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Background

v NLP aims to teach machine general language understanding ability.

v" A historically common approach is to word vectors to map a word to a continuous
representation.

v’ Recently, pre-training then fine-tuning becomes increasingly popular.

Pre-training

$$$in compute

Upstream
Pretrained

Base model

language model l

Very large corpus Days of training
Fine-tuning Transfer Learning
$$$in compute
Pretrained Fine-tuned l
language model language model
Downstream

Training can be

doTReT S naeE Easily reproductible

https://huggingface.co/course/chapterl/4?fw=pt
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https://huggingface.co/course/chapter1/4?fw=pt

Background

» Recent works on transfer learning have produced a wide landscape of pre-

training objectives, unlabeled datasets, benchmarks, fine-tuning methods,

and more.

» The rapid progress make it difficult to compare different algorithms and

understand the space of existing methods for transfer learning.
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Motivation

v’ Explore the limit of transfer learning.
v’ Specifically, leverage a unified text-to-text transformer to systematically study

different approaches (pre-training objectives, unlabeled datasets, and other
factors) and push the current limits of the field by scaling up models and datasets.

A comprehensive study on transfer learning for NLP

[ “translate English to German: That i1s good."

"Das ist gut."]

"cola sentence: The
course 1is jumping well."

"not acceptable"]

on the grass. sentence2:. A rhino

"stsb sentencel: The rhino grazed
1s grazing 1in a field."

“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."”
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1. Baseline Design
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Model Architecture

Three Modifications:
v" Removing the Layer Norm bias.
v’ Placing the layer normalization outside the

v’ Using a different position embedding scheme.

residual path.

* Arelative position embedding;

e Ascalar that is add to the corresponding
logit;

* 32 embeddings. And assign all relative
positions beyond 128 to the same
embedding.

Specifically, (T5-Base)

12 blocks for Encoder, 12 blocks for Decoder;
3072 for FFN hidden-state dimension;

768 for hidden-state dimension;

12 heads

220M parameters

2022/7/25

Introduction to T5

Qutput

Standard Transformer

Probabilities
l Linear |
r ™\
Feed
Forward
r \ Add & Norm =
_ :
Add & Horm Multi-Head
Feed Attention
Forward I ) Nx
) —
Add & Norm
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
t L
h_ J . — )
Positional A @_® Positional
Encoding '} Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)



Colossal Clean Crawled Corpus (C4)

» To measure the effect of the quality, characteristics, and size of unlabeled data.

» Common Crawl is a publicly-available web archive that provides “web extracted
text” by removing markup and other non-text content from HTML files.

BIGPICTURE - THEDATA- ABOUT- BLOG CONNECT- Donate

Unfortunately, the majority of the
Yo UJ resulting text is not natural language.

» Authors use some heuristics rules for cleaning up it, naming the resulting dataset
“Colossal Clean Crawled Corpus” (more clean and natural, about 750GB)
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Vocabulary

v SentencePiece
v’ Use a vocabulary of 32000 wordpieces.
v" Multi-lingual corpus, English: German: French: Romanian = 10:1:1:1

Intro to SentencePiece:

v’ It considers the text as a sequence of Unicode characters, and replaces
spaces with a special character “_”.

v" It does not require a pre-tokenization step, which is very useful for
languages where the space character is not used (like Chinese and
Japanese).

v’ It is a reversible tokenization: there is no special treatment of spaces.

from transformers import AutoTokenizer
tokenizer = AutoTokenizer.from_pretrained('t5-base')

tokenizer("This is the Hugging Face course.").tokens()

>»> ['__This', '_is', '_the', "_Hug', ‘'ging', '_Face', '_course’', '.', '</s>"']
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Pre-training Objective

Original text

Thank you fef inviting me to your party Jast week.

Inputs

Thank you <X> me to your party <Y> week.

Targets
<X> for inviting <> last <7~

v' Randomly samples and then drops out 15% of tokens.

v All consecutive spans are replaced by a single sentinel token.

v’ Instead of [MASK], each sentinel token (e.g., <extra_id_0>) is unique to the
sequence;

v" Only predict the corresponding sentinel token followed by dropped-out tokens;

v Final sentinel token is used to mark the end of target sequence.
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Training

Details:

Number of pre-training steps: 2"19;

Max sequence length: 512 (279);

Batch size: 128 (2/7);

In total, these corresponds to pre-training on 2”35 (34B) tokens;

Note that 2735 only covers a fraction of the entire C4 dataset (w/o any
repeat).

AN N N NN

Comparison:

v' BERT used roughly 137B tokens;
v" RoBERTa used 2.2T tokens.
v" Wow, this baseline only need a reasonable computational budget.

2022/7/25 Introduction to T5
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Downstream Tasks & 10 Format

*IGLUE ¢ SuperGLUE
SOUADTT e

The Stanford Question Answering Dataset and Romanian translation.

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

“"Das 1ist gut."]
course 1s jumping well."

[ "cola sentence: The

"not acceptable"]

on the grass. sentence2: A rhino

"stsb sentencel: The rhino grazed
is grazing in a field."

“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."

Count the output as wrong when it does not fall into predefined label
texts, though authors never observed this behavior.

2022/7/25 Introduction to T5
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Baseline Performance

GLUE CNNDM SQuAD SGLUE EnDe EnkFr EnRo

% Baseline average 83.28 19.24 80.88 71.36 26.98 39.82 27.65
Baseline standard deviation 0.235 0.065 0.343 0.416 0.112 0.090 0.108
No pre-training 66.22 17.60 50.31 53.04 25.86  39.77 24.04

Average and standard deviation of scores achieved by our baseline model and
training procedure. For comparison, we also report performance when training on
each task from scratch (i.e. without any pre-training) for the same number of steps
used to fine-tune the baseline model. All scores in this table (and every table in
our paper except Table 14) are reported on the validation sets of each data set.

Table 1:

v’ Baseline vs. no pre-training variant.

v’ Baseline yields comparable performance to existing models with similar size.

v Can not directly compare this baseline to BERT-Base because it is an
encoder-decoder model and was pre-trained for roughly % as many steps.
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2. Effect of Architectures
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Recall

A core factor for different architectures is the “mask” used by different
attention mechanisms in the model.

Fully-visible Causal Causal with prefix

Attention
Metrix
Language model Prefix LM
X X3 Yy Yo oo X X3 Yy Yo oo
Transformer

Architecture
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Comparison among Different Model Structure

BERT-Base
Enc.-Dec. L for Enc. & L for Dec. 2P M
Enc.-Dec. L for Enc. & L for Dec. P (sharing) M
Enc-Dec. L/2 for Enc. & L/2 for Dec. P M/2
Dec.-only L P M
Dec.-only w/ Prefix L P M

v’ For the computational cost, L layers in the decoder-only model must be applied to
both the input and output sequence, while the encoder is only applied to the input
sequence and the decoder is only applied to the output sequence. They are
approximately equivalent.
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Performance Comparison

Architecture Objective  Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnkFr  EnRo
% Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 26.98 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 77.59 658.42 26.38  38.40  26.95
Language model  Denoising P M T74.70 17.93 61.14 55.02 25.09 3528  25.86
Prefix LM Denoising P M 81.82 18.61 78.94 63.11 26.43 3798  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  TR.6T 18.26 75.32 64.06 26.13  38.42  26.89
Language model LM P M 73.78 17.54 Hh3.81 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

» How to perform denoising objective?
* Enc.-Dec. /Prefix-LM: Thank you <X> me to your party last week. => <X> for inviting <Y>

e Causal LM: concatenate the input and target. }0

» How to perform language modeling objective?
* Enc.-Dec./Prefix-LM: Thank you for inviting me toiyour party last week.
e Causal LM: generate from beginning to end in an autoregressive manner.
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Performance Comparison

Architecture Objective  Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnkFr  EnRo
* Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 26.98 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 77.59 68.42 26.38  38.40  26.95
Language model  Denoising P M T74.70 17.93 61.14 55.02 25.09 3528  25.86
Prefix LM Denoising P M 81.82 18.61 78.94 63.11 26.43 3798  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  TR.6T 18.26 75.32 64.06 26.13  38.42  26.89
Language model LM P M T73.78 17.54 Hh3.81 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

v" The Enc.-Dec. architecture with the denoising objective performs best.

v" The parameter-sharing variant performs nearly as well.

v’ Halving the number of layers significantly hurt performance.
v Enc.-Dec. outperforms prefix-LM, suggesting enc.-dec. attention is beneficial.

v Denoising objective always performs better than LM objective on downstream tasks.

2022/7/25
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3. Effect of Unsupervised ObjectivesSe.mamo
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High-Level Comparison

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)
Objective GLUE CNNDM SQuAD SGLUE EnDe EnkFr EnRo
Prefix language modeling 80.69 15.94 77.99 65.27 26.86 30.73  27.49
BERT-style (Devlin et al., 2018) 82.96 19.17 80.65 69.85 26.78 40.03 27.41
Deshuffling T3.17 18.59 67.61 28.47 26.11 39.30 25.62
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Exploration on BERT-style Objective

Recall BERT-style objective:
v" mask 15% tokens, where 90% of tokens are replace with [MASK],
and 10% are replaced with a random token.

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 partv me for vour to . last fun vou inviting week Thank  (original text)

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

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

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

Random spans Thank yvou <X> to <Y> week . <X> for inviting me <Y> your party last <Z>
Objective GLUE CNNDM SQuAD SGLUE EnDe EnkFr 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) §2.32 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 3982 27.65
Drop corrupted tokens 84.44 19.31 80.52 68.67 27.07 3976 27.82
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Exploration on Replacing Corrupted Spans

Corruption rate GLUE CNNDM SQuAD SGLUE EnDe EnkFr 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 39.83 27.47
50% 81.27 19.32 79.80 70.33 27.01 3990 27.49
Span length GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Baseline (i.i.d.) 83.28 19.24 80.88 71.36 26.98 3982 27.65
2 83.54 19.39 82.09 72.20 26.76 3999 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 3940 27.53
10 82.85 19.33 81.84 70.44 26.79 3949 27.69

2022/7/25

Introduction to T5
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Overview of Explorations on Objectives

High-level
approaches
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v' Denoising objectives significantly outperform language modeling and de-shuffling.
v' There is not a remarkable performance across variants of denoising objectives.
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4. Effect of Pre-training Dataset (ased on baseline)
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Different Potential Datasets

Data set Size GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
* C4 T45GB  B3.28 19.24 80.88 71.36 26.98 39.82 2765
C4, unfiltered 6.1TB 81.46 19.14 T8.78 65.04 26.556 30.34 27.21
RealNews-like 35GB  B3.83 19.23 30.39 72.38 26.75 3990 2748
WebText-like 17GE  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 2757

v" Removing the heuristic filtering from C4 degrades performance.

v In some cases, it’s better to pretrain on a specific domain then the diverse C4 dataset.

v For example, pretraining on Wikipedia + TBC boosts the model performance on SQUAD
and SuperGLUE.
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Different Dataset Size (based on C4)

With the same pre-training computational budget (2735 tokens)

Number of tokens Repeats GLUE CNNDM SCQuAD SGLUE EnDe Enkr EnRo

% Full data set 0 83.28 19.24 B0.88 71.36 2698 3982 27.65
229 64 B2.87 19.19 80.97 72.03 26,83 39.74 27.63
237 256 82.62 19.20 79.78 69.97 2702 3971 27.33
235 1,024 79.55 18.57 76.27 64.76 26.38  39.56  26.80
92 4,096 76.34 18.33 70.92 59.29 26.37  38.84 2581

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).

v" Performance degrades as the data size shrinks.
v' Some amount of repetition is ok.

v’ Use large pre-training datasets whenever possible.
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5. Effect of Training Strategy (ased on baseiine)
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Fine-tuning Methods
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Parameter-efficient transfer learning for NLP. 2019 ICML.
Universal language model fine-tuning for text classification. 2018 ArXiv.
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Comparison of Different Fine-tuning Methods

Fine-tuning method GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
* All parameters 83.28 19.24 80.88 71.36 2698 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 2750 22,63
Adapter layers, d = 512 81.54 17.78 79.18 64.30 2345 3398 2581
Adapter layers, d = 2048  81.51 16.62 79.47 63.03 19.83 2750 22,63
Gradual unfreezing 82.50 15.95 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.

Note: we gradually unfreeze layers in the encoder and decoder in parallel,
starting from the top in both cases. An additional layer are fine-tuned after
every 2218/12 steps.

v" Lower-resource tasks, such as SQUAD, work well with a small value of d

v Higher-resource tasks require a large dimensionality.
v" Gradual unfreezing degrades the performance across all tasks.
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Extension: The Power of Scale
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The Power of Scale for Parameter-Efficient Prompt Tuning. EMNLP 2021
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Multi-task Learning

v In the unified text-to-text framework, MTL corresponds to mixing data sets together.
v' An extremely important factor in MTL is how much data from each task.
v" How to set the proportion of data from each task?

* data set sizes;

e difficulty of learning the task;

* task interference or negative transfer.
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Mixing Strategies for MTL

A relaxed MTL: allowing to select a different checkpoint for each task.

» Examples-proportional mixing:
* Some tasks are so large, e.g. C4 and WMT English to French.
e 7y =min(e,, K)/> min(e,, K') , where K is the artificial data set size limit.

» Temperature-scaled mixing:
* Scale the mixing rate with a temperature T, and renormalize it.
 Set K to alarge value 2/21.

» Equal mixing:
 Each example in a batch is randomly sampled from each task.
* A suboptimal strategy as model will quickly overfit on low-resource tasks and
underfit on high-resource tasks.
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Comparison of Different Mixing Strategies

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 T7.25 69.95 24.35  34.99  27.10
Examples-proportional, K = 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 2457 35.19  27.39

—) Examples-proportional, K = 219 81.42 19.24 79.78 67.30 25.21  36.30 27.76
Examples-proportional, K = 22°  80.80 19.24 80.36 67.38 25.66  36.93 27.68
Examples-proportional, K = 22! 79.83 18.79 79.50 65.10 25.82  37.22  27.13

mmm) 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 25.04 35.82 27.45
Temperature-scaled, T' = 8 77.21 19.10 77.14 66.07 24.55 35.35 27.17

v' MTL underperforms pretraining-then-finetuning on most tasks.
v' The ” equal mixing” strategy results in dramatically degraded performance.

How to close the gap between MTL and pretraining-then-finetuning?
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Combining MTL with Fine-tuning

The model is pretrained on all tasks at once and then fine-tuned on the

individual supervised tasks.

Training strategy GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Unsupervised pre-training + fine-tuning  83.28 19.24 80.88 71.36 26.98 390.82  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.

v’ Fine-tuning after multi-task pretraining leads to a comparable performance to baseline.

v' “leave-one-out” multi-task training + fine-tuning is slight worse.

v" Unsupervised pre-training is an important factor in most tasks.

2022/7/25 Introduction to T5
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6. Scaling
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How to Scale?

Recall the baseline:

* 12 blocks for Encoder, 12 blocks for Decoder; A large version (refer to BERT-Large):
3072 for FFN hidden-state dimension; ‘ * 4096 for FFN hidden-state dim.;

» 768 for hidden-state dimension; * 1024 for hidden-state dim.;

e 12 heads * 16 heads;

* 220M parameters

You were just given 4 x more compute. How should you use it?

» Larger models: 16 and 32 blocks with a large version (roughly 2x and 4x the
computational cost).

» More steps: such as 4x steps.

» Large batch size.

» Ensemble of 4 separately models (with averaging the decoder logits).
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Comparison of Different Scaling Strategy

Scaling strategy GLUE CNNDM SQuAD SGLUE EnDe EnkFr EnRo
% Baseline 83.28 19.24 80.88 71.36 26.98  39.82  27.65
1x 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
2X size, 2x training steps 86.18 19.66 84.18 T7.18 2752 41.03 25.19
4% size, 1x training steps )85.91 19.73 83.86 78.04 2747  40.71 28.10
4x ensembled 84.77 20.10 83.09 71.74 28.05 40.53 2857
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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7. Putting It All Together
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Bag of Tricks

Combining all insights and exploring the limits of transfer learning.

» Obijective: i.i.d. denoising objective --> span corruption (with mean length of 3
and corruption rate of 15%).
» Longer training: 2240 tokens
e 32 times as many as baseline;
* 8,2 and 1/2 times the size of BERT, XLNet and RoBERTa;
» Model sizes: Small, Base, Large, 3B(XL) and 11B(XXL).
* Using small models can be helpful when computational resources are
limited.
» Multi-task pre-training:
e Stepl: multi-task pretraining;
e Step2: fine-tuning on the individual task after Step1;
» Decoding: greedy decoding --> beam search.
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Performance of T5 Variants

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° 7.1 93.6° 91.5° 92.7° 92.3°
T5-Small 774 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
TH5-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% 87.1%  90.5%  95.2¢ 90.6%
T5-Small 79.10 87.24 63.3 76.4 56.9 81.6 46.0
T5-Base 85.44 92.08 76.2 81.4 86.2 94.0 71.2
TH5-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
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Performance of T5 Variants

MultiRC  MultiRC  ReCoRD  ReCoRD RTE WiC WisC

Model Fla EM F1 Accuracy  Accuracy  Accuracy  Accuracy
Previous best 84.4% 52.5¢ 90.6% 90.0% 88.2¢ 69.9¢ 89.0%
TH-Small 69.3 26.3 56.3 55.4 73.3 66.9 70.5
TH-Base 79.7 43.1 75.0 74.2 81.5 68.3 80.8
TH-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
T5-118B 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 20.30¢ 40.637
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
TH-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
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Scale Is Not the Only Factor

Model GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Baseline 83.28 19.24 80.88 71.36 26.98  39.82  27.65
Baseline-1T  84.80 19.62 83.01 73.90 27.46  40.30  28.34
T‘S-Base 85.97 20.90 85.44 75.64  28.37 41.37 28.98

Table 15: Performance comparison of T5-Base to our baseline experimental setup used in
the rest of the paper. Results are reported on the validation set. “Baseline-1T"
refers to the performance achieved by pre-training the baseline model on 1 trillion
tokens (the same number used for the T5 model variants) instead of 235 ~ 34B
tokens (as was used for the baseline).

v' Baseline vs. Baseline-1T
v" Baseline-1T vs. T5-Base
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All Results

GLUE BuperGLUE WMT

Score  ColA SST-2 MRPC MRPC STSB STSB QNLI RTE CNN,/DM SQuAD Seore  Boal CBE OB COPA MuliRC  MuliRC ReCoRD  ReCoRD  RTE  WiC  WSC Eafr  EnHo

Table Experiment Average MOC Acc FL Ace  POC SCC Ace Acc RLF R2F RLF EM Fl  Average  Acc FI  Acc  Acc F1 EM F1 EM Ace  Ace  Acc BLEU BLEU
1 % Bascline average 8135 S3A4 0288 0207 8BO2  BEOZ BTG4 9048 TEZE 4133 1924 3877 S0B8 BSEl  TL3E  TAEZ 0132 OLOA  6A30  8A13 TR B0L05 8E16  Th.34 BEOM4  TEEA WE2 ITES
1 Baseline standard deviation 0235 LIl 0569 0720 1019 0.8T4 DdIS 0361 13893 0085 0085 00GE 0343 0228 0416 0385 3237 2560 2741 0716 1011 0.370 0379 1228 0ESD 2029 0090 0108
1 No pee-training 66.22 1220 B062 EL42 TR0 T2ZEE 7207 TEA9 GEE4 3000 1760 3669 5031 6157 5L04 6538 TLGI TETO 6200 5000 [T 2033 1795 5415 5408 6538 WTT 2
2 % Enefder. denoising BII%  B3E4 0268 0207  EEO2  REOZ  BT.04 9045 TE28 4133 1924 3877 E0ER REEl  TI36  TRE2? 0132 0106 6RI0 6613 TR B9L05 6516 7534 EEO4  TEER WE2 ITES
2 Enc/fder, shared, denaising 8281 5524 OLES ! 8B24  B7.43 BT.ES 9023 TRES 4111 1878 3848 8063 B840 TOTF T3 OG04 0643 6500  8A16 22.08 6505 8E00  TO7E ES.1E TRAG 003 ITAE
2 Enc//der, 8 layers, denaising BMES 4828 0209 0151 ETO0  BT.01  BATE S8E3 TL45 4DEF 1807 3831 TTRD BT BR4Z  TATD  OLTD O2EA 6700 19,62 128 6033 720 BS99 TRAO A 205
2 Language model, dencising T4T0 50 G060 B808  TEO2  BR2Z  BS42 s6.02 G462 3040 1793 3601 6L14 TLAT 502 6547 6006 TL43  GEO0 294 5335 5231 5307 G882 6346 4528 2586
2 Prefix LM, denaising SLEZ 4000 0243 0L43  SE24  BT20  BAOE S8.71 74Ol 4048 IS61 3700 TEHM BTl BA1l TRED 9337 OLOT 6000 65,03 6411  TI48 B587 TRAE 788 A0
2 Enc/fdes, LM TRES 4203 OLB6 0184 8824 BT.I3  ET.OD 8854 6570 40T ISE0 3813 TEA2 B4ES  A420  T223  SRT4 EO.M G700 50.28 B30 65.34 B4E0  TDIO W07 2686
z Ene fdes, shared, LM TR0 4453 0209 @020 85TF 5603 BLET ER16 6531 4016 3769 TEAS B4E8  BLE0  TDAD 9141 ETE0  GS00 57.53 5673  63.54 6348 TDI9 WIT 2AE
z Ene fdes, 8 layers, LM TEAT 3872 0140 040 8652  BGEI  B6.4D SE06 G570 4020 70 7532 B408 G406 TL3S SRS EO.2D 6000 55.22 5430 66.79 B395 TLIS 342 2080
2 Language model, LM TRTE 2853 BO.T9 B2} TEME  BAIZ  BLOD B4B4  GEE4 384T 36.37 5381 6455 G6Al 6422 5002 TL43 6400 4651 4575 5554 BATY 6923 M3l WIS
z Prefix LM, LM THEE 4126 0209 W11 86327 BASI  BAAD SR04 G550 3060 3713 TAET 530 G486 TlAT 9337 OLOT G700 GRAT 50.25 G616 64.28 6830 TLIS ITEl BTE
4 Language modeling with prefix B068 4422 0300 0188 8B48  BT.20  BTIS BRI 6555 4071 3815 7746 6643 B527T  TAES 8306 BT.50 G500 G065 6178 6076 6550 6587 TAAE 073 A9
4 BERT-style (Devin e al., 2018) B206 5240 0265  OL70 8095 G786 ET.60 9033 TE4E 4127 3872 S065 ES24  GOEE  TE4S 9407 ME4  6L00 6320 66.76 8555 T2.20 6902 TR0 003 204l
4 Deshuffling TEIT  ZREZ  BT16  BA.88 8113 5403  B3ED B1E ESE 40TE 3810 6761 TEF8 5847 6907 6RTD TEET G600 G085 4552 4436 5704 B4ED 8827 .30 262
3 BERT-style {Devlin et al., 2018) BLO6  GL40 0255 0270 B0O5  ETEE  ET.6E 9033 TEAE 4127 3872 BO6S BSR4 BOEE  TEAS 9437 D464 L0 6330 6676 6685 7220 6912 TRAO 003 274l
5 MASS style (Song et al., 2015) BX3Z 4701 01683 G253 ELT1  BEZ1  BAIS WO TTIE  ALIE 3856 B000 ERO07 G028 TROS 8405 O 6300 6446 6671 85,91 TEES WE0 IS
5 % Heplace corrupted spans BII%  BEE4 02688 0207 BEO2  EEOZ  ET.04 945 TEZE 4133 3877 S0ES ERE]  TL3G  TEG2 9122 OLSE 6EI0 6613 B9L05 HE.16 TE.5E WE2 A
5 Drop carrupted tokens S44 604 0289 GLT) 8005 BT2E  BAER 90T4  TRAZ 4127 3570 S062 BS.25  GAAT  TR.OD OG0 D461 G600 6506 05.54 64,60 T4 .78 2TEZ
8 82E2 G271 0249 OL5F 8634 BEID  BRIS MIF  TEAS  4LOG 3853 8038 BS38  BOSE  TA08 0137 O2EA G200 8RO 67.93 6700 TOTE ET24 TRAG 028 I
8 8338 5384 0268 0207 8802  BEOZ BTG4 9045 TE2E 4133 3877 80BS BSEl  TL3G  TAEZ 09132 OLOA 6630  8A.13 6616 7534 B804 TEEG WE2 A
8 8300 5347 0300 0244 8046 5736 ET.38 TT  TAOL 4160 3014 B086 BSEl  TO4E  TA3D 09302 0286 6500 8646 6739 T36S ETAT TRI2 WE AT
] S1.27 4628 0163 9111 8799 BTAT BT.64 9024 TOTE  4L5L 3860 TOB0 BT78  TOAT  TR.O2 09406 O2E6 6500 6297 6413 7220 B850 TT.ES 090 24D
T Baseline (iid) B35 BIA4 0288 0207 8EO2  REOZ  BT.OM o0dE  TEZE 4133 3877 B0EE  EREL TEEZ 9137 OLG A0 6613 @E16  Th.34 BSAOM4  TEEA WE2 ITES
7 Avesage span length = 2 8154 SRET 0230 0306 9044 BTAR  BTTL MBS TT.A 4123 3880 AR08 BO.ED TIOE 9043 OLOT  TOO0 6638 TOEl R4S BR34 TRES 0.0 2763
Avesage span length = 3 8349 53O0 0243 0225 8048 5740 BT.S3 M09 T8 ALED 3804 SLE4 068 TEES 9437 G464 TOO0 6784 6090 7473 6771 TTES WEE 262

Avesage span length = & 8340 5212 0312 92683 8071 BETD  BSAT MTH  TESD 4130 3862 8206 6970 TI06 8306 B 6000 6R.16 TOEE  TE.EL 6991 TOEL .40 253

7 Average span length = 10 B2ES  SRIL BEAE  BE.22 9107 TEIT 4138 3860 SLE4  62.30 TEAS  ET.40 B0 6500 6657 6804 7258 G756 TROE 1049 2768
B %04 BLIE 53Ed BEOZ  BT.04 o0dE  TEZR 4133 3877 BOEE  EREL TEEZ 9132 OLGE  6A30 6613 8E16 TR WE2 ITES
B 4, unfiltered BLAB  4B01 ETTD  ET.60 BET1 T2 4L09 3854 TETE T4 TET5 8017 OLOT 6200 6652 656 60.68 3 2w
B RealNews- ke 8363 56.55 ETTl  BT.3T 9061 TE3 4138 3864 8039 B850 IOl 9308 G464 BED0 A5G TETZ  TREL W90 AR
B Wb Text-like: B408  56.38 BEAD  BE.6S 90EZ  TT.E2 4123 3870 Bl42  EDIS TEES AR08 B GA00 6410 TL36 TR 74 2WE0
B Wikipedia 81B5 4553 EGAZ  BA.40 06 TT28 4130 38681 8129 698 7612 5608 B0.38 6700 6501 8506 7473 W60 26T
B Wikipedia + TEC 8365 5553 BB.6T  EB.27 9104 TES) 4122 3867 SZLE  EQTO T6.22 9540 0286 6900 5159 8851 TT.62 63 IMET
9 % Full data set 8138 5384 BEOZ  BT.04 9045 TE2E 4133 3877 B0  BSEL TEEZ 9122 OLGE 6620 6613 8516 7534 WE2 A
9 7 (84 repeats) BLET  BEEZ ET56  ET.5S MES  TRES 4118 3867 BOLT  ERG0 TETE 9206 OB 600 6611 8540 TREL 074 26
9 S22 S0A0 E783  ET.60 an12  TEEl 4L 3870 7078 ET.63 7529 9342 OLOT 6300 ALE2 6530 TAER w71 WA
9 TRES 4354 B5O2  BE.T4 ET.00 4066 3813 7627 B458 TIES 8307 B214 G400 5030 604 608 056 2680
9 TEM 3268 B340 E3.42 85.47 4016 366 TOO2 B30 69.55 7345 Il 600 TG 4579 5057 354 2661
10 8108 5384 BEOZ  BT.04 .45 4133 3877 B0  BSEL TEEZ 9137 OLOG 6620 6613 8516 7534 WE2 A
10 Adapter layers, d = 32 BBE2 4533 BE3E  BE.0A MT2 3450 3215 7042 ET.TO 5200 5EAL 6156 620 1758 1654
10 Adapter layers, d = 123 SLE1 4535 ET73 BTG M52 36.71 3497 7047 ET6L SE0 ALDE 6607 6550 WE 2163
10 Adapter layers, d = 512 SL54  4425 BETd  BE.44 .62 38.63 3635 7008 7.2 BEOO AZad 6574 078 3308 2661
10 Adapter layers, d = 2048 S22 4056 BE46  B8.35 066 344 aT06 7940 BT.38 SEO0 AL10 6606 7320 o2 2693
10 Gradial Unfressing 825D GLT4 BT.2T  E6.90 a0.T1 4058 3840 7017 ET.30 o0 6203 6479 RS2 w02 2093
11 s Bascine (pre-train/fine-tune) 8138 5354 BEO2  BT.04 9045 4133 3877 B0BS BSEL 6620 6613 6816 7534 0.E2 206
11 TEIZ 34T TEAD TR 013 095 3849 7651 B561 6500 60E0 70 6LOL M3 WTE
11 BMAS 4207 BEAL  BS.OM T 4118 3850 7735 B5.T2 OO0 A5al 6195 TE.50 Mm 210
11 8166 4T3 5615 E5.93 AT 41.08 3847 TTA0  B5ET 500 6TTE 6054 T0.08 B IS
11 E ET6E  ET.20 947 4096 . 3843 TEIT 674 6200 6770 6254 THE3 #E19 A
11 Bl4Z 4554 BE4d  BE32 9164 428 1924 3871 7078 E815 5000 6822 6429 T3AG GG I3 ITE
11 BDED 425G EE36  ES.10 9230 406 1924 3848 S036 ERIT 6200 8757 6522 TEO0 B4TI 6033 O3 ITES
11 THEZ 445 TH4  BT.40 ] 0B 4651 1870 3702 7060 BT.48 5700 8275 83685 7202 B4Il TLIS w2 I3
11 BLO0 5400 BE11  B4G0 S840 BOT4  B3AT 9151 4.8 1928 3854 7042 BT 5700 ALED 8574 T2O2 ETOE  TRAG /T2 IM
11 BMGES 4538 B313  BL78 8609 0000 BRTS aL16 4.8 19.22 3851 7789 B6EL 000 8810 6327 7473 8428 TLIS I5E2 A5
11 Tempesature-sealed, T = B T AT 7020 TO.08  SA.60 OO0 BI.OG 20,21 401 1910 3840 7704 509 6000 66.36 6260 6200 6332 6538 353 AT
12 % Unsupervised pre-training + finetuning 8328 5384 0268 0207 8602 BEO2 ET.04 BE6T OLEA B4R 04 4133 1924 3877 S0ES  BAEL 6620 6613 BE16  75.31 EEO4  TEER WE2 ITES
12 Multi-task training 8142 4504 0183 0230 8022  BE44 B3 BAE4 0000 B3TI 9LE4 4128 1924 3871 7078 E815 000 8822 6470 TIAE BROE 6023 W30 TR
12 Multi-task pre-training + fne-tuning ALl 5142 0288 OLTI  BETR  REO6 ET.T0 ARGl OLAl  BAOO 9185 4115 1912 3850 S036  BAS0 8500 TOTI 8503 BL23 BS.IE  TRAE WED 2BAT
12 Leave-one-out multi-task training B198 8624 BT78 7327 GE61 OL44  BLOD .79 434 1906 3877 70487 E8.10 BED0  AR00 6527 0.0 BSEE TEES w079 2TET
12 Supervised multi-task pre-training 7003 8624 5703 BATS  8R15 U120 B2ET 90,13 4112 1896 3849 778 656D To.66  BBET B3O3  GEO0 648l 5461 7112 6740 TRAE 4003 /0
13 % Bassline BLIE 0207  8EO2 REOZ ET04 SEAT OLEA B4R A 4133 1924 3877 E0BS  BAEL TEEZ 9122 OLOE GG 6613 6516 7534 EEO4  TEER WE2 ITES
13 1 size, 4x training steps 5.3 0406 9187 E042  BO2S  EDIE OLET  BAOL 91683 4152 1931 3806 B245 009 00T 9475 02E8  TLOO AT TLEG R34 TR0 BRED dnga 278
13 1 size, 4 batch sie B4.60 G231 &0322 GBAE  BABd  E0AE 0207 BSOS aL07 470 1947 308 B2ZET 0021 TETE Q380 DABd TR0 R0 THOO  TES3  TOOE  BLTR 0@ 2TE4
13 2 size, 2 training steps 8618 0336 9069 SO0E  B9.23  E0AS 0205 BT.23 92,68 474 1986 314 8415 013 B0.08 9736 0643 A0 TLM TE34 B0l EO28  BGES 4108 2|19
13 4 size, 1x training steps 85.01 G267 8005 G060 BO.6) 044 0214 BT.OG 2312 4160 1973 3008 S3BE 0132 BL3S 80080 D464 TR0 TATY TE.25 774D BLE 7022 OLIS 071 /A0
13 4x ensembled BLTT . 0331 9067  E071  BO.60 S062 0224 B2 aL.60 4210 .0 3NEE 8300 0040 7758 B0ES OLOT  GE00  Anaz TZET TLO4 RS0 EO1Z TRIZ 4053 /D
13 4x ensembled, fine-tune caly 8406 ST 0278 9315 9044 BE34  BS1Z  E02T 0LST  ES.33 9005 TT.EZ 4166 1957 3R12 8236 B8 TLEG T3 D007 O2EE 6800 6131 04T a0.64 7545 6516 TAM ITEE 4022 209

Table 16: Score achieved on every task we consider for all of the experiments in this paper. In the first column, we list the table where the condensed results were presented for & given experiment. As in the main text, a row marked with % denotes our baseline model {described in Section 3.1).
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Takeaways & Outlook
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Takeaways

Architectures Unsupervised Objective Pretraining Data  Training Strategy

Fine-tuning
Strategy

Enc'-DeC-

Different

Dec.-only

BERT-style MTL

Different

Size

Combining

Prefix-LM Deshuffling

Pushing the limits
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Outlook

» The inconvenience of large models:
* Scaling up may continue to be a promising way to achieve better
performance.
e Authors advocate for research on methods that achieve stronger
performance with cheaper models. (e.g. distillation and parameter sharing)
» More efficient knowledge extraction:
* Obtain general-purpose “knowledge”;
* Denoising objective in this work;
* Any more efficient way?
» Formalizing the similarity between tasks:
* Pretraining on unlabeled in-domain data can improve performance on
downstream tasks.
* Formulating the similarity between the pre-training and downstream tasks
could help choose pre-training tasks and unlabeled data.
» Language-agnostic models:
e English-only pre-training does not achieve SOTA results on translation tasks;
e Vision: models can perform a given NLP task with good performance
regardless of the text’s language.
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