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1. Pre-training 2. Fine-tuning
(Unsupervised Learning) (Supervised Learning)

&0 http://jalammar.github.io/illustrated-bert/
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(5 Rl GPT-2

Their model used 256 of Google's Cloud TPU v3, though A|Z 12} QF o500 M
I've not seen training durations. The TPU v3 is only st20]| gxIOMR 17
T L ...

available individually outside of (though
likely got special dispensation) which means

you'd be paying $8 * 256 = $2048 per hour.
* 3 Elliot Turner
@ @eturner303

XLNet Holy crap: It costs $245,000 to train the XLNet model
IS O] (the one that's beating BERT on NLP tasks..512 TPU v3
201 gx{0OtQ] |2 chips * 2.5 days * $8 a TPU) -

=x: GPT-2: https://twitter.com/Smerity/status/1096189352743301120
XLNet: https:/Awitter.com/eturner303/status/1143174828804857856

12


https://twitter.com/Smerity/status/1096189352743301120
https://twitter.com/eturner303/status/1143174828804857856

== 7|&, 50| 2st 714 DEEw

* TPU= 1 device -> 4 chips -> 8 cores &L |LC}.

TPU TPU Count Cost CO2

($ per hour) (device) Training Time (USD) em(lﬁgssigms

Model Size

24 Layers v2 $6.912

(340M) ($4.5) 16 4days  orgsomrel) 1428
48 Layers v3 $43.008

(1542M) ($8) 32 7 days (2 5.1002H)) 2516
24 Layers v3 $61.440

(365M) ($8) 128 25days (o7 300nis)

79 * NY < SF Air Travel: 1924 (Ibs)

£f11: https://syncedreview.com/2019/06/27 the-staggering-cost-of-training-sota-ai-models/,

Energy and Policy Considerations for Deep Learning in NLP, 2019 E Strubell 13
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(BERT Base 7|&)

Corpus

LaRva Pipeline v0.1.0

_TI_7H—1. C= /‘I:II-O — A‘IH
(https://github.com/google-research/bert)

Pre-processing

& Vocab

+ 600G (TFRecords)
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BERT 0|0|X|: http://jalammar.github.io/illustrated-bert/
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LaRva Pipeline v0.1.0
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B. CtFSt Downstream TaskE =% &+ AU E Ao &M O|2| Ao
e HE0 Tokenizer S, Z Qs M ZHtl

C. 7} 2712 NEE 4 U= REST API MH

Downstream Benchmark
Tasks - Server
(CLaF + NSML) (REST API)
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Minio: Object Storage for Al

AWS S32 &2 QIEH|0|A XS

2

Checkpoi nt u pload : bert-base-eng-full-eng_uncased_vocab-uncased-100k.tar.gz 193.67 MB
. . = — Ol=x = @ bert-base-eng-full-eng_uncased_vocab-uncased-200k.tar.gz 193.73 MB
configll weightE SAleA 25 =,
bert-base-eng-full-eng_uncased_vocab-uncased-300k.tar.gz 193.76 MB
MEHO|| 25
bert-base-eng-full-eng_uncased_vocab-uncased-400k.tar.gz 193.77 MB
bert-base-eng-full-eng_uncased_vocab-uncased-500k.tar.gz 193.77 MB
Download & Load: @ bert-base-eng-full-eng_uncased_vocab-uncased-600k.tar.gz 193.76 MB
. = E= '|:L ‘ |_h bert-base-eng-full-eng_uncased_vocab-uncased-700k.tar.gz 193.76 MB
Bucket policyS SaliA, URL &20] 7S
bert-base-eng-full-eng_uncased_vocab-uncased-800k.tar.gz 193.76 MB

URLEF Q3H5IH CIREE = B8 =

Minio: https://github.com/minio/minio 013
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Downstream Tasks z019

= 1o o - (e [ ) - DERES
BERT =20IM 20| 45 Hrtgo= AtZEl Hl0IE{A! (e.g. GLUE)
. ZIHE CloE{ AT} LI H|o|E{AS 20t KLUE/JLUE HIO[EA &t |, miee) & T - [
—{r ﬁ o—{—r yfiy A —
s [ ) () ([T ) [T cLs] || Tok1 || Tok2 Tok N
- _- _ \_|_| \_'_/ [ |
* KLUE / JLUE: 3201, 2/=0{ 910{0|3} #Ix|0t=
, (@) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, CoLA
ey — RTE, SWAG
TaSk =TT Start/End Span (0] B-PER :
29— =0 #
) [t C)E)- G- L) i
7|A TARS. FAret o
At BERT BERT
=5 B 2%t i
o= - G- [ = =] - :
(> O —
@ = ” ok] m [cLs] ][ Tok1 || Tok2 Tok N
D D= el - G
7 i D:| 2 D O:I Question Paragraph Single Sentence
9_|EH—|'Q|I- E) -EIC) l 4 i‘l_l (c) Question Answering Tasks: (d) Single Sentence Tagging Tasks:
I_I = =S SQuUAD v1.1 CoNLL-2003 NER

Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.

O[O|X|: BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding - 2018 J Devlin 24
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Fine-tuning 0fl EL2°¢r LA =

Reproducible, X210| 7+=35[{OF StLCY.,
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ol e 21 A KorQuAD
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Tokenizer & Cr&ret M0 Clal| ¥4Z80] &0|3HOf otCt | |
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XS3sE fIsiAl Ao ciie Z=8|7F M2 E[0{QI0{0F otCt, (Supervised Learning)

E%{: BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding og



CLaF: Clova Language Framework
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- Open-Source X0 A{ 2| =R
(PyTorch 7|k
o =AMSIQI D=
- Multi-lingual x| (GLUE, KLUE, and JLUE)
- CfFst Task €A 3=7t, Option B4 (HEL| 29|4)
* Reproducible + Logging
- NSML (4[o[H] HE{'d SEIRE &3 E) =&

-

Token Maker
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Data
Reader

Modules

Funcitional

~

¢ Baseconfig ] | E‘ AEI 6:-! %;I 9‘ e SQUAD Char (CharCNN) e Bucket Padidng ~ ® Reading Comprehension * Multi-GPU
e KorQuAD Word/Flne tune Word (Static/Dynamic) Semantic Parsing e TensorBoard
_I e WikiSQL Exact match e Sequence Classification e Comprehensive
S e Cove/ELMo /BERT e Token Classification logging
(Hype rparam ete ['S J_'_ © . I?i\rguistic Foeatures * Reproducible
(ex. POS, NER)
Experiment
0
S8|%%
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CLaF: https://github.com/naver/claf 26
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: "squad_bert",

. ZF A LIE 9| Parameterd| 91456107 - v o, .
: o : "bertTfor_qa",
AEI%D-I% 'II%CISI . i;g: ) " : : "larva-kor-small-cased",
- 2| E|0 U= Config af= AFE SR bl aoraat

S B
: { : 10,

. KLUE/JLUE O|2] &2 R

: ["feature"],
7 Al
7 Al

- ArgumentE SdliA| 4 7ts intzr

: "kor_32k_v1_vocab.txt"

: 3e-5,
: "adamw",
0 Al
: 0.01

: "bert_basic",
: { : "warmup_linear",

_> AlB{0f cHat Al -

I |

Hyperparameter’| 2™ ERDZ,
Lot mNTHHHAM e Tt

S— O

: "kor_32k_v1_vocab.txt",
: "all”

KorQuAD BaseConfig Gi|A]

27
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Fine-tuning &3 Of|A|

claf git:(master) X python train.py —base_config klue/korquad_bert —bert_for_ga.pretrained_model_name “modelA-100k”

claf git:(master) X python train.py —base_config klue/korquad_bert —bert_for_qga.pretrained_model_name “modelA-200k”

KorQuAD TaskO0l| model12| 100k Step, 200k Step Fine-Tuning ZI2t,

Fine-tune &1}

Metric Logs. Metric Logs.
{ {
"best_epoch": 3, "best_epoch": 5,
"best_global_step": 14000, "best_global step": 25000,
"best": { "best": {
"valid/loss": 0.5234435290928358, "valid/loss": 0.6766484450896716,
"valid/epoch_time": 60.746843099594116, "valid/epoch_time": 64.26702761650085,
"valid/em": 84.67267059231035, "valid/em": 84.84586075510911,
"valid/f1": 92.95460178922072 "valid/f1": 93.33498288786473
b, },
"best_score”: 92.95460178922072, "best_score": 93.33498288786473,

28
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Benchmark Server: Table 2013
[ |
of M= =folet &= Q= 7| | |
. 2 TaskQ| ds2 &elet = = 7|2H0| Table. (DataTables 7[gl)
== 0| ML ORIV 2 71 =2 s S
0| AQt ORI 2 718 =2 4350 Bold X2
. Hi =7 AlO < 3 |--|EAO|— ‘_'
Task EEJCG;IE,I;IT' ae DEE =0A = 3 JV!I_ Search X|&
O DataTables GLUE Benchmark
Search:
Model CoLA SST-2  MRPC STS-B QQP MNLI  MNLImm  QNLI  RTE WNLI
ode Matt) ©  (Acc) (F1+Acc/2)  (P+S/2) (F1+Acc/2)  (Acc) (Acc) (Acc)  (Acc)  (Acc)
bert-large-uncased 61.440  94.037  89.537 89.991 88.745 86.480  86.025 89934 70036  56.338
bert-large-eng-multi_task-5_epoch- 60.241 93922  92.119 88.639 88.337 85818  85.852 90.335 83.394  54.930
uncased
bert-base-uncased 57.824 93234  90.265 87.146 88.661 84483  84.723 88.660 66.065 57.746
bert-base-eng-multi_task-5_epoch- 55255 93349  91.519 87.478 87.762 84157  84.194 88364 77.617  45.070
uncased

29
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Interactive Chart
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plolly
o Step HZ 22 HS0| O{LH LIOFK|=X| 21 A0{Q SN HZ M=X10|2 H1 AlHQ
= = OO S — = It . =51l = ol = A =V,
Task Name: KorQuAD
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Yy i b hbbi S — - - - = = = ot e — - - = BERT L12, Multilingual, 256B, Cased
O e asunan e’ o’ - wuwile,
@ rpetmmmtt . e sssannnnnnnnn @nanmentttt BERT L6, 32k v1, 256B, Cased
0.88 O e A ; '
e e g g PP g gy g g g g g 91 e .-
Cemnnnt o
PPV nlielieiieiiell niteiiiiniiel il il nieeiieie il nieieieiie il el :—.' - P T R R e BERT L12, Multilingual, 2568, Uncased
- 100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k 90
100k 200k 300k 400k 500k 600k 700k 800k 900k m
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Upload
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Trigger

>

Benchmark

Downstream
Tasks
(CLaF + NSML)

Storage
Server
(Minio)

Server
(RI=SIWA\R)

st I3 100k Step O+ Upload

Checkpoint — «wweennnnnes Fine-tuning %!k
(NSML= S3sliM SAl0f| TIdVTS)
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W 7} A1t Benchmark A0 =7}

] NSML Dashboard0f| A HA[ZFHIS
T

POST call

>

Benchmark

Storage Downstream
Server Tasks

Server
(RI=SIWA\R)

(Minio) (CLaF + NSML)

)

ot R 100k Step Ot Upload
&2|El BaseConfigE &3 @ Daticiy
Checkpoiity  ------------- Fine-tuning It
i i (NSMLZ SatiA SA|0l| Zb7}s) m

plotly
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1 M|n|0 A‘l I:l'l O‘” I‘”ﬂE E larva-automation APP 7:06 PM
larva-kor-base-cased-300k 0| Y12 E &[]
NSML Commnadsk: HZE E|}ASLICE (larva-kor-base-cased-300k)
7471
2. DOW”Stream TaSk EJ"l- klue-reporter APP 4:55 pM

Report Success
- bert_model: roberta-base-kor-full_sent _dist_test DDP_1024B-kor_byte vocab-

cased-100k
- task_name: paws

- metric: Acc
- score: 0.82508/4562/18641

35
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LaRva Pipeline VOZO Automation

(Minio, CLaF and

AtsshEl W7 Dashboard Dashboard)
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LaRva Pipeline VOZO Automation
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Dashboard)

Pre-processing
& Vocab

Training Evaluation

60G

'” K stepOICt H7}
Xtsst + AlZtst
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Multi-lingual vocab from Google

. BERT-Base, Multilingual Cased : 104 languages, 12-layer, 768-hidden, 12-heads, 110M parameters
T20[A Bl st=0HE Zetst 1047 A2 et&5E BERT-BASE 22
- Vocab size : 2f 102} (119,547)

- ¢t=20{ UnicodeE =&t EZ2| HIZ : 2.7 % (3,271)

Korquad
devset?] Avg tokenized

Paragraphs sequence length
&

Multilingual-cased
vocab (Google)

https://github.com/google-research/bert 39
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DEVIEW

Vocab #+= L}O| =29l

Lio|mereloy| e =7t TR

(™Ef2 2M, Unicode Normalization, Unicode encoding, CJK Split,...)

Source Corpus®] SentencePiece
H| 20| H|ZX K| =2 : ., or

2% Sampling - FastBPE

: Vocab size, c_coverage, ...
Split by line

40



DEVIEW

Vocab /1= 10| =22l

Lio|mereloy| e =7t TR

(™Ef2 M, Unicode Normalization, Unicode encoding, CJK Split,...)

Source Corpus?| SentencePiece
H|S0| H| 28| E2 : or

=& Sampling FastBPE

£35| Multi-lingual vocab2 Tt [l | S

(Mono-lingual?! 3<% Ft0{x|2F Z0{H|2| H|Z 1159)

41
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=20 VVocab Benchmark

rol

Korean Unicode Avg tokenized

Ratio sequence length JINK Ratio

Vocab size

Multilingual-cased

vocab (Google) 119547

2.7% 329 6%

Korean vocab v1

32000 83% 233 4%
(cased)
Korean vocab v2 64000 859% 513 20/,
(cased)
Korean vocab v3 96000 86% 203 1 5%

(cased)
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MLMF NSP 2019

0.1% Aardvark 1% | IsNext
. ] () SINEeX

10 Improvisation
T 99% NotNext
0% | Zyzzyva |

FFNN + Softmax FFNN + Softmax

\_ ) Y, -
bt st ST F et s 3N N N O A O e

o
[CLS] lets stick  to} [MASK] # in this  skit [cLs)  the man [MASK]  to the  store  [SEP]
L

rr+t+ 1111

a
=
s
[CLS] Let's  stick to improvisation in this skit 1 Sentence A Sentence B

n
[CLS] the man [MASK] to the store [SEP] penguin [MASK] are flightless birds [SEP] 3

—

L]
s
EEEEEE NN NN NN NN NN NN NN NN NN NN NN NN EEEEEEEEEEEEEEEEEEEEEEEEnEE st

O|0|X| &X : http://jalammar.github.io/illustrated-bert/ 43
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MLMZF NSP 2018

Input Example
R0l 2HHS 2E SQILICE MLMZ NSPS| Q10| 0f%E A BHE0|ENR?
st QoI = 2 SHA|CH

tokens: [CLS] Ol ##5 ##0lA [MASK] ##HIE 2LH T ##QULICI . ML ##M ##3t [MASK] ##2| Q@ ##% ##0| ({2
A THSO0] ##E ##7t2 ? [SEP] otH YOIE ##T = ##ZF ##AICI [MASK] [SEP]

segment ids: 0 0 0 0 0 00000 O0000000000O0O0O0O01111111

is random next: False

masked 1m positions: 4 13 25 27 29
masked 1lm labels: 2} NSp 2OtE g 1|

tokens: [CLS] Ol ##5 ##0|A 2 ##HIE ZHE [MASK] ##QLICt . ML ##M ##1t [MASK] [MASK] @ ##% ##0|
oA DHSO| ##Z% ##71Q ? [SEP] [MASK] ZHE EHIAE [SEP]

segment ids: 0 0 0 0 0 0 0 000 00000000O0O0O0O0O0O01111

is random next: True

masked 1m positions: 7 13 14 24
masked 1lm labels: & NSP ##2| 0|2
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MLMZF NSP 2018

Input Example
R0l 2HHS 2E SQILICE MLMZ NSPS| Q10| 0f%E A BHE0|ENR?
st QoI = 2 SHA|CH

A DHS0| ##E ##tQ 2 [SEP] oftH YOl wpT = ##Z gxA|Ct [ MASK]' [SEP]
segment ids: 0 0 0 0 0 00 0O0OO0OO0OO00O0O0OOOO0OO0OOOOO0OO0O1II111II1IT1I1
is random next: False

masked 1m positionss-4-43--25-27-29

masked 1lm labels: )2t NSP. 2OLE_ Bt 1!

tokens: [CLS] Gl ##%7 ##0IA 2t 8 ZE MASK} ##2LICH . ML ##M ##3t {MASK]i[MASK] € ##% ##0|

segment ids: 0 0 0 0 0 00O 0O 0OO0OO0O0OO0O0O0OO0OO0OO0OO0OO0OOO0OO0OO1II1IT1I1
is random next: True
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MLMZF NSP 2018

Input Example
R0l 2HHS 2E SQILICE MLMZ NSPS| Q10| 0f%E A BHE0|ENR?
st QoI = 2 SHA|CH

tokens: [CLS] Ol ##7, ##0lM [MASK]. ##0IS. 21 5. ##2LICL .. ML ##M ##20F [MASK] ##2| @ ##X ##0| O
A DHSO| ##E ##07lR ? [SEP] SttH UOIE ##T = ##Z ##A|C [MASK] [SEP]'

masked 1m positions: 4 13 25 27 29
masked 1lm labels: 2} NSp 2OtE g 1|

tokens: [CLS] O ##H ##I-ONA‘L-Ef-##lﬂfé-uati—*.-[-MASK-]-##ﬂHEf . ML ##M ##3} [MASK] [MASK] Q| ##%= ##O0|
O{EAH DHSO| ##E ##7tQ 2 [SEP]. [MASK]_ =HE EHIAE [SEP]:

segment_ids: 0,0-.0.0.0 00 0 0 00 00000000000O0O0C1111
is random nexti True !

masked 1m positions: 7 13 14 24
masked 1lm labels: & NSP ##2| 0|2
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TFRecord

Input Example
HSoA 2HHIE wE SQIL|CE MLM2F NSP2| 2130| o2/ OtE0{ZI2?

ottt SOt = = SfA|CH
X n_duplicate o
Traininglnstance
Traininglnstance
02| 28 =H| 2 138 =7[= shiAl H
S5t Raw datadllA n_duplicate TFZ2 Traininginstance
TrainingInstanceS A A X% —

47



7|2 Static file gHAlo| 2x|A

Static files . O|0|E] MZEF Z27t0| Bto| =CH
: Source Corpus (60G) x n_duplicate(10) x n_vocab(10)
TFRecord __6TB
TFRecora : . polo| =25 TrainingInstanceE 2| EICt.
TFRecord - Preprocessing '240| HHE miOiCt H|O|E{E ME BHS0{0F SHH!

E ocab, tokenizer, max_seq_length, ...
TFRecord : v 419 )

48



DEVIEW

HCt £§2H0l 40| nto|=2t2l

Static files

NSP Mask LM Mask LM
g s . »

i
TFRecord CE)- =l @) | :
TERecord ffiiif,t;BERT‘_:—lZ—?, h Dynamic Data Pipeline

ECell IMESI. Enl[RECSRIIEA | < |RE

/ D £ \ / T D £ D & N\
cs || Tok1 | g SEP] || Tok1 | ... | Tokm

TFRecord —T S

Masked Sentence A Masked Sentence B

*
Unlabeled Sentence A and B Pair

TFReCO rd Pre-training

49



DEVIEW

Dynamic Data Pipeline

Document
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DEVIEW

Dynamic Data Pipeline

Document
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DEVIEW

Dynamic Data Pipeline

Tokenizing =,
H|zeh 37(2f =2

split! (200M ~ 300M)

ﬁ
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DEVIEW

Dynamic Data Pipeline

I} oLt 1= Ed[0]d QUAEA L

L& SHLfO|A= N7H(10k ~ 20k) 02| QIARAT BIS0E = /S

53



DEVIEW

Dynamic Data Pipeline

Data Reader

Sentence A & Sentence B

Masking

;IS N7H 4 lojM EXo= |

: Training instance ZH|

Instance Queue
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DEVIEW

Dynamic Data Pipeline

Instance Queue Data Iterator

Data Reader= €4!5| H|O|E{E &=H|st™1

Data lterator= 70I| 291 QIAHAE AL Training loop!

ofl 24 80l E&|0]'S!

55



DEVIEW
_|

Dynamic Data Pipeline2| &%

Instance

Data lterator

Data Reader

Queue

- Source Corpus?t 7IX[11 QLM E[7| IhF0f| K& St B (600GB -> 60GB)
=&k[= Traininglnstance 810 D81 CrE MasksE S0 2 = US
(Of—’F— 0|0|&F Generalization £1})

- Training SZt0ll Preprocessing option= HIE £~ RS (on-the-fly!!)

56
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KIXt2| Pre-training tip ...

Attention2| 214t E4 4, Input sequence?| Z0[7t E0{ A= AHLHEFO| QuadraticstA| B0 &

Longer sequences are disproportionately expensive because attention is quadratic to the sequence length. In other
words, a batch of 64 sequences of length 512 is much more expensive than a batch of 256 sequences of length 128.
The fully-connected/convolutional cost is the same, but the attention cost is far greater for the 512-length
sequences. Therefore, one good recipe is to pre-train for, say, 90,000 steps with a sequence length of 128 and then
for 10,000 additional steps with a sequence length of 512. The very long sequences are mostly needed to learn
positional embeddings, which can be learned fairly quickly. Note that this does require generating the data twice with

different values of max_seq_length .

S 1002 AH S, 90T ARIE2 1024B X 128L= Tlalistil, LIHX| 102 A2 256B X 512L= i}

https://github.com/google-research/bert 57
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KIXt2| Pre-training tip ...

20| max_seq_length7t 128, 51221 H|O|EAlIS ZtZt OH=040F

Longer sequences are disproportionately expensive because attention is quadratic to the sequence length. In other
words, a batch of 64 sequences of length 512 is much more expensive than a batch of 256 sequences of length 128.
The fully-connected/convolutional cost is the same, but the attention cost is far greater for the 512-length
sequences. Therefore, one good recipe is to pre-train for, say, 90,000 steps with a sequence length of 128 and then
for 10,000 additional steps with a sequence length of 512. The very long sequences are mostly needed to learn
positional embeddings, which can be learned fairly quickly. Note that this does require generating the data twice with

different values of max_seq_length . What ?22?!

60GB X 10 (n_duplicate) X 2 (128L, 512L) => 1.2T (vocab 5Lt &)

https://github.com/google-research/bert 58
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On-the-fly preprocessing

Erjlo|d SZH0| max_seq_length, masked_Im_prob S2| SMZ SHOZ HZSH 4~ QI 3|

Variable Sequence Length : 902t ARIIEX[= 1024H[x| X 128 Length=

521 5 LIS 100t A2 o56HIX| X 512 Length2 21 (23 &% °F 15% S7})

Mask Scheduling : Masking2| 0|8 HEIHoOZ 22 £ US

(Basic Masking => Ngram masking ratioS s2{Lt7}7|)

59
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Variable Sequence Length

256B x 512L

1024B x 128L VS

| 5H(V100 X 8)01| A

20|, x| EdO|d S5

1

=
—
ext Classification CI2AEE] E|AA0|A & & HiX]

12
—h
o1
o~

0




Score (Average)

DEVIEW

MaSk SChed u I i n K stepOiCt M| Mask & 2019
Ngram masking2| 2= BTN e=E 55 L&
N
=== Mask Scheduling

- - = Basic Mask 1M 0|% Ngram Masking 1M

KLUE Benchmark 8712| @+ A

Task Name: Average
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NSP7} 2 gIC11?] 2019
£l 0921 == 0llA NSP2| E2-80]| Chet 2|== EA
(MLMOl Bish | 4o, xf2f2l 2 NE2g me 2ol =8y SpanBERT (Joshi et al, 2019)
Next Sentence Prediction ?! RoBERTa (Liu et al, 2019)

T ALBERT (ICLR 2020 open review)
Input ([CLS} W ( my W (dog W ( is ” cute W( [SEP] w ( he M likes W play W ( ##ing W( [SEP] W
Token
Embeddings E[CLS] Emy Edog Eis Ecute E[SEP] Ehe EIikes EpIay E##ing E[SEP]
Segment
Embeddings
Position
Embeddings

O[O|X|: BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding - 2018 J Devlin 62



DEVIEW

FULL SENTENCEZ= &=H|o X} 018

SENTENCE PAIR + NSP (7|& 24])

[CLS] SENTENCE A [SEP] SENTENCE B [SEP]
Random text §10| &A| LS| Qi=5El A|HAE QIARHAS R|2CH

Ci2t, &=A7t v T2 SeperatorE 20|11 CIA| O|H{AM =

FULL SENTENCE

[CLS] FULL SENTENCE
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DEVIEW

7|Z2| Dynamic Data Pipeline

Dvnamic!
0] THE8 randomnessie

| 014 et glS

Document
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DEVIEW

MZ& Dynamic Data Pipeline

+ FULL
Document Tokenizing o cENTENCE _L/

o o
"""""
uuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuuu
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DEVIEW

MZ& Dynamic Data Pipeline

Tokenizing <,
FULL SENTENCE
Ef 2 FH|(indexing)

ﬁ
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DEVIEW

MZ& Dynamic Data Pipeline

67



DEVIEW

MZ& Dynamic Data Pipeline

Data lterator

Masking

+ NSP or SOP
1S Batch sizeTtE
: 210{M Training instance Z=H|

Training loop

68 —




Roberta BASE
(256B 7|&)

# Sample/s
(avg)

Variable Sequence Length

Mask Scheduling

Indexed It EL 0F
(Storage x 2)

Distributed training

Hierarchical
Data Loader
(2 step pipeline)

Flat

Data Loader
(FULL SENTENCE)

=/s(MIttZ23..)

69
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(BERT Base 7|&) DEVIEW

LaRva Pipeline VOSO Automation

(Minio, CLaF and
Dashboard)

Dynamic Data Pipeline X &!

Pre-processin . . .
Corpus — ;v . J a5 Training — Evaluation
: oca :

6OG E 60~1 20G E QII: 1 Ol )I\ICI) . -
» On-the-fly (Dynamic) : 0= K stepO}C}t @7}
XSz + AZs)
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(BERT Base 7|&) DEVIEW

LaRva Pipeline VO3O Automation

(Minio, CLaF and
Dashboard)

Pre-processing

Corpus —> Evaluation

& Vocab

60 60~120G : OF 1 ~ | )
On-the-fly (DyNamic)  oomoewnt ot oie i : la(qssteﬂii:




DEVIEW

HIE2 2|22 ALE.. 3

BERT Base 256 batchES sh&A|7|2{H..
GPU 5iLt & 32 Batch®! X 8 (GPU) = 256

stX[2t Single Precision (FP32) 7|&2 2=
GPU St & 24 BatchZt Zz|[CH. ..
(24 Batch x 8 GPU =192 )

NVIDIA V100 32G

73
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Single, Half Precision

sign exponent{8-bit) fraction (23-bit)
N |

SingIePreCision 00111110001000000000000000000000

31 23 0
exponent fraction
sign (5 bit) (10 bit) _ I\/Iemory A2t
T ' 14 & 7+ (2 2
_ - E L _—'T—Il_— 7 2H
O O O == [ & ilix|= O =2 !
15 10 0

source: https://en.wikipedia.org/wiki/Half-precision_floating-point_format 74
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DEVIEW

Let’s Mixed Precision Iraining !

NVLink-Enabled r L BN B O EE B B OB OB B
CPU

FP16_Optimizer

With Dynamic LossScaler

=

& & & . E E = E EmE

‘0
-‘-‘-----
‘0

NVLink TensorCore

|

FP16 2 FP32 25247 olAtoj

£|%{51El O |l

NVIDIA V100 32G

source: https://www.nvidia.com/ko-kr/data-center/tensorcore/
source: https://www.nvidia.com/ko-kr/data-center/nvlink/

75


https://www.nvidia.com/ko-kr/data-center/nvlink/
https://www.nvidia.com/ko-kr/data-center/tensorcore/

DEVIEW

Let’'s Mixed Precision Training !

BERT Base 256 batch 7|Z&!

=Ll

- 32 Batch x 8 GPU = 256 Batch 2¢1(192B => 256B)
- ‘5 o= gi0| of 2Hff M| £ gt (102 => 62)

. Y X gYT T

.

NVIDIA V100

76



BERT Large= Mixed Precision= A3l
GPU(V100) & 16 BatchZt 22t
16 Batch x 8 GPU => 128 batch...

77

Gradient Accumulation x 2

128 x 2 => 256

DEVIEW
2019




AX|0f £ RHSO| BIX|AO|ZE.

XLNet

Hparam Value
Number of layers 24
Hidden size 1024
Number of attention heads 16
Attention head size 64
FFN inner hidden size 4096
Dropout 0.1
Attention dropout 0.1
Partial prediction K 6
Max sequence length 512
Memory length 384

earning rate e-
Number of steps S00K
Warmup steps 20,000
Learning rate decay linear
Adam epsilon le-6

Weight decay 0.01

source: XLNet: Generalized Autoregressive Pretraining for Language Understanding (2019, Yang et al.)

RoBERTa: A Robustly Optimized BERT Pretraining Approach (2019, Liu et al.)

78

DEVIEW

RoBERTa
Hyperparam ROBERTa; srce ROBERTag,gx
Number of Layers 24 12
Hidden size 1024 768
FFN inner hidden size 4096 3072
Attention heads 16 12
Attention head size 64 64
Dropout 0.1 0.1
Attention Dropout 0.1 0.1
Warmup Steps 30k 24k
Peak Learning Rate 4e-4 6e-4
Batch Size 8k 8k
Weight Decay 0.01 0.01
Max Steps 500k 500k
Learning Rate Decay Linear Linear
Adam € le-6 le-6
Adam (34 0.9 0.9
Adam 3 0.98 0.98
Gradient Clipping 0.0 0.0



Let’s DistributedDataParallel !

1. Scatter mini-batch inputs to GPUs

Forward

Loss

Backward

2. Replicate model on GPUs

3. Parallel forward passes

- D (7] [i2,] [13,] [4]

L [i1, i2, i3, 4] [model] [model] [model] [model] [model]

O

S cPu-1 | cru-2 |l GPU-3

@

; l l l l

(O

al

(O

¢ . | ' . . A cru—1 J cPu-2 i GPU-3

- [1.] [2.] [i3.] [4.] [11.] [2.] [i3,] [i4,] [cached] [cached] [cached] [cached]
[model] [model] [model] [model] [01)] [0 [03,] [04]

— 1. Scatter mini-batch labels to GPUs 2. Parallel loss computation

e [07.] [02,] [03] [04]

o [labell, label2, label3, label4] [labell,] [label2,] [label3,] [label4,]

L:) GPU -1 GPU -2 GPU-3 GPU -4

Qo

; l l l i

(O

S

© GPU-1 |l GPU -2 |l GPU -3 |l GPU -4

5 R B B D

— [071)] [02,] [03,] [04)] [loss1,] [loss2,) [loss3,] [loss4,)

[labell,] [label2,] [label3,] [label4,]
1. Compute loss gradients on GPUs 2. Parallel backward passes 3. Reduce gradients to GPU-1

—~ [grad_I1,] [grad_12,] [grad_I13,] [grad_14,]

9 [loss1,] [loss2,] [loss3,] [loss4,] [cached] [cached]  [cached] [cached] [grad1_m]  [grad2_m] [grad3_m] [grad4_m]

O

S GPU -1 GPU -2 GPU -3 GPU -1 GPU -2 GPU -3

Q

; l l l l l l l l

(O

o

(O

© GPU -1 GPU -2 GPU -3 GPU -4 GPU -1 GPU -2 GPU -3 GPU -4

- B BB B R R CE E &

~  [grad_I1] [grad_I2] [grad_I3] [grad_l4] [grad1_m]  [grad2_m] [grad3_m] [grad4_m] [grad1_m + grad2_m + grad3_m + grad4_m]

[grad_i1,] [grad_i2,} [grad_i3,] [grad_i4,]

source: https://medium.com/huggingface/training-larger-batches-practical-tips-on-1 -gpu-muIti-gpu-distributed7s%tups-ec8803e51 255
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# of data / sec

CheolA| = E8F STICL..

BERT Large 7|= @ 10GbE

DEVIEW
2019

| EL{3 1/0 Bottleneck2 2 QI5H

HIO|E MElEe| 7t%0| R HzE4H...

HEQAE AX|LINAS A} )

LA LE? L4

80

LE8



RDMA + GPU Direct

DEVIEW

2019

T L EE HH ZE|LE stgS T, NCCLe| HIERIR RHdE 52
RDMA: TCP/IP2t= HE| 22 235t protocol overheadS £0|10

SAS 2345101 SRS ZARL}

GPU Direct RDMA AAX =
(nv_peer_mem &X| Z Q)

IHESHCPUZHY 3o

Communications over TCP Vs. Communications over RDMA/RoCE

o GPU 7te| S4IA|0ll GPUZF CPUSF host B2 2| HX[X| &

Server - Initiator

@™ Application

Server - Initiator Server - Target Server - Target

Application ufte

o Application

Transport
Protocol Driver

NIC Driver

NIC Driver

—ED -
e

source: Mellanox

source: https://developer.nvidia.com/gpudirect

11 infiniband NIC7t CPUE ZHX|X| &0 =& 0|2 2|0

s 1 C|OEE TS

g

&

GPU GPU

Without GPUDirect Storage With GPUDirect Storage

GPUDirect Storage Bounce buffer

E] System Memory NVMe D PCle Switch

81
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DEVIEW

HER3 £ #IX|0=3

BERT Large 7|& © 10GbE < IPolB RDMA o GDRDMA

# of data / sec

[y =f LED LE 4 L8
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DEVIEW

DDP X8 Z1}

BERT Large model Pre-training (256B)

DataParallel & Gradient Accumulation DistributedDataParallel
(NVIDIA V100 1 Node) VS (NVIDIA V100 2 Node)
=>2F 262 4Q = 2F 10 A2

83



V100 x 16

500K

V100 x 64

of 6

84
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Distributed Data Parallel 37}

LaRva Pipeline VO5O Automation

(Minio, CLaF and
Dashboard)

Training . Evaluation

Pre-processing

Corpus

& Vocab

60G 60G ~ 120G . obg_pol Ao | | ]
On-the-fly (Dynamic)  i.....,om9= 2= : K stepOlC} &7}

+ 2K Batch Size 75 - XtSsH+ AlZs
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KLUE: er=0{ OJsh g7t #Ix|0r3 25w

KLUE Benchmark

HQA HQA-long KorQuAD MR-2

A= ZASSH ZlA=SE AdEA dEES - - FARR 2%
Task &7 . - _ mAlet 28 RAREES o
as @A) @A) Wik (@EleR)  (@skel) T A (Et0] 412)
Metric EM/F1 EM/F1 EM/F1 Accuracy Accuracy Accuracy Accuracy Accuracy
371 018 Y Y Y

Naver sentiment it Gooale Al

KorQuAD 1.0: https://korquad.github.io/category/1.0_ KOR.html,
nsmc: https://github.com/e9t/nsmc/
PAWS: https://github.com/google-research-datasets/paws 87
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Masking Strategy

poueBOSICISYE MASKIND, 4 4 Jmask] Potter s series [mask] fantasy
E Entity-level Masking }Iarry Potter is a series [mask] fantasy
- Phrase-level Masking EHarry Potter is [mask] [mask] [mask] fantasy

H|0|E] Fx{2(oll E7xel oto|Zatelo| Ze

(NER 22, 12 27| 5)

=X : ERNIE: Enhanced Representation through Knowledge Integration - 2019 Y Sun

ot
1

novels

novels

novels

‘mask’

‘mask

‘mask’

British author ). [mask

by  British author [mask] [mask

by British author [mask] [mask]

=> Space-level masking! ({& TH|)

88

DEVIEW
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SN (U7 3 R (2 N 57 5 T 2 0 I

Rowling

[mask]

[mask]



DEVIEW

Masking Strategy Example

Basic-level Masking

tokens: [CLS] Al ##3F ##& ##x7} [MASK] ¥ [SEP] K| ##F ##5 ##<7t ##El & () 2 L2 [MASK] ##EE ##% < ##71 ##El Ao X
st X| ##3 ##S T7| BT [MASK] ##7 ##S T7| [MASK] ##81°2| [MASK] ##20| ##Ct . O] =M ##9| & ##&F ##240| [MASK] , ¥ HHS ##c=
C ##K 21 ##0|0{ , [MASK] ##4 5& [MASK] 2 ##M 2 ##49| AXE [MASK] A& ##40| ##LCt [MASK] [SEP]

segment idst: 000 00O0O0011111111111111111111111111111111111111111111
11111111111111111111

is random next: False

masked 1lm positions: 5 18 19 31 35 37 47 57 60 66 70

masked 1lm labels: ##E} 23 ##Q7 X| L HI ##At U ##8 XE .

Space-level Masking

tokens: [CLS] Al ##3F ##S ##<7I ##El 9 [SEP] Al ##F ##S ##<7t ##Et 9 () 2 €2 FF #2279t ## © ##7I ##EF Alo| {X[st X[ #
#3 ##S T7| B X ##F ##S T7| B ##M2 [MASK] [MASK] ##LCt . O =M ##2| [MASK] [MASK] [MASK] It , ¥ WS ##= C ##K
[MASK] [MASK] , MO ##Al &S24 ##% 2 ##H 2 ##M9| LXE ZtE [MASK] [MASK] [MASK] . [SEP]

segment ids:t 0 0 00000011111111111111T T r™rrr-itort11111111111111111111
11111111111111111111

is random next: False

masked 1lm positions: 37 38 44 45 46 47 54 55 67 68 69

masked 1m labels: HI ##%0| T ##& ##0| ##XA 21 ##0|0{ X[& ##0| ##LCt
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Space-level Masking Strategy

Space-level Masking2 2= Task”|& (Average)2 == O[0[st S717} QLY.
12{L}, KorQuAD 2 Z2 7|H|=36l TaskOl= £1t7F AL

KorQuAD
Average ; BERT L12, N-gram, 32k v1, 2568, Cased, 93.47 (+0.41) |
935 e f
-------------- :
------------------- M'-'-'-"'.- i eneanang 93 e .--.-‘.-.- “‘..-.....-‘----..---..--‘
T T e AT O oo L
PP b -"_.__....---.........-o-- "..." .: ................ .
e 25 e "BERT L12, 32k _v1, 256B, Cased, 93.06 (+0) :
~ T e T ~ -_._..-O"' ‘._"',_..0"' P E s EEEEE S EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEESEEEEEEEES -
S e e e S T ot
g 8 ‘: ------- At
® - Sots T e
S : n AP L
5 T ¥
i .:3::‘ 91 %4
':’/
o 90.5
90
00000
100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k

Google Whole Word Maskingz} S&
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Batch Size: 256 vs 1024

HIX| AFO|== 2= TaskOl| ChoiA = +== 850| =2
(Z|X =259| BatchSize= 4K, 8K)

Average
gt - RoBERTa L12, BPE, 1024B Cased
v P S 'RoBERTa L12, 1024B, Cased, 89.38 (+1 5)
. 88.5 .......’ ') _____ —.,_—--"‘ T "‘.\
o L '
o ’ '
v —0 — . . ‘®
z sa T T -RoBERTa L12, BPE, 2568 Cased
o I e
(},9 979 ’./ |ROBERTa L12, 256B, Cased, 87.88 (+0) |
87 R4
./
86.5 7
' e
100k 200k 300k 400k m 600k 700k 800k 900k 1000k
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Model Size: Bigger is Better

DEo| AFO|=E B &= TaskOf| CHsA 2 &5 MS0| 22Tt

Average - - - - - — — — — — — — — — - — _ _
00 \BERT L24, 32k_v1, 256B, Cased, 89.69 (+2.99) '
. .- " 7'BERTL12,32k v1, 256B, Cased, 88.52 (+1.82) :
__ 88 »- Tt S
& R .. 5
5 . 7T 'BERT L6, 32k_v1, 256B, Cased, 86.7 (0) :
v 4 O S
: 2 e o
” P O
R P o
R
100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k
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Tokenizer: Char vs Sub-word

MR-2 (NMSC)

BERT L12, Char, 24k_v1, 256B, Cased, 90.1 (+0.5)

7|‘I‘|_I?I_A'|O-”A-|h Char EI‘O‘O‘ AﬁhO‘ —'—;;:OLl' | ) S Gy 1
O O — 1 — LTI—| OO S — 7 | O _d-__ e
| . Y e o e .d
L H|25 MS | goess o o s S .
] L H|ASE M= s
2| TaskOl| M= Hlxzeh &S 2 1 BERT 12, 3k v, 2565, Gased, 8959 ()
| g 0.89 ‘/’/./ g — |
| e
| 0.885 /,/‘/‘
| T e -
: 100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k
S
SM : MR-5 BERT L12, Char, 24k _v1, 256B, Cased, 75.5 (+0.1)
0.94 LT /_,./.» \-\_\\\ ,.:_.,‘. _______ . S
o* ";.‘_h_.,:.’ .................. W arrary =9 I 0.754 /_/'.”’:‘ .'~.. ~\.\-\ _,.-""‘-/‘
0.93 o _ PU-Lo S SALLIIITTTTY . I _.,-/- . . o P T )|
S L0 TTmes :,‘-_:’ -7 I S0.752 O —',_, = LLCEETEERETEEPEEREY S rnawrr s aw @disssnssnasnannannannannnnny
g 092 8 .~ BERTL12, 32k_v1, 256B, Cased, 75.4 (+0)
8 . I e '/./ “,.-‘ --------------------------------------------------------------
©S g1  WtT L aeenT /7 N
g o1 I § 0T (’/ |
0.9 | -  S—— I
I 0.748
0.89 I L,
I 100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k
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Score (F1)

DEVIEW

Tokenizer: Cased vs Uncased

CHA| 2 Ms2 H|5tLt, A2 2812 Token =7t =Lt 7|H=38H M 5t2F Cased A
ZH™EM TaskO| M= UncasedO| 22t A

87

86

85

HQA-lonq :BERTLI2 32k v1, 2568, Cased, 93.2 (+0.6) e
g ................................................................ BERT L12, 32k_v1, 256B, Uncased, 89.8 (+02)
O ° o r..-------------------------------------:-.:---:‘-.:.-.-..-.-. ----------------
G e e S
. ~BERT L12, 32k_v1, 256B, Uncased, 92.6 (+0) ‘0,895 e —
..................................... g : BERT L12, 32k v1, 256B, Cased, 89.6 (+0)
‘‘‘‘‘‘‘ g 0.89 ‘x"“._“::-____...--- FEsEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE
88 R n o
a 0.885
0.88
100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k 100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k

* Cased 2t Uncased X}O| G| A|
Input: PHF5HM|
- (bert-base-multilingual-uncased, do_lower_case=True), ['O', ‘## FL ', ‘##3', ‘##O', '‘##sl, ‘##M|', ‘##L

- (bert-base-multilingual-cased, do_lower_case=False), ['QF, '‘##d3", ‘##Sl, '‘#4M|', ##L']
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Vocab Size: 32Kk vs 64k

PAWS -
64k7t 7|AI=3l, PAWS TaskO|A 2 d5 gfdf= 2061+ . |BERTL12 64k 11, 2508, O 945 1210 |

| ese T T T T T T T
I ,/". """""""""""""""
. ‘/,/ ...........................................
X D1 A A EE e} I_ A I- A O 4 | : ’./,./ ................ °
L , Ve rag e + I ,G "-’_"’ ‘---.-___..--.-..._... lllllllll-‘l-l-’ O A R R A ".‘ lllllllllllllllllllllllllllllll
bs] 0.8 "/ " ....................
- T et T -BERT L12, 32k_v1, 256B, Cased, 81.35 (+O)
o et e
s e e NN NS EE NS NE NN EEEENEEEEEEEEEEEEEEEEEEEEEEEEE
I g 0.78 /’ o
0/' ‘‘‘‘
I ./’/ “““““
0.76 // """"
I / P
0/‘ ““““
s
I 074 .
Aver |
ve age I 100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k
|BERT L12 64k v1, 2568, Cased L
- TTTmTmmz ST HQA
B85 T .- )l e e
S R s CEPPFRIIECLELLITT LY TN ehvitEassssssssssEsEsEEmEnEnEnnn I S R —— St
....................................... ®
IO B "BER‘T L12 32k v1 256B, Cased, 88.52 (+O) X P O OO -
g 7.5 T e D S X 1 N N LI I I LIl I I I rE L L i L E i I 93 "_/. ——————————— e e PO - =l " " L ARLLLLTETT PETTTINPETL i -— — —
. e S O POPPPPPREET I
s v S P T BERT L12 64k v1, 2568, Cased 4. 47( 0.95) |
s ’-/‘ X “' E ’-"’-—'T:‘ ............... JOPTt o — L
g 865 /,r" """"" | £ /'r" .
3 /‘/ “““ (§ 91 ‘/» ‘.., : lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll
56 e I ;. ‘ BERT L12, 32k_v1, 256B, Cased, 93.52 (+0)
85.5 /'/ I 90 /./ A ————.—s'ss L ) dedbedddebldbeddded Aakbebeldbelalebbaleddbalals ek
4 /s Red
s | P
o 89 g
84.5 | (_.{,"
100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k I
100k 200k 300k 400k 500k 600k 700k 800k 900k 1000k
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Model: BERT vs RoBERTa

=710=

(I:

Score (Average)

89

88

87

86

85

100k

Average

e o — O

S

-
o™ A o
o/ .....
o'.‘.
0‘..

200k 300k 400k

RoBERTa”} 2AM|5H 20|Lt, 1M StepstiM= H|XE Ms
D 70| XtO|A: WordPiece + NSP vs Byte-BPE + w

without NSP)

I~
'~.

500k
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1= =0 M= Shx|MH 2019
91 . ‘LaRva RoBERTa L24, Byte, 1024B, Cased, 90.44 (+3.57) ‘
______ - . —
------- adub il TE SN
o i — = - — - — — :
. Ut B 4'_‘ LaRva BERT L24, 32k_v1, 256B, Cased, 89.69 (+2.82) ‘
Ll — —— - - - :
89 ’.‘_’ . — g :
-"* - 1
= e Y T o N - SO q—‘ LaRva BERT L12, 32k_v1, 256B, Cased, 88.52 (+1.65) ‘
o B DL L L L S .
g 88 /. | @enavenmunannnrs @renvannansanEE or-"
< s e 1 : Google BERT L12, 256B, Cased, 86.87 (0) (71%)
© 87 . _/L _______ " e e = = = = = = = = = = = = = == === = —===[====+= 4:/
S R ———— TP PP PR TELEEEEL LA L Wenmmannnannss :
S ;< e JURSRRRRSETIL . - :\‘ LaRva BERT L6, 32k_v1, 256B, Cased, 86.7 (-0.17) ‘
g8g - — — — = = R R T e TR
. e e :\
B e I Loesnnness™"" ¢ E Google BERT L12, 256B, Uncased, 86.05 (-0.82)
85 =¥ :
(N '
84 & :
100k 200k 300k 400k 500k 600Kk 700k 800k 900k 1000k
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Fine-tuning

1. FIne-tune 2. FIne-tune

- Multi-Task Learning

-+ [

MT-DNN

Sentence Encoders on STILTs: Supplementary Training on Intermediate Labeled-data Tasks - 2018, J Phang
Multi-Task Deep Neural Networks for Natural Language Understanding - 2019, X Liu 98
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Multi- Task Learning: MT-DNN

(- 50 HOIR|ZALE, 70| Hlxst B2)

CoLA MNLI-m/mm  MRPC QQP

BERT 61.4 86.5/86.0 89.5 89.9 88.7 70.0 94.0 90.0 56.3

MT-DNN : : 92.1 90.3 : 83.4 : : :

GLUE Benchmark

HQA-long KorQuAD

LaRva-Kor 95.1 94.3 93.9 90.0 75.5 87.4 94.2 84.9

MT-DNN 96.9 - - 90.8 - 89.2 95.0 -

KLUE Benchmark

* MT-DNNS & ClLaF of 28ix|o{QiaL|C}. 99




L — DEVIEW
A3 ATS 2tEt Fe|

- D= Task 85 20| =50| &= Q4
BatchSizeT, ModelSize 1‘ Optimal Vocab

Pre-training Methods (Masking Strategy, Full Sentence s...)
- 2} Taskol| 2AZEHQI Q4

L 1 L L1,

Tokenizer (Char/Wordpiece), Cased/Uncased
- Pre-training 2|0 = Fine-tuning Tt & S 7ts

Multi-Task Learning - 22 Z=H[QI0M Mo = =7} M2 H[O[E{Al9] &
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DEVIEW

| aRva for end-user services

LaRva REI==2 S5, Ms2| aFA
A0 H}

J=CHH - AH]

O|0|X|: https://namu.wiki/w/2|H9%207 0| = 102



https://namu.wiki/w/%EB%A6%AC%EC%95%A1%EC%85%98%20%EA%B0%80%EC%9D%B4%EC%A6%88

DEVIEW

OFE|2 =g517| 022 PLM..

- HE2E] Olsr (2Z AtO|Z)

- HI

O|O|X]: https://namu.wiki/w/2|244%2070| = 103



https://namu.wiki/w/%EB%A6%AC%EC%95%A1%EC%85%98%20%EA%B0%80%EC%9D%B4%EC%A6%88

H'I DEVIEW

X2l E: Engineering M2

| X| %2 BERT-Base (12 layers): (* 1 BatchSize, 128 Length 7|&)

300 ms, iIE[ : 2F18ms

off 2 e
— e
1) cuBERT: LM_; 2) Nvidia TensorRT: {&}:
Intel MKL-DNN & HE| threading + T4GPU:8ms

+ FP16 (Tensor core) AFEA|: 2F 4 ms

H iAot 29 Z23t= Appendix &1

52 ms 7HX| Z4

cuBERT: https://github.com/zhihu/cuBERT
TensorRT: https://github.com/NVIDIA/TensorRT 104
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DElo| AFO|RVE R AL

BERT-Base?l| Ti2t0|E ==: 110 M, & 420M
BERT-Large?| m2t0[E{ 4=: 340M, <f 1.3G
As2 X071 B= LIK| ZMA| A2 HEO| ER0ILH (Future Work)

Compression
Distillation,

]

N Pruning, e
BERT

Quantization,
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Appendix: FasterTransfo

rmer

DEVIEW
2019

O|O[X]: https://namu.wiki/w/2|2H%207 0| =

109

1|large 512 27.35 27.51 27.93 26.83 37.28 92.68 92.92 93.44 91.91 10.88 0.29
2|[large 512 52.93 53.17 53.65 52.03 38.44 193.10 193.64 195.03 191.47 10.45 0.27
4|large 512 100.68 100.95 101.80 99.53 40.19 366.95 367.66 369.42 363.82 10.99 0.27
8|large 512 201.80 202.41 203.64 199.57 40.09 746.52 747.04 748.04 741.39 10.79 0.27
16|large 512 391.46 392.40 397.04 386.95 41.35 1384.70 1385.45 1387.95 1379.39 11.60 0.28
1|large 128 8.65 8.73 9.33 8.48 117.88 26.28 26.42 26.70 25.48 39.24 0.33
2|large 128 11.53 11.63 12.29 11.26 177.60 44,54 44.68 45.18 43.73 45.73 0.26
4|large 128 18.97 19.10 19.56 18.40 217.33 86.96 87.20 87.68 86.12 46.45 0.21
8|large 128 37.82 38.05 38.50 37.07 214.80 172.24 172.72 173.80 169.72 47.14 0.22
16(large 128 71.62 72.00 72.89 70.55 226.78 323.60 324.90 325.65 321.17 49.82 0.22
1|base 512 10.37 10.47 11.07 10.12 98.81 31.64 31.84 32.32 31.07 32.19 0.33
2|base 512 18.91 19.07 20.03 18.41 108.61 61.05 61.30 62.27 59.78 33.46 0.31
4|base 512 35.29 35.62 36.79 34.77 115.04 116.71 116.94 117.83 115.29 34.70 0.30
8|base 512 68.08 68.56 69.56 67.17 119.10 221.87 222.61 225.14 219.76 36.40 0.31
16|base 512 129.38 130.54 132.71 128.16 124.85 450.46 451.83 455.76 445.33 35.93 0.29
1|base 128 4.12 4.19 4.45 3.95 253.13 8.44 8.50 8.78 8.28 120.73 0.48
2|base 128 4.88 4.94 5.40 4.79 417.49 15.36 15.47 15.87 15.06 132.81 0.32
4|base 128 7.17 7.24 7.77 7.12 561.54 25.98 26.13 26.54 25.46 157.08 0.28
8|base 128 12.72 12.81 13.15 12.57 636.50 48.06 48.31 48.71 47.32 169.06 0.27
16|base 128 24.13 24.27 27.80 23.79 672.42 96.55 97.06 99.45 95.05 168.33 0.25

*no use_xla

n_head=16

n_head=12
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