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Abstract

Transfer learning, where a model is first pre-trained on a data-rich task
before being fine-tuned on a downstream task, has emerged as a powerful
technique in natural language processing (NLP). The effectiveness of transfer
learning has given rise to a diversity of approaches, methodology, and practice.

In this paper, we explore the landscape of transfer learning techniques for
NLP by introducing a unified framework that converts all text-based language
problems into a text-to-text format. Our systematic study compares pre-training
objectives, architectures, unlabeled data sets, transfer approaches, and other
factors on dozens of language understanding tasks. By combining the insights from
our exploration with scale and our new “Colossal Clean Crawled Corpus”, we
achieve state-of-the-art results on many benchmarks covering summarization,
question answering, text classification, and more. To facilitate future work on
transfer learning for NLP, we release our data set, pre-trained models, and code.
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0. Evolution of NLP Models (1)

L RNN (1980s ~): &=zt4 4|O|E # 2|, e.g., EIman (1990) 2= =4l 0| 2t
(¢ LSTM (Hochreiter & Schmidhuber, 1997. 11.): 47| o|&d &A| ol & &loll ¥=/=2/
Y2} AlO|ES st ojma| M 12 EUste] YO MetH 22 U AH Tts
¢ BIRNN (Bidirectional RNN, Schuster & Paliwal, 1997. 11.): & A|ZAS Qdlsfo =z
z2|ot0] | =08 P& HtH - ELMo (Peters et al., 2018. 2.)= BIiLSTM (GPT-1 O|&)
¢ GRU (Cho et al., 2014. 6.): LSTM= Ck&glst HO|E £&

L Seq2Seq (Sutskever, Vinyals & Le, 2014. 9.): LSTM Encoder + LSTM Decoder
w22, QIREI 4 AFLAE 1E 40| HH =z gSot = CZEHF 24 AEL Al

L Seq2Seq + Attention (Bahdanau, Cho & Bengio, 2014. 9.): Decoder?} Encoder9]
2 = hidden state0f 7}Zx| 050 2t =2 HE0| 21=Z5H= Attention OjAHL|S =€

L Transformer (Vaswani et al.,, 2017. 6.): RNN gl= Self-Attention 7|82| Multi-Head
Encoder + Decoder 22, H3 22| S84 U 204 T2t =2 C|ZE SFAH
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0. Evolution of NLP Models (2)

L Transformer Decoder-only

¢
¢

GPT-1 (Radford et al., 2018. 6.): Pre-Training + Fine-Tuning, 117M parameters

GPT-2 (Radford et al., 2019. 2.): 1.5B 223} Cf#2 H|0|E{=Z Fine-Tuning §l0|&= Zero-
Shot 53 &Ql, Cf. T5 =& 2019. 10. arxiv AA|

XLNet (Yang et al., 2019. 6.): Transformer-XL (Extra Long, Dai et al., 2019. 1.) 9
AutoRegressive Pre-Training0f Permutation 4250 BERTA & 2reF F01 Btg

GPT-3 (Brown et al., 2020. 5.): 175B =0y 222 Few-Shot 583 43
InstructGPT (Ouyang et al., 2022. 5.): RLHF -» ChatGPT (2022. 11.)

L Transformer Encoder-only

"o JE " S " B "

BERT (Devlin et al., 2018. 7.): Pre + Fine, Bidirectional Self-Attention
MT-DNN (Multi-Task DNN, Liu et al., 2019. 1.): BERT 7|8t Multi-Task Learning
ROBERTa (Liu et al., 2019. 7.): BERTL| Pre-Training 7|Msolq Hs k4t

ALBERT (Lan et al., 2019. 9.): Cross-Layer Parameter Sharing, Factorized
Embedding Parameterization2 2 BERT & &5t
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0. Evolution of NLP Models (3)

L Transformer Encoder (BERT2| AutoEncoder) + Decoder (GPT2| AutoRegressive)

¢

MASS (Masked Seq2Seq Pre-Training, Song et al., 2019. 5.): EncoderOjA &=
AUHEE Maskingst! Decoder?t ofjE E&2& 252 & (Cf. MASSY7t XLNet= Lt HA
LIZCED de|ote 8271 /2L, MASS= =0{& 2019. 6. 9.~15. €2l ICML 20190j| M
SFEEQ D, XLNetQ| arxiv AA|Y2 2019. 6. 19.¢, &5t XLNet= AE+ARZ EFot=
A%7t Y11 0| A0 M O] & TGxtelt, =8 &20|A Decoder-onlyZ 0|SsIUS

( T5 (Raffel et al., 2019. 10. 23.): NLP TaskZ Text-to-Text JEfj=z EL

¢

BART (Lewis et al., 2019. 10. 29.): CteFst Noising (Token Masking & Deletion,
Sentence Permutation...)2 2 2 XS UIIEHCHI} MY 2 EQoIEE S5

L Transformer (2017. 6.) [ELMo (2018. 2.)] — GPT-1 (2018. 6.) — BERT (2018. 7.)

— MT-DNN (2019. 1.) — GPT-2 (2019. 2.) — MASS (2019. 5.) — XLNet (2019. 6.)
—, ROBERTa (2019. 7.) — ALBERT (2019. 9.) — T5 (2019. 10.) — BART (2019. 10.)
— GPT-3 (2020. 5.) — InstructGPT (2022. 5.) — ChatGPT (2022. 11.)
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1. Introduction

« Google HAX=9| A =F(“[O]ur goal is not to propose new methods but instead
to provide a comprehensive perspective on where the field stands.” p. 3)

- ML 225 AE(ZA}, ©HO Q0) R 14 (dA 22) Za5ts LYot downstream

WAOf Sx2= A= HAES “Olai"d 4~ U= HE A4 427 o= Ao HHjo] d4e -~ US

- 0] A A2 AE FYEV|EHE= HeE 22 A E oot HHUM ZHEH2= stgE

— 1y

« HEAHS=Z Word2Vec (Mikolov et al. 2013), GloVe (Pennington et al., 2014) & ©0 ¥dHYH =
E5) o|20{A 1,
+ 2R3 E0[ER WA U ALY $sI0] ¥ S2S AR
U= (A

4 Ed 2= ot & downstream IpA||0f| 0[St=
pre-train-then-fine-tune approach?t EH3IE| 11 QS (AtHSHS A2 Computer VisionOfAM =
C+2 labeled data X|=35k&, NLPOjA{= Common Crawl & Oj+2 unlabeled data H|X| & a+&)

* NLP =OO|| A CfFet Z*OICAFQ A7t O|F R e, Akdets =5, T|OE 4, #iz|0t3

ORIF'E T4 SO| Cifole] St HlusEY 0=

« HE= NLP H|E &= (unified) Text-to-Text &A4|(input text — output text)= A A2l =,
Clefst ASS E5l & A|HO|A NLP Z0|st&0| Ms 5HAHE EFAY

202 o =2 0O

« C4 (Colossal Clean Crawled Corpus) HO|E{Al, ZE, AtAMSHS RE 2|


https://arxiv.org/abs/1301.3781
https://aclanthology.org/D14-1162/

CoLA: Corpus of Linguistic Acceptability
STSB: Semantic Textual Similarity Benchmark

]

[ “"translate English to German: That is good.

"Das ist gut."]
course is jumping well.”

[ "cola sentence: The

"not acceptable”]

"stsb _sentencel: The rhino grazed
on the grass. sentence2: A rhino
is grazing in a field."
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"summarize: state authorities
dispatched emergency crews tuesday to
survey the damage after an onslaught

of severe weather in mississippi.."

"six people hospitalized after
a storm in attala county.”

Task-specific (text) prefix
Figure 1: A diagram of our text-to-text framework. Every task we consider—including
translation, question answering, and classification—is cast as feeding our model
text as input and training it to generate some target text. This allows us to use the
same model, loss function, hyperparameters, etc. across our diverse set of tasks. It
also provides a standard testbed for the methods included in our empirical survey.
“T'5” refers to our model, which we dub the “Text-to-Text Transfer Transformer”.




2.1. Model

Transformer Encoder + Decoder, J12{L} CtS2 242 2}0|

Pre-LN: Vaswani et al.(2017)= Layer Normalization= Zf Sublayer £|0]| Hjx|5}= Post-
LNO| U2 LE(LN (x + Sublayer(x)), TS5 residual connection A0 BZ|(x + Sublayer(LN(x)))

« Cf. GPT-2 (2019) “Layer normalization was moved to the input of each sub-block, similar to a
pre-activation residual network (He et al., 2016)”

+ Post-LN2 HEQ{3 Z0{A4+E TJYCAHE S50| EQHYsA|= FE0| U0

St
« Xiong et al. (2020) C}efst Al E5l Pre-LN F+2& 7} a5 QHA M THOAM 4

She HE0} WSS BY

Bias C10| rescalelt 5t= Ztttst LayerNorm AFE(ZatE 22| = BEX| vs. AT HSE?)

T — U
. Y
Vol +e

Relative Position Embeddings: Sinusoidal (Vaswani et al.(2017)), Learned (BERT,
GPT-1 5) Ch4l Key2t Query ATHH 72| 7|& PE(Z2 THO{7t THE 912(0f Q0iE THE 5% 7Hs)

LayerNorm(xz) =



https://arxiv.org/abs/1706.03762
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://arxiv.org/abs/1603.05027
https://arxiv.org/abs/2002.04745
https://arxiv.org/abs/1706.03762

2.2. The Colossal Clean Crawled Corpus

« Common Crawl

- O 20TB &3 HTMLO[A BIAE 2S5t 7 2 OF710|E

« J12{L} CHREE H[AIHO HIAEO|LI S HRSAL Rolict F2= U0 A B
« A3 7|2(heuristics for cleaning up)

- S45te 28 222 gl 280 ALE

« 32% 0| HO[#|, 5E0{ O|4 ZetEl & FA|

« “List of Dirty, Naughty, Obscene or Otherwise Bad Words”, “Javascript” &gt 3, lorem
ipsum (A2] 2127|) text, “{” &t O|O|X|(ZE=Z Zt=F), Wikipedia?l 21 £5([1], [citation
needed] &), “terms of use” & boilerplate policy A{|A

« 3&& span0| Bt=E510 s&e 35 AlA
« langdetect 0|25 JO| HIAEDI 2Z|(p = 0.99)
« C4: 20194 4€ Common Crawl G|O|E{0| &| 7|=& = AA| H* 750GB @O HIAE StH
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Dodge et al. (2021)
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Figure 2: Number of tokens from the 25 most represented top-level domains (left) and websites (right) in C4.EN.

11


https://arxiv.org/abs/2104.08758

2.3. Downstream Tasks

« “Our goal in this paper is to measure general language learning abilities.” p. 7

« GLUE, SuperGLUE
« Sentence acceptability judgment (CoLA)
« Sentiment analysis (SST-2)
« Paraphrasing/sentence similarity (MRPC, STS-B, QQP)
« Natural language inference (MNLI, QNLI, RTE, CB)
« Coreference resolution (WNLI, WSC)
« Sentence completion (COPA)
« Word sense disambiguation (WIC)
« Question answering (MultiRC, ReCoRD, BoolQ)

« CNN/DailyMail abstractive summarization
« SQUAD question answering

« WMT English to German, French, Romanian translation



2.4. Input and Output Format

o WA 225HAH maximum likelihood 2 H 2 Sh&, teacher forcing (& A|EAE 2
Uado =z Hol &, Williams & Zipser, 1989)

o CIQFSH 1}A|0| CHSH Text-to-Text format O|A|= Appendix D. zt=&

. 22

QAL THEhsH= STS-BOF2 1~5 AFO| scoreE 0.2% 217f classZ LI+O{ regression
D

.16 WMT English to German

Original input: "Luigi often said to me that he never wanted the brothers to end
up in court," she wrote.

Processed input: translate English to German: "Luigi often said to me that he
never wanted the brothers to end up in court," she wrote.

Original target: "Luigi sagte oft zu mir, dass er nie wollte, dass die Briider
vor Gericht landen", schrieb sie.

Processed target: "Luigi sagte oft zu mir, dass er nie wollte, dass die Briider
vor Gericht landen", schrieb sie.


https://direct.mit.edu/neco/article-abstract/1/2/270/5490/A-Learning-Algorithm-for-Continually-Running-Fully

3.1. Baseline (x)

“Our goal for our baseline is to reflect typical, modern practice.” p. 11

Model
« Encoder, Decoder 2 12 blocks, ReLU, dropout 0.1, 220M parameters

Pre-Training

« C4= 219 = 524,288 steps, maximum sequence length 512 (= 22), batch size 128 (= 27)
sequences, ofLte| HiZ|0f| ClieF 216 = 65,536 tokens g, L2t 23° = 34B tokenszZ At et&ot=
Ml0|H, O]= 2.2T tokens 2= BERT, RoBERTaELC} &S

- S+5E: inverse square root (1/y/max(n, k), n2 current training iteration, k&= number of warm-up
steps = 1042 2&4(2|Z 104step =0 0.01, O|F R|$4A ZA)

Fine-Tuning
+ 218 = 262,144 steps, Hiz|Y 216 tokens, &&E 0.001 11
5,000 stepO}Ct checkpoint A%t

“Our goal is to compare a variety of different approaches on a diverse set of tasks
while keeping as many factors fixed as possible.” p. 10
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3.1.4. Unsupervised Objective

Original text

Thank you fef inviting me to your party last week.

Inputs /

Thank you <x> me to your party <Y> week. BERTSf &e| %E EZ

(span)oi| Stte| &5t
Targets sentinel token ID £
<> for inviting <v> last <7- ot AlAtH|E 2

Figure 2: Schematic of the objective we use in our baseline model. In this example, we
process the sentence “Thank you for inviting me to your party last week.” The
words “for”, “inviting” and “last” (marked with an x) are randomly chosen for
corruption. Each consecutive span of corrupted tokens is replaced by a sentinel
token (shown as <X> and <Y>) that is unique over the example. Since “for” and
“inviting” occur consecutively, they are replaced by a single sentinel <X>. The
output sequence then consists of the dropped-out spans, delimited by the sentinel
tokens used to replace them in the input plus a final sentinel token <Z>.
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3.2. Architectures

Figure 3:

Fully-visible

| NEEN
. aOees
{ anes
. S0E88
T
X X X X X

«~ Input —

Matrices representing different attention mask patterns. The input and output
of the self-attention mechanism are denoted x and y respectively. A dark cell
at row 7 and column j indicates that the self-attention mechanism is allowed to
attend to input element j at output timestep i. A light cell indicates that the
self-attention mechanism is not allowed to attend to the corresponding ¢ and j
combination. Left: A fully-visible mask allows the self-attention mechanism to
attend to the full input at every output timestep. Middle: A causal mask prevents
the ith output element from depending on any input elements from “the future”.
Right: Causal masking with a prefix allows the self-attention mechanism to use

Causal

a | | ]
4 | || .
d | | B
d | W

] Baee

X X X X X

1 2 3 4 5

<~ |Input —

Causal with prefix

a | ][

. BEEE

d | | e

d | | &GN

4 | | oe
X X X X

~— Input —

fully-visible masking on a portion of the input sequence.
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Figure 4:

: Language model Prefix LM
) 9 >

XZ XS y1 y2' X2 x3 y1 y2'
0000C 0OC
=] T
J000C 0C
=S | T

X X X X x'l X? x3 y'| yz X'l X? X3 y'] y2

Decoder

Encoder

Schematics of the Transformer architecture variants we consider. In this diagram,

blocks represent elements of a sequence and lines represent attention visibility.

Different colored groups of blocks indicate different Transformer layer stacks. Dark
grey lines correspond to fully-visible masking and light grey lines correspond
to causal masking. We use “” to denote a special end-of-sequence token that
represents the end of a prediction. The input and output sequences are represented
as = and y respectively. Left: A standard encoder-decoder architecture uses fully-
visible masking in the encoder and the encoder-decoder attention, with causal
masking in the decoder. Middle: A language model consists of a single Transformer
layer stack and is fed the concatenation of the input and target, using a causal

mask throughout. Right: Adding a prefix to a language model corresponds to
allowing fully-visible masking over the input.
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3.2. Architectures (cont’'d)

3.2.2. Comparing Different Model Structures (parameters, cost)
« Encoder (L) — Decoder (L) model: 2P parameters, M FLOPs
« Parameters shared across the Encoder & Decoder: P parameters, M FLOPs
« Encoder (L/2) — Decoder (L/2) model: P parameters, M/2 FLOPs
« Decoder (L) only LM: P parameters, M FLOPs
« Decoder (L) only prefix LM: P parameters, M FLOPs

3.2.3. Objectives
« Basic Language Modeling Objective: prefix 0| EIAE MM
« Denoising Objective: masking=l span 44

3.2.4. Results

 Encoder — Decoder with denoising objective performed best

« Parameter sharingl 2 g4 &4 Q0| %%t 7t

18



3.2. Architectures (cont’d) qiions of the maximum (best

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 2698 39.82 27.65
Enc-dec, shared Denoising P M 82.81 18.78 80.63 70.73 26.72  39.03 27.46
Enc-dec, 6 layers Denoising P M/2  80.88 18.97 77.99 68.42 26.38  38.40  26.95
Language model  Denoising P M 74.70 17.93 61.14 55.02 25.09  35.28  25.86
Prefix LM Denoising P M 81.82 18.61 78.94 68.11 26.43 37.98  27.39
Encoder-decoder LM 2P M 79.56 18.59 76.02 64.29 26.27  39.17  26.86
Enc-dec, shared LM P M 79.60 18.13 76.35 63.50 26.62  39.17  27.05
Enc-dec, 6 layers LM P M/2  T78.67 18.26 75.32 64.06 26.13  38.42  26.89
Language model LM P M 73.78 17.54 53.81 56.51 25.23  34.31  25.38
Prefix LM LM P M 79.68 17.84 76.87 64.86 26.28  37.51  26.76

Table 2: Performance of the different architectural variants described in Section 3.2.2. We
use P to refer to the number of parameters in a 12-layer base Transformer layer
stack and M to refer to the FLOPs required to process a sequence using the encoder-
decoder model. We evaluate each architectural variant using a denoising objective
(described in Section 3.1.4) and an autoregressive objective (as is commonly used
to train language models).
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3.3. Unsupervised Objectives

Objective Inputs Targets

Prefix language modeling Thank you for inviting me to your party last week .

BERT-style Devlin et al. (2018) Thank you <M> <M> me to your party apple week . (original text)

Deshuffling party me for your to . last fun you inviting week Thank (original text)

MASS-style Song et al. (2019) Thank you <M> <M> me to your party <M> week . (original text)

L.i.d. noise, replace spans Thank you <X> me to your party <Y> week . <X> for inviting <Y> last <Z>

[.i.d. noise, drop tokens Thank you me to your party week . for inviting last

Random spans Thank you <X> to <Y> week . <X> for inviting me <Y> your party last <Z>
Baseline

Table 3: Examples of inputs and targets produced by some of the unsupervised objectives
we consider applied to the input text “Thank you for inviting me to your party last
week .” Note that all of our objectives process tokenized text. For this particular
sentence, all words were mapped to a single token by our vocabulary. We write
(original text) as a target to denote that the model is tasked with reconstructing the
entire input text. <M> denotes a shared mask token and <X>, <Y>, and <Z> denote
sentinel tokens that are assigned unique token IDs. The BERT-style objective
(second row) includes a corruption where some tokens are replaced by a random
token ID; we show this via the greyed-out word apple.
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Corruption Corrupted

High-level Corruption rate span length
approaches strategies ) i )
, L . 10% 2
Language \ ) \ J
_ modeling | \ Mask - \ - <
i ) g ™ 1 5% 3
BERT-style AP . 4 ‘
i ) | spans |
i ) r ™ 25% 5
Deshuffling Drop ) ¢ ) /
\. y A y 50% -

Figure 5: A flow chart of our exploration of unsupervised objectives. We first consider a
few disparate approaches in Section 3.3.1 and find that a BERT-style denoising
objective performs best. Then, we consider various methods for simplifying the
BERT objective so that it produces shorter target sequences in Section 3.3.2.
Given that replacing dropped-out spans with sentinel tokens performs well and
results in short target sequences, in Section 3.3.3 we experiment with different
corruption rates. Finally, we evaluate an objective that intentionally corrupts
contiguous spans of tokens in Section 3.3.4.



Objective GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo

Prefix language modeling 80.69 18.94 77.99 65.27 26.86 39.73 27.49
BERT-style (Devlin et al., 2018) 82.96 19.17 80.65 69.85 26.78 40.03 27.41
Deshuffling 73.17 18.59 67.61 28.47 26.11  39.30 25.62

Table 4: Performance of the three disparate pre-training objectives described in Section 3.3.1.

“Indeed, the motivation for the BERT objective was to outperform language model-based pre-training.” p. 21

Objective GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
BERT-style (Devlin et al., 2018)  82.96 19.17 80.65 69.85 26.78 40.03 27.41
MASS-style (Song et al., 2019) 82.32 19.16 80.10 69.28 26.79 39.89 27.55
% Replace corrupted spans 83.28 19.24 80.88 71.36 26.98 39.82 27.65
Drop corrupted tokens 84.44 19.31 80.52 68.67 27.07 39.76 27.82

Table 5: Comparison of variants of the BERT-style pre-training objective. In the first two
variants, the model is trained to reconstruct the original uncorrupted text segment.
In the latter two, the model only predicts the sequence of corrupted tokens.
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Corruption rate GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo

10% 82.82 19.00 80.38 69.55 26.87 39.28 27.44
* 15% 83.28 19.24 80.88 71.36 26.98 39.82 27.65
25% 83.00 19.54 80.96 70.48 27.04 3983 27.47
50% 81.27 19.32 79.80 70.33 27.01 3990 27.49

Table 6: Performance of the i.i.d. corruption objective with different corruption rates.
BERT =% 15%

Span length GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Baseline (i.i.d.) 83.28 19.24 80.88 71.36 26.98 39.82 27.65
2 83.54 19.39 82.09 72.20 26.76 39.99 27.63
3 83.49 19.62 81.84 72.53 26.86 39.65 27.62
5] 83.40 19.24 82.05 72.23 26.88 39.40 27.53
10 82.85 19.33 81.84 70.44 26.79 39.49 27.69

Table 7: Performance of the span-corruption objective (inspired by Joshi et al. (2019)) for
different average span lengths. In all cases, we corrupt 15% of the original text
sequence.



3.4. Pre-Training Data Set

- 7|12 @0M = ot U0l S4{L 20| F2

—_—

o2 2|2/, HE ClO[EME Bxjst

4

- 2 24, =09 S HO[H A2 sliE =09 A0 =2 ds "[OJour goal is to pre-
train @ model that can
« C42} 42 HEAO0|A F 29| G|O|E = Chret 2tA|0|AM # &l 4= rapidly adapt to
language tasks from
— Jt=ct S 30 QFRAO| |0O|E AR, HE + XE G|0|g =& arbitrary domains.” p. 27
Data set Size GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
* C4 745GB 33.28 19.24 80.38 71.36 26.98 39.82 27.65
C4, unfiltered 6.1TB  81.46 19.14 7R.78 68.04 26.55  39.34  27.21
RealNews-like 35GB 83.83 19.23 80.39 72.38 26.75 39.90 27.48
WebText-like 17GB 84.03 19.31 81.42 71.40 26.80 39.74 27.59
Wikipedia 16GB 81.85 19.31 81.29 68.01 26.94 39.69 27.67

Wikipedia + TBC| 20GB 83.65 19.28 82.08 73.24 26.77 39.63 27.57

Table 8: Performance resulting from pre-training on different data sets. The first four

variants are based on our new C4 data set.
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3.4. Pre-Training Data Set (cont’'d)
B2 4 27 510] YR SIS 2 2 &M ZASILEAE 4

ds2 A=("Y7I" 7tsd AlAD

Number of tokens Repeats GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo

% Full data set 0 83.28 19.24 80.88 71.36 26.98 39.82 27.65
229 64 82.87 19.19 80.97 72.03 26.83 39.74 27.63
227 256 82.62 19.20 79.78 69.97 27.02 39.71 27.33
225 1,024 79.55 18.57 76.27 64.76 26.38  39.56  26.80
223 4,096 76.34 18.33 70.92 59.29 26.37 38.84 25.81

Table 9: Measuring the effect of repeating data during pre-training. In these experiments,
we only use the first N tokens from C4 (with varying values of N shown in the
first column) but still pre-train over 2°° tokens. This results in the data set being
repeated over the course of pre-training (with the number of repeats for each

experiment shown in the second column), which may result in memorization (see
Figure 6).
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Figure 6: Pre-training loss for our original C4 data set as well as 4 artificially truncated
versions. The sizes listed refer to the number of tokens in each data set. The four
sizes considered correspond to repeating the data set between 64 and 4,096 times
over the course of pre-training. Using a smaller data set size results in smaller
training loss values, which may suggest some memorization of the unlabeled data
set.



3.5. Training Strategy

3.5.1. Fine-Tuning Methods

- 2329| 2= I=t0[8E Fine-Tuningst= A2 HIE2otA| &

« Adapter layers (Houlsby et al., 2019 &, 2025. 5. 15. 88 §|4): 7| Transformer block L{
FFN %0 dense-RelLU-dense =& 4ot Atdets =l Op2t0|e AtiE 10 adapter layer2t
layer normalization O}2{0[E{2F HH[O|E, SQ AD S XAt 2pAof 22 d 214

+ Gradual unfreezing: 220j= YL aojojot A5 L HAUHOR f YL 20/0j2 ZF

Fine-tuning method GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% All parameters 83.28 19.24 80.88 71.36 26.98 39.82 27.65
Adapter layers, d = 32 80.52 15.08 79.32 60.40 13.84 17.88 15.54
Adapter layers, d = 128 81.51 16.62 79.47 63.03 19.83  27.50  22.63
Adapter layers, d = 512 81.54 17.78 79.18 64.30 23.45 3398 2581
Adapter layers, d = 2048  81.51 16.62 79.47 63.03 19.83  27.50  22.63
Gradual unfreezing 82.50 18.95 79.17 70.79 26.71  39.02  26.93

Table 10: Comparison of different alternative fine-tuning methods that only update a subset
of the model’s parameters. For adapter layers, d refers to the inner dimensionality
of the adapters.


https://arxiv.org/abs/1902.00751

3.5. Training Strategy

3.5.2. Multi-Task Learning

« “Our goal is to not under- or over-train the model—that is, we want the model to see enough
data from a given task that it can perform the task well, but not to see so much data that it
memorizes the training set.” p. 31

- Examples-proportional Mixing: 24| G|O|E{Al 37| H|2|, r,, = min(e,,, K)/Y min(e,, K), K= Q|
G|OE{ Al AFO[ 2 4fotid

. Temperature-scaled Mixing: {42 GO|E{Al 37| 240| &3}, 7, =T /¥ YT, T 242 H|8
IHZ (I[=| E|-9|-)

- Equal Mixing: Zt 4| #5 && =g

3.5.3. Combining Multi-Task Learning with Fine-Tuning
« MT-DNN: Pre-train on all tasks at once, fine-tune on individual supervised tasks

« Pre-train on examples-proportional mixture with K = 219, fine-tune on each individual
downstream task

 Leave-One-Out
« Pre-train on examples-proportional mixture of all supervised tasks

28



Mixing strategy GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo

% Baseline (pre-train/fine-tune) 83.28 19.24 80.88 71.36 26.98 39.82 27.65
Equal 76.13 19.02 76.51 63.37 23.89  34.31  26.78
Examples-proportional, K = 2'®  80.45 19.04 77.25 69.95 24.35  34.99  27.10
Examples-proportional, KX = 27  81.56 19.12 77.00 67.91 24.36  35.00  27.25
Examples-proportional, K = 2®¥  81.67 19.07 78.17 67.94 24.57 35,19  27.39

Examples-proportional, K = 29  81.42 19.24 79.78 67.30 25.21  36.30 27.76
Examples-proportional, K = 2?°  80.80 19.24 80.36 67.38 25.66 36.93 27.68

Examples-proportional, K = 2*"  79.83 18.79 79.50 65.10 25.82  37.22  27.13
Temperature-scaled, T' = 2 81.90 19.28 79.42 69.92 25.42 36.72  27.20
Temperature-scaled, T' = 4 80.56 19.22 77.99 69.54 20.04  35.82  27.45
Temperature-scaled, T'= 8 77.21 19.10 77.14 66.07 24.55  35.35  27.17

Table 11: Comparison of multi-task training using different mixing strategies. Examples-
proportional mixing refers to sampling examples from each data set according to
the total size of each data set, with an artificial limit (K') on the maximum data set

size. Temperature-scaled mixing re-scales the sampling rates by a temperature 7.
For temperature-scaled mixing, we use an artificial data set size limit of K = 22!.
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Training strategy GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Unsupervised pre-training + fine-tuning 83.28 19.24 80.88 71.36 26.98 39.82  27.65
Multi-task training 81.42 19.24 79.78 67.30 25.21  36.30  27.76
Multi-task pre-training + fine-tuning 83.11 19.12 80.26 71.03 27.08 39.80 28.07
Leave-one-out multi-task training 81.98 19.05 79.97 71.68 26.93 39.79 27.87
Supervised multi-task pre-training 79.93 18.96 77.38 65.36 26.81 40.13 28.04

Table 12: Comparison of unsupervised pre-training, multi-task learning, and various forms
of multi-task pre-training.

HY A= FO 7|8 Afdetg =0
2 H[Z|Z= AtHer50| Of<

LI A

A=

o

b

il
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3.6. Scaling

« “Bitter lesson”(Sutton, 2019 &): “[G]eneral methods that can leverage additional

computation ultimately win out against methods that rely on human expertise. ...

[I]t has repeatedly been shown that scaling up produces improved performance
compared to more carefully-engineered methods.”

* “You were just given 4x more compute. How should you use it?”
* 4x as many steps
« 2x as many steps with the 2x bigger model
« 4x bigger model

. OMAFE IR

o

o« SHSA|ZIO|L} HiZ| AtO|RE 4HHM S2|= AECH= 28 37| 48 52|= 210] 2
» SISA[ZE 281 x 2 289t ‘2 48'= 2 2{0] YUS

31


http://www.incompleteideas.net/IncIdeas/BitterLesson.html

Scaling strategy GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Baseline 83.28 19.24 80.88 71.36 26.98  39.82  27.65
1 x size, 4x training steps 85.33 19.33 82.45 74.72 27.08 40.66  27.93
1x size, 4x batch size 84.60 19.42 82.52 74.64 27.07  40.60 27.84
2% size, 2x training steps 86.18 19.66 84.18 77.18 27.52 41.03 28.19
4x size, 1x training steps 85.91 19.73 83.86 78.04 2747 40.71  28.10
4% ensembled 84.77 20.10 83.09 71.74 28.05 40.53 28.57
4x ensembled, fine-tune only  84.05 19.57 82.36 71.55 27.55  40.22  28.09

Table 13: Comparison of different methods of scaling up our baseline model. All methods
except ensembling fine-tuned models use 4x the computation as the baseline.
“Size” refers to the number of parameters in the model and “training time” refers

to the number of steps used for both pre-training and fine-tuning.
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3.7. Putting It All Together (T5)

« Objective: Denoising objective inspired by SpanBERT (Joshi et al., 2019)

« Longer Training: 1M steps, batch size 211 sequences of length 512, 1T pre-training
tokens (32x baseline)

 Model Sizes: Base 220M, Small 60M, Large 770M, 3B, 11B
« Multi-Task Pre-Training

* Fine-tuning on individual GLUE and SuperGLUE tasks

« Beam Search (Sutskever, Vinyals & Le, 2014. 9.)

- Results on Test Set (except SQUAD: Validation Set)
— 2470 1A = 18710 (=& EH FAl) SOTA £


https://arxiv.org/abs/1907.10529
https://arxiv.org/abs/1409.3215v1

GLUE CoLA SST-2 MRPC MRPC STS-B STS-B
Model Average Matthew’s Accuracy F1 Accuracy Pearson Spearman
Previous best ~ 89.4° 69.2° 97.1¢ 93.6" 91.5° 92.7° 92.3
T5-Small 77.4 41.0 91.8 89.7 86.6 85.6 85.0
T5-Base 82.7 51.1 95.2 90.7 87.5 89.4 88.6
T5-Large 86.4 61.2 96.3 92.4 89.9 89.9 89.2
T5-3B 88.5 67.1 97.4 92.5 90.0 90.6 89.8
T5-11B 90.3 71.6 97.5 92.8 90.4 93.1 92.8
QQP QQP MNLI-m  MNLI-mm QNLI RTE WNLI
Model F1 Accuracy Accuracy  Accuracy  Accuracy Accuracy Accuracy
Previous best ~ 74.8°  90.7° 91.3° 91.0° 99.2° 89.2° 91.8°
T5-Small 70.0 88.0 82.4 82.3 90.3 69.9 69.2
T5-Base 72.6 89.4 87.1 86.2 93.7 80.1 78.8
T5-Large 73.9 89.9 89.9 89.6 94.8 87.2 85.6
T5-3B 74.4 89.7 91.4 91.2 96.3 91.1 89.7
T5-11B 75.1 90.6 92.2 91.9 96.9 92.8 94.5
SQuAD SQuAD SuperGLUE BoolQ CB CB COPA
Model EM F1 Average Accuracy F1 Accuracy  Accuracy
Previous best ~ 90.1° 95.5 84.6 87.14  90.57  95.2¢ 90.6¢
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0
T5H-Base 85.44 92.08 76.2 81.4 86.2 94.0 71.2
T5-Large 86.66 93.79 82.3 85.4 91.6 94.8 83.4
T5-3B 88.53 94.95 86.4 89.9 90.3 94.4 92.0
T5-11B 91.26 96.22 88.9 91.2 93.9 96.8 94.8

34



MultiRC  MultiRC ReCoRD ReCoRD RTE WiC WSC

Model Fla EM F1 Accuracy Accuracy Accuracy Accuracy
Previous best 84.4° 52.5¢ 90.6 90.0¢ 88.2¢ 69.9¢ 89.07
T5-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
T5-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
T5-Large 83.3 50.7 86.8 85.9 87.8 69.3 86.3
T5-3B 86.8 58.3 91.2 90.4 90.7 72.1 90.4
T5-11B 88.1 63.3 94.1 93.4 92.5 76.9 93.8
WMT EnDe WMT EnFr WMT EnRo CNN/DM CNN/DM CNN/DM
Model BLEU BLEU BLEU ROUGE-1 ROUGE-2 ROUGE-L
Previous best 33.8° 43.8° 38.57 43.479 20.307 40.63¢
T5-Small 26.7 36.0 26.8 41.12 19.56 38.35
T5-Base 30.9 41.2 28.0 42.05 20.34 39.40
T5-Large 32.0 41.5 28.1 42.50 20.68 39.75
T5-3B 31.8 42.6 28.2 42.72 21.02 39.94
T5-11B 32.1 43.4 28.1 43.52 21.55 40.69

Table 14: Performance of our T5 variants on every task we study. Small, Base, Large, 3B,
and 11B refer to model configurations with 60 million, 220 million, 770 million,
3 billion, and 11 billion parameters, respectively. In the first row of each table,



4.1. Takeaways
Qst HAIOZ 2| 7=

« Text-to-Text: C}Qfst HIAE z2tol= ol 5]

o°
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« Architectures: Encoder-Decoder 27} 714 24, BERT AEILELC

A4h B EE2 FAH Encoder-Decoder Oi2t0[E 55 Al ds Aot HL| §f

O
« Unsupervised Objectives: C2fot denoising objectives H|%ot d&, 22 target
sequence -dst= Y40 284
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- Training Strategies: 34| I20|& Fine-TuningO| 714 =2 45, Multi-Task &2
H& d40| 2, Unsupervised + Supervised Fine-Tuning £&0| 214
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4.2. Outlook

The Inconvenience of Large Models: 22 =24+5 Hds ZX|0F 22|0|HE C
Z£(Client-side Inference)O|L} Hglsts (Federated Learnlng)21'f'—.’:1 A2 A|ef Q=
2+7=|O1|A1 HEE824, 4H|& SH0ME A0|aHEs atgsh 4~ Q=2 Distillation, Parameter

Sharing, Conditional Computation Z2 g/ A4 &

214 SHB0) BIEA| BDEHOIX| 0|2, 1T E22 SS3HA YT S48 A5 & 4 9l 28A

AFZBES HEAL ERA IO Of: ZIRY/JP EIAE 18 5t (ELECTRA, Clark et. al., 2020)
7

Formalizing the Similarity between Tasks: AtHstS G|0|E 2t CHRAEE P_}Zﬂ 7t
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