19 OIS 835

Q-BERT 2388 46 90 793870 818

Q-BERT 288 28 150 6977796 766

wt Fullprecision  [wh wh] GOBO 3432 43 97 - 837

v il SN AR GOBO 223 28 150 - 710

Embedding W' Quantized (W, W5 Embedding TemaryBERT | 228 28 150 79.9/874 835

BinaryBERT | 118 17 246 B808/883 842
Figure 4: The overall workflow of training BinaryBERT. We first train a half-sized ternary BERT model, and then ~ BinaryBERT 1-14 17 246 79.3/87.2 839
apply ternary weight splitting operator (Equations (6) and (7)) to obtain the latent full-precision and quantized  Table 4: Comparison with other state-of-the-art meth-
weights as the initialization of the full-sized BinaryBERT. We then fine-tune BinaryBERT for further refinement.  ods on development set of SQuAD v1.1 and MNLI-m.

Published in ACL-IJCNLP2021: https://arxiv.org/pdf/2012.15701.pdf
47 total:61 S2 HuawEl PR3k Ao


https://arxiv.org/pdf/2012.15701.pdf

48 total:61

QuantGPT and QuantBART

Full-precision Teacher Network Token-level ive Distillation

[

R | - anem ot
"} Gyer " oyr 3 i

,W

Input sequence

Transformer Embedding
Layer

Embedding Transformer
Layer vl

Quantized Student Network

Logit Distillation

Figure 5: The training workflow of the proposed method. For each token in the quantized network, we compute
both (i) the token-level contrastive distillation loss where the positive tokens and negative tokens are selected from
the full-precision teacher network; and (ii) the distillation loss on the logits. The embedding layer and all weights in
the Transformer layers are quantized with the proposed module-dependent dynamic scaling.

- o o - “
(a) Full-precision. (b) PACT. (c) LSQ. (d) LAQ. (e) Ours.

Figure 2: T-SNE visualization of the most frequent 500 word embeddings, of the full-precision and different 2-bit
quantized models trained on PTB dataset. Embeddings of different methods show different degrees of homogeneity.

Published in ACL2022: http://arxiv.org/abs/2203.10705

Size  |WikiText2 PTB WikiText103
MB)(l) | PPL()) PPL(}) PPL(})
Sull-prec. |474.9 (1.0x)| 14.4 14.6 139
KnGPT2 |332.0 (1.4x) - - 20.5
DistilGPT2(329.6 (1.4x) - - 21.1
LightPAFF |268.0 (1.8x)| 18.8 228 164
Ours(8-8-8)|121.4 (3.9x)| 15.3 14.9 14.6
Ours(4-4-8)| 62.4 (7.6x) | 15.6 15.0 153
Ours(2-2-8)[33.0 (14.4x)|  17.3 16.1 17.0

Method

Table 2: Comparison between our proposed quatization
method and other compression methods on GPT-2.

#Bits Size
Method (W-E-A) (MB)(}) XSum
Metric RI1 (1) R2 (1) RL (1)
- \full-prec.  532.0 |40.75 18.10 33.05
PACT 8-8-8  138.1 [39.16 16.60 31.60
LSQ 8-8-8  138.1 [39.09 16.72 31.56
LAQ 138.1 |39.10 16.74 31.65
"QuanmtBART | 8-8-8 138.1 | 40.25 17.78 3270
PACT 724 {3268 11.52 26.03
LSQ 72.4 |38.94 1648 31.46
LAQ
“QuantBART |
PACT
LSQ
LAQ
"QuantBART |~

Table 3: Results of abstractive summarization on the
test set of the XSum dataset, with quantized BART.
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ACL2022 Outstanding Paper Award: Compression of ...

Outstanding Paper Award

Peesered to

Chaofan Tao, Lu Hou, Wei Zhang, Lifeng Shang,
Xin Jiang, Qun Liv, Ping Luo, Ngai Wong

e Models

g

ion of Generative Pre-trained L
via Quensization”

25 May 2022
but S
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bert2BERT: Towards Reusable Pretrained Language Models

Figure 3: Overview of the function preserving initializa-
tion (FPI). Given the same input {x, x2}, FPI ensures
the initialized target model has the same output {yy, y2}
with the source model. The first and the second steps
are expanding the in-dimension and out-dimension of
the parameter matrix according to mapping functions
Gin and g, respectively. After we expand the matrix
W into U, we use the in-dimension expansion on the
upper parameter matrix again to ensure the output {1,
Y2} same as the original one. From the view of neurons,
FPI copies the corresponding input and output neurons
to expand the neural network.

S
s

o pia|vig

P
r dgu
a
2

Figure 4: Overview of AKI. It first performs the in-
dimension expansion on both the matrixes of current
and upper layers. Then it uses the widened matrix of
the current layer as the top part of the new matrix and
samples the row of the widened matrix of the upper
layer as the bottom part of the new matrix.

BERTuse  —o bertzBERT
—o— StackBERT

MLM Loss

1 2 3 4 5
FLOPs (1e19)

Figure 1: Loss curves of bert2BERT and baselines.
StackBERT (Gong et al., 2019) is based on the pro-
gressive training setting. More details are shown in
Table 2.

Published in ACL2022: https://aclanthology.org/2022.acl-long.151
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LMTurk: Using LMaaS as Crowdsourcing Workers

vt i
0s =
06
i
02
Cw 00
| 5 » Toan st wE Aovew s
¥ : Schick and Schiitze (2021a,b) | Gao et al. (2021) \ Ours PPt v
= . - SST2 n/a 930406 | 93.0820.62 =
(@ SSTS n/a 495417 [ 46.70£093
Nyo. RTE 69.8 711453 | 70.88+1.70
KL o AGN. 86300 a 87.71£0.07
- CoLA n/a 21.8+15.9 19.71+1.89
s
[ Converting a PLM to LMTurker with few-shot gold data ¢ of task 7. Table 1: LMTurkers achieve comparable few-shot per- GoLA _ SST5  RTE AGNews  SST2
-i*:ayg‘)fe; Pved::‘s t\:‘ﬂla;‘w“eld dataz. formance with the literature. We refer to PET results
lect data 2 from 7 with active learning. . . M
MTurkers o anotate and aggregate lagels of 2. in Schick and Schiitze (2021a,b) and results of Prompt- ot Pt w6
Training a new small model 5. based FT (auto) + demonstrations in Gao et al. (2021). =5
Figure 1: LMTurk overview; best viewed in color. We
few-shot adapt PLMs to task 7 (left) and then use them
as crowdsourcing workers in active learning. We show
that these PLM workers are effective in training a small
model S through a customized active learning loop ColA  SSTs  RTE  AGNews SST2
(right). LMTurk is a novel way to take advantage of Figure 2: Few-shot test set performance of LMTurkers
large-scale PLMs: It creates models small enough to be and S. We use the few-shot gold datasets G (top), G10

deployed in resource-limited real-world settings. (middle), and G* (bottom).

Published in NAACL2022 Findings: https://aclanthology.org/2022.findings-naacl.511 )
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JABER and SABER: Junior and Senior Arabic BERt

Model Arabic-BERT _ AraBERT _CAMLBERT _ ARBERT _ MARBERT | JABER SABER
#Params (woemb) | T10M (85M)  135M (85M)  108M (85M)  163M (85M) 163M (85M) | 135M (85M) 369M GO7M)
e 32k 64k 30k I 100k 63k 6%
enizer WordPie WordPiece  WordPiece  WordPiece  WordPiece |  BBPE BBPE
Normalization x v v x x v v
Data F x x x x x v v
Textual Data Size 95GB 27GB 167GB 61GB. 128GB. 11568 1568
Duplication Factor 3 10 10 - - 3 3
‘Training epochs 2 2 2 2 36 1s s

Table 1: Configuration comparisons of various publicly available Arabic BERT models and ours (JABER and
SABER). AraBERT and MARBERT didn’t provide their data duplication factor.

Leaderboard
ke ot Dusls s MQQ MDD SR SKC FD oo W oD DAG
Arabic-BERT AraBERT CAMeLBERT ARBERT MARBERT | JABER SABER
MQ2Q* 735405 68.9+1.1 747401 691409 | 751403 777404 L e s ® s s es w2 ms mss s s sn 262
MDD 611203 629300 62502  632+03 67.720.1 s
SVREG 867401 83506 87407 89.3:03 .
SEC 454405 439406 468+08 49.0+0.5 D s seem % 7w owmi e me o wma s e me e
FID 849106 85303 84803 86.1:03 st
00LD 913204 90.5£05 922405 93404 e i o
XNLI 557412 708205 724107 759103 5 A s ® o w7 sr st 1 m2  ws e w7 198
OHSD 799518 8LIZ07  81.9£20  838+14 | 85016 889+0.3
4 BERT Multi-lingual Cased ® 0 82 es 339 140 814 803 ea1 05 190
Avg. 724206 726206 72106 741206  739:07 | 762307 78.5+03
Table 4: DEV performances and standard deviations over 5 runs on the ALUE benchmark. Bold entries describe the P e SR O @ = o @ m ED 2 s wm =

best results among all models. while underlined entries show best results among BERT-base models. * indicates
that the results are on our own MQ2Q dev set.

Preprint: https:/arxiv.org/pdf/2112.04329v3.pdf ALUE Leaderboard https://www.alue.org/leaderboard
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SparTerm:

Learning Term-based Sparse Representation for Fast Text Retrieval

Final Sparse

o}

ey
Importance Binary
Distribution Gating

9 Importance

Lia

H Token-wise
importance
/ T Distribution

‘j[l;-' |L*I" I' y

'{}

Expansion-enhanced Gating(sparse)

BOW CETTT T4
®

Not-BOW B e +—

o mer Binary Term
Gating

E_-ln_jal.n Dense Term
{3  Gating

| Token-wlselmpoﬂance?redictor |

Query Can hives be a sign of pregnancy?
Type “Term frequency [ SparTerm
mvessare caused by allergic | WEEERre caused by
Feactions . the dryness and | F@AGEIONSS . the dryness and
strecehing of your'skin along | RRRRGRIRGlo your Sk along
ith other changes can make you_vi<h ocner GBTgERIcan i
Literal[sore susceptibie £0-exper sencing [nore USGEEBIERCo experiencing
e |Mves-during pregnancy - hives ng naves.
Weights [¢an be caused by an allergic can be caused by an EENGHONE
reaction to almost anything reaction to almost anything
emon causes of HIVES |some comon causes of
during preguancy are noted belo |dur ng BESORRENRare noted below
sedicine nedicine
Term symptoms:1.0, women:0.99,
expansion 2sh0.98, fel.0.99, causing 0,97,
body:0.96, affect:0.96, baby-0.94,
sign:0.91

Figure 1: The comparison between BoW and SparTerm rep-

t 1 f +

Importance Gating
Predictor Controller

PLM

Input passage (D) -

(a) SparTerm Model

Figure 2: Model Architecture of SparTerm. Our overall architecture contains an importance predictor and a gating controller.

EDEIEs - @

(b) Importance Predictor

(c) Gating Controller

The importance predictor generates a dense importance distribution with the dimension of vocabulary size, while the gating

controller outputs a sparse and binary gating vector to control term
cooperatively ensure the sparsity and fl

53 total: 61

ibility of the final

These two modules

Preprint: arXiv:2010.00768

The depth of the color represents the term
weights, deeper is higher. Compared with BoW, SparTerm
is able to figure out the semantically important terms and
expand some terms not appearing in the passage but very se-
mantically relevant, even the terms in the target query such
as “sign”.

Model MRR@10
BM25+PassageRetrievalMax 236
HDCT+PassageRetrievalMax 261
BM25 245
HDCT(sum) 280
HDCT(decay) 287
SparTerm(literal-only)+ PassageRetrievalMax 285
parTer 29.0

Table 3: Performance of baselines and our models on dev set
of MSMARCO document ranking dataset. All use the max
score of passages in the document as the document score at
the query time.
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Read before Generate!
Faithful Long Form Question Answering with Machine Reading

Question: definition of sadduction Models Eli5 MS MARCO
FiD: Sadducees. noun. The definiion of a sadducee is a person who ROUGEL Fl | ROUGEL Fl
adls ‘dupl add T5(base) 21.02 18.36 21.19 20.03
S 1
menber of 3 Jewsh sec tha was acive durkng the Second Tempie BART(large) | 22690  22.19| 2326 256
REG(ours): DPR+BART 17.41 17.88 23.01 25.13
p P Jus RAG 1611 17.24 - -
Resdar | [, 28, .
. Pral8) 8 FiD 25.70 28.55 24.64 27.08
- > 1% > g Bl i, — O RBG(ours) 2646 2904 | 2472 2152
)
. ) . - .
Wikpedia oo il 2 [ P | Table 1: Performance comparison between our RBG
Wf gk L ‘l]l]l] method and the baselines on the KILT-ELI5 (Petroni
Qusin 3 Pral) et al., 2021) and MS MARCO (Nguyen et al., 2016)
e = — evaluation sets.
[haee
e T = Dacoder Model Retrieval Generation

PRr. R@5 Fl1 R-L  KRL
RBG(ours) 10.83 2725 2453 2713 2.62
DPR_kilt_wiki | 14.83 27.69 1645 1591 246
o S - 1
Figure 1: An example from MS MARCO (Nguyen et al., B}f“gﬂ; :gg; 222(2’ f:}j ?ggi ?gg
2016) dataset. We highlight the unfaithful snippets from - ) ’ y ; :

e

Encoder >

RAG 11.00 2292 1405 1451 1.69
other modc]: Our model(RBG) generate more factually BART-large 000 000 2055 1923 0.00
accurate answer. T5-base 0.00 000 19.08 16.10 0.00

Published in ACL2022 Findings: https://aclanthology.org/2022.findings-acl.61
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CeMAT:

Universal Conditional Masked Language Pre-training for Neural Machine Translation

Para on ] o

Encoder Bidirectional Decoder

Cross-Atention

Self-Attention fen) who are you Oe]  wer  bist oy
Para. | [en] We danse [mask] the grass  [de] wir [mask] auf Non-autoregressive NMT Wer o
Mono. | [en) Kedii st on the [i fen) [mask] s on [( B
Para | [en] We dance on  the gass [0 Wi tanzen aul dem gms [en) who are  you [de) [mask] pist [mask]
Mono.| fen) CH’ st on the [matl [en) [CAU st on  the [mal

Figure 1: The framework for CeMAT, which consists of an encoder and a bidirectional decoder. “Mono” denotes
monolingual, “Para” denotes bilingual. During the pre-training (left), the original monolingual and bilingual inputs
in many languages are augmented (the words are replaced with new words with same semantics or “[mask]”, please
see Figure 2 for more details) and fed into the model. Finally, we predict all the “[mask]” words on the source
side and target side respectively. For fine-tuning (right), CeMAT provides unified initial parameter sets for AT and
NAT.

Autoregressive MMT results:

TangPairs  EnKK Ear EnEr EnFl Enlv EnCs EnDe Enr e
Source WMTI9 WMTIT WMTIS WMTI? WMTIT  WMTI9 MT!
Size 9lklow)  207k(ow)  1.94M(medium) 2.66M(medium) 4. 5M(medium) 11M(high) 38M(extr-high)  41M(extr-high)
Direction = & = & PR - e = - -

ircct 02 08 95 122 15 26 02 28 19 156 165 B ey 71
mBART 25 74 178 225 214 28 24 285 159 193 180 305 212
mRASP 83 123 200 234 209 268 240 280 216 244 199 352 218
CeMAT 88 129 239 236 222 285 254 287 220 243 218 2 250
A 486 4121 4144 4114 443 459 452 469 491 481 450 483 419

‘Table 2: Comprehensive comparison with mRASP and mBART. Best results are highlighted in bold. CeMAT out-
performs them on AT for all language pairs but two directions. Even for extremely high-resource scenarios(denoted
as “extr-high”), we observe gains of up to +8.3 BLEU on En—De language pair.

Non-autoregressive MMT results:

Source TWSLT14 WMTI6 WMT14 Avg
Lang-Pairs En—De De—En En—Ro Ro—En En—De De—En

Transformer (Vaswani et al., 2017) 23.9 32.8 34.1 345 28.0 327 31.0
Mask-Predict (Ghazvininejad et al., 2019) 220 284 315 317 26.1 29.0 28.1
mRASP (Lin et al., 2020) 239 30.3 322 321 26.7 298 292
CeMAT (Ours) 26.7 33.7 333 33.0 272 299 30.6

Table 5: Comprehensive comparison with two strong baselines. “mRASP” denotes using mRASP to initialize
Mask-Predict, “CeMAT (Ours)” denotes using our CeMAT to initialize. We obtain consistent and significant
improvements on all language pairs, outperforming AT on IWSLT14 tasks. Best non-autoregressive results are
highlighted in bold.

Published in ACL2022: https://aclanthology.org/2022.acl-long.442
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GPT-based Classical Chinese Poetry Generation

» Pre-trained GPT model on Chinese news iow ] (e
corpus, then fine-tuned with 250,000 [ |
Chinese poetries and couplets e [ Transformer ]

AT T 1 T 1 1
Ketib L fie Token: ws R W%
LA, + + + + + +
» No human crafted rules or features v poston: [o ] o (] (] [
; ; I s et

. Gene_rate _vvell-formgd an_d hlgh-que_lllty _ R B

poetries given the title, with good diversity [ 125 ) RSB CER R T, B, B
L ¥ J L ¥ J
* Online demo on Huawei Cloud, gaining
great popular on Chinese social media | =
FHE(Wujue) - #K L - =
R [r=
KIBEIEA . o
IR

¥ —RERK -

45 (Qijue)-FKE
FERA LR
RIS -
TIBERIER,
T REAS D L5 7 -

Preprint: https://arxiv.org/abs/1907.00151
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Pangu-Coder: a Function Level Code Generation Model

DATA  TRAIN HUMANEVAL (%)
MODEL SIZE Mesrx Thocs  (Gp)  TOKENS | pass@1  pass@10  pass@100
GPT-NEO [10] 125M 2048  S0K 825  300B| 075 188 297
CODEX [16] 300M 4096  S0K 729 400B | 1317 2037 36.27
ALPHACODE [47) 302M 2304 8K 715 - 1160 18.80 31.80
CODEGEN MULTI[51] 350M 2048 50K 1595  250B 6.67 10.61 16.84
CODEGEN MONO [51] 350M 2048 50K 1812  325B | 1276 23.11 35.19
PANGU-CODER 317M 1,024 42K 147 211B | 17.07 24.05 34.55
CODEX 679M 409  SOK 729  400B | 1622 2570 40.95
ALPHACODE 685M 2304 8K 7IS S| 1420 2440 38.80
ALPHACODE LIB 2304 8K 715 - 1710 28.20 4530
GPT-NEO 13B 2048 S0K 825  380B 479 747 16.30
CODEX 25B 409 S0K 729 400B | 2136 35.42 59.50
PANGU-CODER 26B 1024 42K 147  387B| 2378 35.36 51.24
CODEGEN MULTI 27B 2048 S0K 1595  S00B | 1451 24.67 38.56
CODEGEN MONO 27B 2048  S0K 1812 650B | 2370 36.64 57.01
GPT-NEO 27B 2048 S0K 825  420B 6.41 11.27 21.37
GPT-1[67] 6B 2048 SOK 825  402B | 1162 15.74 21.74
CODEGEN MULTI 6.IB 2048 50K 1595 IT| 1820 28.70 4490
CODEGEN MONO 61B 2048 S0K 1812 13T | 2613 4229 65.82
INCODER [27] 67B 2048 276K 216 52B | 1520 27.80 47.00

Table 4: Pass@F rates on the HumanEval dataset, among various models. Sizes are reported
thousands (K), millions (M), billions (B) and trillions (T).’

in

MoDEL #LAYERS HIDDENSIZE FFNsize #HEADS CONTEXT SIZE ~ VOCAB

(L) (d) (di) (Nw) (nexrx) (nvocan)
PANGU-CODER 317 M 24 1,024 4,096 16 1,024 41,865
PANGU-CODER 2.6 B 32 2,560 10,240 32 1,024 41,865

Table 2: PANGU-CODER model sizes and configurations.

57 (1) total:61

>

>

>

|

<descr>

Autoregressive LM architecture
(317M/2.6B) herited from Pangu-alpha

Two-stage training schema, with
different training data formating

> Stage-1: 188B tokens

> Stage-2: 42B tokens
Outperform Codex/AlphaCode models
with similar sizes on Pass@1 metric on
HumanEval dataset.
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Figure 4 CODE-CLM: Causal Language Modeling over code-only tokens.
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Pangu-Coder: a Function Level Code Generation Model
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def stream_jsonl(dir_path: str) -> Iterable[Dict]:
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Parse each line in each jsonl file under the folder, and yield the resultl
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Pangu-Coder: a Function Level Code Generation Model
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new *

def stream_jsonl(dir_path: str) -> Iterable[ Dict]:
neew
Parse each line in each jsonl file under the folder, and yield the result
"o

[E Please wait, the code is being generated......
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Pangu-Coder: a Function Level Code Generation Model
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%

new
def stream_jsonl(dir_path: str) -> Iterable[Dict]:

nn

Parse each line in each jsonl file under the folder, and yield the result

nn

More: Alt+[ Next: Alt+U Accept: Tab

for file_path in glob.glob(os.path.join(dir_path, '*.jsonl")):
with open(file_path, 'r') as f:
forlineinf:
(yield json.loads(line))
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Pangu-Coder: a Function Level Code Generation Model
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*

new
def stream_jsonl(dir_path: str) -> Iterable[ Dict]:

M

Parse each line in each jsonl file under the folder, and yield the result
nnn
for filename in os.listdir(dir_path):
if (not filename.endswith(".jsonl")):
continue
filepath = os.path.join(dir_path, filename)
with open(filepath, 'r') as f:
for linein f:
Iyield json.loads(line)l
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SynCoBERT:

Syntax-Guided Multi-Modal Contrastive Pre-Training for Code Representation

> Novel pre-training objectives originating from the symbolic and syntactic properties of source code:

» |dentifier Prediction (IP)

» AST Edge Prediction (TEP)
» A multi-modal contrastive learning strategy to maximize the mutual information among different modalities.
> Extensive experiments on four downstream tasks: code search, clone detection, code defect detection and

code translation.

‘Table 1: Results on the natural language code search task evaluating with MRR, using the AdvTest and CodeSearch datasets.

0 mMum o e @ TEP
L postive Nodel AdVTeST CodeSearch

Podon § 9 - negatve Python | Ruby Javaseripi__Go_Python Java PHP _Average

't NBow B 62 157 30 16l 170 132 189

o CNN - | 276 224 680 242 263 260 324

BiRNN S| a3 193 688 200 304 338 338

SYNCOBERT T Transformer - 275 287 723 398 404 426 419

A RoBERTa T83 [ 587  SI7 850 587 590 560 617

T T TITTIT 6 & 8] RoBERTa (code) S| es sz 859 610 620 579 643

AT P Ry O et @ 1 CodeBERT 272 | 679 620 882 672 676 628 693

e o | Ll ] s a1 GraphCodeBERT | 352 | 703 644 897 692 691 649 713

Code sequence AST sequence SYNCOBERT Bl |2 67 913 T4 723 618 740

‘Comment_ Source Code tract
ncin e Table 4: Results on the code translation task with BLEU, Accuracy and CodeBLEU score, using the CodeTrans dataset.
ik
Revarn o s |0 || vt smen e St i NMetods [T TavaCF
rota e cwilen cosute 1L MASK( g see0) 1 MASK(x se0) ethods BLEU _Exact Maich _CodeBLEU | BLEU _Exact Match _ CodeBLEU

s = by o Naive copy T8.69 00 - 18.54 00 -
L - o0 PBSMT 40.06 16.1 B34s | 435 12.50 21
8 SHCOBERT e raning ot MLV 72 TEP otjcives 0 Mol convastive r-Taing on L L pared g Transformer 5047 3790 61.59 3300 6374
RoBERTa (code) | 7109 57.00 §0.18 56.10 8307
Figure 3: Different scenes of SYNCOBERT pre-training. () SYNCOBERT takes source code paired with comment and the CodeBERT 72004 5880 79.41 59.00 85.10

corresponding AST as the input, and is pre-trained with MMLM, IP, TEP objectives. (b) Positive sampling for NL-PL paired GraphCodeBERT | 7264 5880 - . 59.40 -
SYNCOBERT _| 7652 6130 8222 | 8075 6040 84.85

data, (left) NL vs PL-AST, (right) NL-PL-AST vs NL-AST-PL. (c) An illustration about positive and negative pairs, including
in-batch and cross-batch negative sampling.

Preprint: http://arxiv.org/abs/2108.04556
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Generate and Rank: A Multi-task Framework for Math Word Problems

Original MWP
Problem | A project is completed in 25 days by 12
workers. If it takes 20 days to complete,

how many workers will it take? . . .
25%12/20 > Ranker: Sequence pair classification task

Number-mapped MWP > Feed problem into encoder and expression into
Problem | A project is completed in NUMO days by decoder

NUM1 workers. If it takes NUM2 days to
complete, how many workers will it take? » Joint training: Share encoder and decoder
Solution | NUMO * NUM1 /NUM2

» Generator: Finetune BART on MWP seq2seq task

Solution

Shared BART Bgpression. Ground th Bpresion” Candidtes

Task #1: Generating Task #2: Ranking o
Figure 2: Overview of tree-based disturbance.
@ Multi-task Training — pgmeson S s Ground-truth o) (%)

\Generating Loss + Ranking Loss(

Problem

NUM1 / (NUM2 + NUMS3)

: 0 @
o Probien ) ©) © 0] (#]
""""""""" (o) Go) o) Gom) () G (o]

@ Expression Online Updating TS iy s— o /o w2 < won W
Bank
(a) Expand (b) Edit (©) Delete (d) Swap

Expression

Published in Findings of EMNLP 2021: https://aclanthology.org/2021.findings-emnlp.195.pdf
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