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"Scaling Laws for Neural Language Models" (Kaplan et al., 2020)
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Unified Text-to-Text Transformer A€ S0 R&o| Z=ist &4
- 2% Hl0|E S IE HHE HAER HSksl0] 22, 0%

OQur <M> hand-picked and sun-dried
-M> orchard in Georgia.

“translate English to German: That is good.” [
peaches are <M= our

“cola sentence: The "Das ist gut.'
course is jumping well.”

“not acceptable”
"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino

"summarize: state authorities "six people hospitalized after
dispatched emergency crews tuesday to a storm in attala county.”
survey the damage after an onslaught

of severe weather in mississippi..”

is grazing in a field."

T5 (Raffel et al., 2019)
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- &= I 0|R: Information Bottlenecka Soll 2=%¢?l Scaling Law &4
- Seq2Seq A€ A RENME Scaling Law &® (Tay et al,, 2022)
- KL ZH0IM GPTREE CHH| A8t Scaling Law LIEHSY [25 & X ]

(a) ALBERT (b) DConv (c) Evolved (d) Funnel

Scaling Laws vs Model Architectures (Tay et al., 2022)
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Output Multi-head attention
Probabilities

Transformers /£ 7|4t

Linear

Add & Norm
Feed

Forward Scaled dot-product attention -6I'XI 0 I'
Enm .
Attention : Matl\/lul - N O b I a S
- RMS Norm

- Relative position embedding

ooy (O e‘ () Fosiona - Residual after layer norm
t

Inputs Outputs
(shifted right)

Add & Norm
Masked Mask (opt.)

Multi-Head Multi-Head
Attention Attention

|
V

https://deepfrench.gitlab.io/deep-learning-project/
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New T5 model: T5.1.1
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- 7|28 AXE= TH A28 SSolk|M RRES O|F= ZXHUES

Embedding
parameter sharing

Dropout
(pre-training)

Activation Dataset

C4

RelLU On w/ downstream task

On

C4

https://github.com/google-research/text-to-text-transfer-transformer/blob/main/released_checkpoints.md
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Objective
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[ - BERT-style Span Corruption

1L

Corruption Corrupted Original text
High-level Corruption rate span length 777777 —
approaches strategies ;///f /_}7 . / ‘__ N
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A flow chart of exploration of unsupervised objective Schematic of the objective
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1. HyperCLOVA ZHA
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- JLO{M| Ch X

- Noisy data Ll £Xl 71

- AMA LY 561. 2 3 2 ALS

What Changes Can Large-scale Language Models Bring? Intensive Study on HyperCLOVA: Billions-scale Korean Generative Pretrained Transformers (Kim et al., 2021)
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2. X4 7]9F IMA

- HyperCLOVA A 7[Hr 2| BST
- K| 4| 2k I A H|E 57t (Book, News)

- BO{ LIOIE] HIE 571 (3% -> 20%)

- Unique tokens = &@2oX|2F 300B0| Z£AM st5 HI0IE HlS
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Shkanl,
- 9104 OJol EIA3 : HyperCLOVA ZMA 22
- Q| d HIAZ . |4l 7]dHF AMA 22
9152 9151 93.27 93.49
— 85.25 841 82.09 81.98

527 b3.64

m HyperCLOVA Z{A
X4 7|9 [ M A

NSMC (Acc.) YNAT (F1) KLUE-NLI (F1) KLUE-STS (Pearson) Abs. Summ. (R1) AVG.
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2.2. 215 M|

ISRl eSS Pl &2

- Mixed precision training with BFLOAT16

- From AdamW optimizer to Adafactor optimizer




NAVER
DEVIEW
2023

- CIYet B2 & F2S MOF ofLt?

FP16 SBITS - Exponent
BF16 8BITS - I Mantissa
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IsRUASS Plet E4

- Mixed precision training with FP16

loss
A SHZS 9Ist Clokst AlS

* Learning rate
* Optimizer
* Gradient clipping

 Loss ZE =&

FP 16 training loss step
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FP16 training loss step BF16 training loss step
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- Model : CT5-small

- Optimizer

1. AdamW-1: Learning rate 1e-3 / Warmup 10k
2. : Learning rate 6e-4 / Warmup 0.36k

1
Jmax(n, k)

3. Adafactor : Learning rate (n=step, k=warmup step) / Warmup 10k
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QP TIOI SIS S I3t P2
- T5 AIE0| A= Pretraining loss Bt0 2 R M&s Ol E)1s

- Downstream task (Topic classification) 2| d=0| Adafactor 7 &

86.12

84.3 841

YNAT (F1)
m AdamW-1 = AdamW-2 = Adafactor
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Putting It All Together

- Architecture : T5.1.1 (Huggingface)
- Corpus : HyperCLOVA corpus w/o Multi-task learning

- Precision : BF16

- Optimizer : Adafactor Base Large

# of
parameters

9/M 277M 1.7B

=

ml.'.

[k

I2tOlE =

1l
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- Natural Language Understanding
- Natural Language Generation

- Parameter and Memory Efficient Finetuning
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Natural Language Understanding

- NSMC : Gele|5 4d 2=

[ SH20{0] 2J0i2 Mol - HAl Bjos 1At
- YNAT: ETiE= e
| u#uEm . usAoisol | T

- KLUE NLI: Xtei0] == _J

S - BEL 1 Sim| ATl e offs|)
=82 EuI7) R oLt

Let's go to lunch! J

- KorQuAD: 7|1l =dff

[aef Q= LT o2 Lo | olE

WL o oIS [gg ui7} o EI-S-]

- KLUE-STS : SAIE OI=
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Natural Language Understanding

- Encoder 21} H| 1

m KLUE-BERT-base*
(110M)

= KLUE-RoBERTa-large* 88.31
(355M) 87 a1 87.83

m CT5-small (97M) 85.73 85.69

88.43 88.65

mCT5-base (277M)
B CT5-large (822M)
mCT5-1.7B

CT5-3B

YNAT (F1)

KLUE: Korean Language Understanding Evaluation (Park et al., 2021)
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Natural Language Understanding

- Encoder-Decoder 22t H| (NLU HIAZ TH)

94 93.11
92 35 92.64
92
90.6
90
CT5 87.96
88
KE-T5 86.84

omT5 86 8561

84

82

80
77M 97M 247M 277M 300M 580M 783M 822M 1.2B 1.7B 3B 3.7B
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Natural Language Generation
- Summarization
- Input: " 2% 2ILIZH= AEO| EHEHY £ 018 JFS. 2|0 HS... (4

- Output: "L2/LI2I= AFAHIEO] E£2ofLF

Rougel 54.5 54.19 54.24 54.31
53.73 CT5
£3 e == HyperCLOVA
51.83
51.46
>15 51.03
50.26
50.

el base large 1.3B 1.7B 3B



2.3. HiX|j0=3

Large-scale Language Model 2| 2 =A0l

Parameter and Memory Efficient Finetuning

- IR2HIE 25 25

- LoRA: Low-Rank Adaption
- Full fine-tuning CHY| Z2ICH 0.09% 2| nt2}0|E

- HIR2c

- LST : Ladder Side Tuning
- Full fine-tuning CHH| HI 22| A2 %[ 69% 24

---E—lu

Of ok
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T oh

Pretrained
Weights

\_

/

Backbone
(Frozen)

New Param
(Updated)

—

Forward

- = >

Backward

LORA

LST

LORA: LOW-RANK ADAPTATION OF LARGE LANGUAGE MODELS (Hu et al., 2021)
LST: Ladder Side-Tuning for Parameter and Memory Efficient Transfer Learning (Sung et al., 2022)
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Large-scale Language Model 2| S 2%9| sh& vt
- NLU A5 ™2 (NSMC, YNAT, KLUE-NLI, KLUE-STS)

92.13

o

(LAE) (-2.10%)

91.43 925
90.28 (-0.61%) 92

(-1.87%)

m|ST
"LORA 3098V [l 2M 17B shs Tt
JJEERCLSNE (2.23%) Il (0.11%) I (100%) (HIZ

1.7B
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Model

ComDUte Optlmallty ﬁ}d — ct5-small

— ct5-base
ct5-large
ct5-1.7b
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Compute-Optimality =4

- Small, Medium budgetllA Seq2Seq £}

SSHOE O atE Jts

- KAAHAEA, Large budgetllA<l= Decoder only /1271 |2l

10" 102
FLOPs
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Heavy Fine-Tuning
- 71& Pretraining (PT) — Finetuning (FT) & EtA| && IH2ICHA0IA Generalization
- 2t A3 Domain Adaptation (DialogZoo, ...), Extra Compute (U-PaLM)

—
e

Heavy FT
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Domain Adaptation

- CHEFe| Chzt H|OlE| & 718F ZE|EHA 3 2{'g O = CHgt S5 Tt 2

& DialogZoo A w/o SST

re
=]
=]

ge Sco

5
085
<

#Step(10K)

Figure 5: The average scores of DialogZoo models
with and without two self-supervised denoising tasks.
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2
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£

X

Dialogue Understanding —»

DialogZoo (Chen et al., 2022)
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Extra Compute

- &= O 2 =2 compute budgetl mixed denoising F7} et50 2 biol ds ekt

|nputs_to_targets B B Q

“Autoregressive”

<o —=— PalLM 540B
—k— U-PalLM 540B

Learnlng Paradlgms

Supervnsed ] )

models 4 Finetuning |

| 1
= 4 In-context |
\exure ng) | Learning |
v< Zero-Shot
- ™~ \."' ,“ . ) "'|
. & \ . “,_“\\ -"‘/,
e o —~

1 ‘l

68

(@)
~

~ 4.4 million TPUv4 hours
OR

(@)
(@)

Language
Generation

o))
ol

Encoder-Decoder 1 language |
c Understandng

Structured
ﬁ Knowledge
Grounding

(@)
IS

Long Range
Reasoning

Mixture-of-Denoisers

o)
W

Task Paradlgms

Zero/Few Shot Score on NLP tasks

0.50 0.75 1.00 1.25 1.50 1.75 2.00 2.25 2.50
Figure 2: An overview of UL2 pretraining paradigm. UL2 proposes a new pretraining objective that - 1625
Training FLOPs

works well on a diverse suite of downstream tasks.

Transcending Scaling Laws with 0.1% Extra Compute [Google'22]



NAVER

3.1. Why DialogCT5? el

CT5 towards Data efficiency and Dialog-domain adaptation
-> L2} 7|9 EATHIA M2 in-domain HIO|EI 2 £2 d& Li7|

VS DialogCT5 4 [Froee
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CT5 towards Data efficiency and Dialog-domain adaptation

Dialogue infilling

. Encoding-
Dlalogu§ response demanding % ffDa‘ta
generation Generation Efficiency

Dialogue summarization
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CT5 towards Data efficiency and Dialog-domain adaptation

Encoding- Data
X Efficiency

Scarce data performance

demanding
Generation
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CH2t £t AHNeS Objective
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EfZ2!l et Objective

level level

Partial Utterance Masking

A: |20, <MO> AT E K|MIQ7 .
Ol 1S AN Curriculum
g nienke, OF = = = O} J\}\IQ .
o= O | L-sol'}\'l /_\|'JI1"’ |-E ‘c'>‘j<:| <M1>E Lol—l- b = Learr“ng
CH<M2> QL A=
A: OfO|=0F AfaSH A=t

QIX|TF TAH A= <M3>0I 2.

N
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EfZ! sk= Objective
- Single Utterance

- Multiple Utterance v

Single Utterance Masking

AU, 2SS OHE AILTS KMQ7
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Utterance-
level

Multiple Utterance Masking

Curriculum
Learning

AL <MO>

- BESIX| QLOLM AL 271 SH, SHLH
HCC 2RI QL O 4412 T HRIR QAL
33

AL <MT>
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EfZl t= Objective

- Curriculum learning with corruption rate v

Corruption Rate vs. Step
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El
o

O{tH CI|OJEl 2 =S 3HLI?

- CH2t M4 3.3
- El4: 50.2M

B Spoken
2 Written
= All

Train / 10k Test (& 1B Tokens)

CH2t EFR

64%

m ddt

o 22101 L3}
m 1724 S|
oS BEIX
o =22t i3}

O 7|E}
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o= 23
Backbone Vanilla CT5 (small/base/large)
Epoch 5
Global Batch Size 64
Dropout X
Optimizer Adafactor
Learning Rate 5e-5

bf16 True
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Training Loss Graph w/ Curriculum Learning

Corruption Rate vs. Step Training Loss vs. Step




Al Hub H|O|E{M|E
- Task-oriented dialogues (ToD): =& X|gF Clig}

- Open-domain dialogues (ODD): At FH| CHgt

- Script summarization (Script-Summ): ‘&S 2 29}

Task A4
Dialog In-filling CHet 7t 25t k<7
Dialog Response CHS} A
Generation
Dialog Summarization CH2t Q9

HIOIEMIE
Al Hub ToD
Al Hub ODD
Al Hub ToD
Al Hub ODD
Al Hub Script-Summ

NAVER
DEVIEW
2023



NAVER

3.3. #ilX|0L3 e,

HIOJEl 2538 ¢

- DialogCT57t CT5&t €2 3= L= G0l F 10tH2] HIOIE] =2&NtKA| 22l

Dialog In-filling (Al Hub ToD)

30-
25-
)
on
= |
e
20-
Model Size = Model Class
15- — small — ct5
— base -~ dctb
— large
10 | | | I
100 500 1000 5,000

Train Subsample
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HOIE 259 &9

- DialogCT57t CT5&t €2 3= L= G0l F 10tH2] HIOIE] =2&NtKA| 22l

Dialog In-filling (Al Hub ToD)

uuut
guuuns
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.
gunns®
.
% “‘
“‘
“‘
“‘
. “\

25-

Rougel

204

Model Size  Model Class

— base — ctb
-~ dctb

100 500 1000 5,000
Train Subsample
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FMA| GIOIE] fine tunin
- MHIMOZ CT5HL} =2 ®A

45

40

35

30

25

yA

15

10

Al o

= O
CF
23S

(Units: Rouge)

DI (ToD)

DI (ODD)

DR (ToD)

“nm

DR (ODD)

DS (Script-Summ)
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mCT5-small

mDCT5-small

mCTbH-base

m DCTbh-base

mCTb-large
DCT5-large
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Heavy Fine-Tuning
- Little Extra Compute for Higher Data Efficiency

—=— PalM 5408B
—&— U-PalLM 540B

@)
O

(@)
Q0

(@)
~

~ 4.4 million TPUv4 hours
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-
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-
O
O
n
4
O
C
n
=
w
L
S~
O
—
Q
N

0.50 0.75 1.00 1.25 1.50 1.75 2.00 2.25 2.50
Training FLOPs He2s

Transcending Scaling Laws with 0.1% Extra Compute [Google'22]
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Heavy Fine-Tuning
- SHHC = A2 el OIOIE 2 7t et - H= HIOIE 2t30A2l 85 S 2

Dialog In-filling (Al Hub ToD)
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