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Transformer [1]

» June 2017

» encoder-decoder model

» dispensing with recurrence and convolutions entirely
» attention mechanism (MultiHeadAttention)

» positional encoding
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GPT-2 [5]

» February 2019
» based on Transformer [1] (GPT-1 [2])
» BPE — Byte Pair Encoding [3] on the byte level
> <UNK> occurs 26 times in 40 billion bytes
» use custom regex text splitter
» trained on 40GB of text collected from the Internet (WebText)

> it's not Common Crawl (quality issues)
> OpenWebText as an alternative

» GELU — Gaussian Error Linear Unit [4]
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Models

Parameters | Layers | dmodel

117TM 12 768
345M 24 1024
T62M 36 1280
1542M 48 1600
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GELU — Gaussian Error Linear Unit [4]

GELU - sigmoid(1.702 - z) -
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Comparing different levels of BPE

BPE based on bytes | BPE based on characters
1 | 'l like cats. | like cats.
2 'l like’, ‘cats’, *) I, ’like’, ‘cats’, *)
3 | [0x49], -
[0x20’, '0x6¢’, '0x69’,
'0x6b’, '0x65’],
[0x20’, '0x63’, '0x61’,
'0x74’, '0x73’],
[0x2e’]
4 |l ’Glike’, 'Geats’, ’. -
5|0, Gl 'ke’, T, li@@’, ke’
'Gea), ts’, . 'ca@@’, 'ts’, "’
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Comparing different levels of BPE

BPE based on bytes BPE based on characters
1 | "Zazéi€ gesla jazn. 'Zazobi¢ gesla jazn’
2 | 'Zazét¢,’ gesla’, ' jazn', ! 'Zazoie, 'gesla’, Yjazi, !
4 | °ZaAv:ASAHAT, "GgALALIAR, | —
'GjaAAH’, .
5|2 a A v A¥ AR AT @@ 'a@@ z@@’
'Gg ACLUACL T AR @@ t@@’ ¢
Gja' A A H JQQ@ 'e@Q@ S@Q@'
@@ '3 @@
@@ @@ '
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BERT [6]

» BERT — Bidirectional Encoder Representations from
Transformers = bidirectional Transformers

BERT (Ours)

10/52



BERT input representation

» [CLS] — the special classification embedding

» [SEP] — the sentences separator, sentence pairs are packed
together into a single sequence

» segment embeddings

Input (cts| dog @ cute || [SEP] likes || play || ##ing || [sEP]
Token
Embeddings s Ersery Eies Eiser

Eresine -----W-Wﬁ l—\
Erins W-W-I_H E, I-\ e & L& HEm|
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Masked Language Model (MLM)

» masking some percentage of the input tokens at random
» predicting only those masked tokens ([MASK])
» mask 15% of all
» masking procedure:
> 80% of the time - replace the word with the [MASK] token
» my dog is hairy — my dog is [MASK]
> 10% of the time - replace the word with a random word
» my dog is hairy — my dog is apple
» 10% of the time - keep the word unchanged
» my dog is hairy — my dog is hairy
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PyTorch

» PyTorch 1.2 support Transformer architecture:

» nn.Transformer
nn.TransformerEncoder
nn.TransformerEncoderLayer
nn.TransformerDecoder
nn.TransformerDecoderLayer
» nn.MultiheadAttention

» PyTorch 1.3 — current version

vvyvyy
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Megatron-LM [7]

» September 2019

created by Nvidia

» support BERT and GPT-2 models training with the memory
optimization

» use Wikipedia (without Wikitext-103 articles), CC-stories,
RealNews, OpenWebtext — 174 GB of text

» used 512 GPUs (Nvidia V100 32GB, trained over 9,2 days
with 12 ZettaFLOPs)

» 480460 USD (~34 USD per hour — one DGX-2) to train the
GPT-2 model

v
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Parallelism

Speedup obtained for the 1.2 billion parameters model:

#0fGPUs | 1 2 4 8
Speedup | 1.0 | 1.64 | 2.34 | 2.98

Hybrid Model and Data Parallelism:

GPU-1
model parallel :
seodpil . data parallel
GPU-8 group 1
GPU-9
model parallel o
group 2 R
GPU-16
GPU-505
model paraliel data parallel
,,,,,,,,,,, group 8
GPU-512
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Score

Model | Wikitext-103 | LAMBADA
Perplexity | | Accuracy 1
355M | 19,31 45,16
2,5B 12,76 61,73
8,3B 10,81 66,51
SOTA | 16,43 63,24
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Evolved Transformer [9]

» January/February 2019
» 7,30 - 105 possible models

> use fraction of data (WMT’14 En-De)
» aggressive early stopping (allows models that are consistently
performing well to train for more steps)

» Depth-wise separable convolutions (Xception[8])
» Gated Linear Units
» Swish activation
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Evolved Transformer Encoder
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Evolved Transformer Decoder
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Score
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XLM [10]

January 2019
created by Facebook
based on BERT

use text streams of an arbitrary number of sentences instead
of pairs of sentences

vVvyyVvyy

v

no next sentence prediction
12 layers (BERT - 24 layers)

v
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XLM

Masked Language
Modeling (MLM)

Token
embeddings

Position
embeddings

Language
embeddings

22/52



XLM

Model | Score | CoLA | SST2 | MRPC | STS-B | QQP

BERT | 80.5 60.5 |949 | 89.3/85.4 | 87.6/86.5 | 72.1/89.3

XLM | 828 |629 |956 |90.7/87.1 |88.8/88.2 | 73.2/89.8
MNLI_m | MNLI_mm | QNLI | RTE | WNLI | AX
86.7 85.9 927 | 701 | 65.1 | 396
89.1 88.5 94.0 | 76.0 | 71.9 | 447

23/52



TransformerXL [11]

» June 2019
» Vanilla Transformer Language Models
> limited by a fixed-length context
> ignore all contextual information from previous segments
(information never flow over segments)
» TransformerXL

> "Recurrence" mechanism
> Relative Positional Encoding
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Score

Vanilla Transformer:
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TransformerXL

» "Recurrence" mechanism
> use fixed, cached segment (for each layer) from the previous
segment
» use stop-gradient for caching
> different segments have the same positional encoding (an old
segment is represented as [0, 1, 2, 3] and a new segment is
processed as [0, 1, 2, 3, 0, 1, 2, 3] — for the two segments)

» Relative Positional Encoding

> encode relative positional information in the cached segment
» add content-dependent positional bias
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Score

Method enwiki8 | text8 | One Billion Word
Previous best 1.06 1.13 | 23.7
TransformerXL | 0.99 1.08 | 21.8

Method WikiText-103 | PTB
Previous best | 20.5 55.5
TransformerXL | 18.4 54.5
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XLNet [12]

» June 2019
» BERT + TransformerXL
» Permutation Language Modelling

» 245000 USD to train the XLNet model (to beat BERT on NLP
tasks)
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autoregressive and autoencoding language
modelling

» autoregressive (AR) language modelling (classical)
» estimate the probability distribution of a text corpus
> trained to encode a uni-directional context (either forward or
backward)
> is not effective at modelling deep bidirectional contexts
» downstream tasks often require bidirectional context
information

» autoencoding (AE) language modelling (like BERT)

» aims to reconstruct the original data from corrupted input
(IMASK] token — masked language model)
» density estimation is not part of the objective

29/52



Permutation Language Modelling

memm
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BERT vs XLNet

» Sentence: [New, York, is, a, city]
» Select the two tokens: [New, York]
» Maximize: log p(New York | is a city)

Model | First prediction | Second prediction
BERT | log p(New | is a city) | log p(York | is a city)
XLNet | log p(New | is a city) | log p(York | New, is a city)
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Score

Model MNLI QNLI QQP RTE SST-2 MRPC CoLA STS-B WNLI
Single-task single models on dev

BERT 86.6/- 923 91.3 70.4 93.2 88.0 60.6 90.0 -
XLNet 89.8/- 93.9 91.8 83.8 95.6 89.2 63.6 91.8 -
Single-task single models on test

BERT 86.7/85.9 91.1 89.3 70.1 94.9 89.3 60.5 87.6 65.1
Multi-task ensembles on test (from leaderboard as of June 19, 2019)

ALICE" 88.2/87.9 95.7 9.7 83.5 95.2 92.6 68.6 91.1 80.8
XLNet® 90.2/80.7" 986" 903" 863 968" 930 678 916 904
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RoBERTa — Robustly optimized BERT approach
[13]

July 2019

created by Facebook

based on BERT

more data (over 160GB) + more steps + larger batches (8K)
no next sentence prediction

dynamic masking instead of static

larger byte level byte pair encoding vocabulary (50K units)
used 1024 GPUs (Nvidia V100 32GB, trained over one day)

104448 USD (~34 USD per hour — one DGX-2) to train the
RoBERTa model

vVVvVyVvyVvVVvVvYVYyYVYyYy
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Score

MNLI QNLI QQP RTE SST MRPC CoLA STS WNLI Avg

Single-task single models on dev
BERT, srce 86.6/- 923 913 704 932  88.0 60.6  90.0 - -
XLNet; sree~ 89.8/- 939 918 838 956 892 63.6 91.8 -
RoBERTa 90.2/90.2 947 922 86.6 964 909 68.0 924 913 -

Ensembles on test (from leaderboard as of July 25, 2019)

ALICE 88.2/87.9 957 90.7 835 952 926 68.6 91.1 80.8  86.3
XLNet 90.2/89.8 986 903 863 968 93.0 67.8 91.6 904 884
RoBERTa 90.8/90.2 989 902 88.2 967 923 67.8 922 89.0 885
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StructBERT (ALICE — Alibaba) [14]

» August 2019
based on BERT

» Word Structural Objective — ability to reconstruct the right
order of certain number of intentionally shuffled word token

» Sentence Structural Objective — extend the sentence
prediction task by predicting both the next sentence and the
previous sentence

» used 64 GPUs (Nvidia V100, trained over 38 hours/7 days)

» 8208-10336 USD (~27-34 USD per hour) to train base model
and 36288-45696 USD to train huge model

v
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Word Structural Objective
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Sentence Structural Objective

MNext Sent Prediction Prev. Sent Prediction
Class label = 1 Class label = 2
Transformer Encoder Transformer Encoder
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Score (old

QQP MNLI-m MNLI-mm

1 GLUE Human Baselines  GLUE Human Baselines (Z' 871 664 978 86.3/80.8 92.7/92.6 59.580.4  92.0 928 912 936 959 -

+ 2 In ALICE large (Alibaba DAMO NLP) 829 616 952 91.1/87.7 89.6/88.6 74.0/90.4  87.9 87.4 954 809 651 40.7
4 3 Microsoft D365 Al & MSR AIMT-DNNV2 (BigBird) [y 829 625 956 91.1/88.2 89.5/88.8 72.7/89.6  86.7 8.0 949 814 651 403
= 4 Jason Phang BERT on STILTs ey 820 621 943 90.2/86.6 88.7/88.3 719/89.4  86.4 856 927 801 651 283
GPT on STILTS ey 769 472 931 87.7/83.7 85.3/84.8 70.1/88.1  80.7 80.6 - 691 651 294

4 5 Jacob Deviin BERT: 24-layers, 16-heads, 1024-hi (4" 80.5  60.5  94.9 89.3/85.4 B87.6/86.5 72.1/89.3  86.7 859 927 701 651 396
6 Neil Houlsby BERT + Single-task Adapters ey 802 59.2 943 88.7/84.3 87.3/86.1 71.5/89.4 854 850 924 716 651 9.2

7 Alec Radford Singletask Pretrain Transformer (4" 728 454 913 82.3/75.7 82.0/80.0 70.3/88.5  82.1 814 - 560 534 298

4 & Ssamuel Bowman BILSTM+ELMo+Attn (2 705 36,0  90.4 84.9/77.9 75.1/73.3 64.8/84.7  76.4 76.1 - 568 651 265
9  GLUE Baselines BILSTM+ELMo+Attn (2 70.0 336  90.4 84.4/78.0 74.2/72.3 63.1/84.3  74.1 745 798 589 651 217
BILSTM4ELMo Z' 677 321 893 847780 70.3/67.8 611826 672 67.9 755 574 651 213
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Score

System CoLA | SST-2 | MRPC QQP MNLI QNLI | RTE | WNLI | AX Average
8.5k 67k 3.5k 363k 392k 108k 2.5k 634

Human Baseline 66.4 97.8 86.3/80.8 59.5/80.4 | 92.0/92.8 | 912 93.6 95.9 -

BERTLarge 60.5 94.9 89.3/85.4 | 87.6/86.5 | 72.1/89.3 | 86.7/85.9 | 92.7 70.1 65.1 396 [ 80.5

BERT on STILTs 62.1 94.3 90.2/86.6 | 88.7/88.3 | 71.9/89.4 | 86.4/85.6 | 92.7 80.1 65.1 283 | 82.0

StructBERTBase 572 94.7 89.9/86.1 88.5/87.6 | 72.0/89.6 | 85.5/84.6 | 92.6 76.9 65.1 39.0 [ 80.9

StructBERTL: 65.3 952 92.0/89.3 | 90.3/89.4 | 74.1/90.5 | 88.0/87.7 | 95.7 83.1 65.1 43.6 | 839

StructBERTLarge ensemble 68.6 952 92.5/90.1 91.1/90.6 | 74.4/90.7 | 88.2/87.9 | 95.7 83.1 65.1 439 | 845
XLNet ensemble 67.8 96.8 93.0/90.7 | 91.6/91.1 | 74.2/90.3 | 90.2/89.8 | 98.6 86.3 90.4 475 | 884
RoBERTa ensemble 67.8 96.7 92.3/89.8 | 92.2/91.9 | 74.3/90.2 | 90.8/90.2 | 98.9 88.2 89.0 48.7 | 885
Adv-RoBERTa ensemble 68.0 96.8 93.1/90.8 | 92.4/92.2 | 74.8/90.3 | 91.1/90.7 | 98.8 88.7 89.0 50.1 | 88.8
StructBERTRoBERTa ensemble | 69.2 97.1 93.6/91.5 | 92.8/92.4 | 74.4/90.7 | 90.7/90.3 | 99.2 87.3 89.7 47.8 | 89.0
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ALBERT - A Lite BERT [15]

v

October 2019

based on BERT

» factorized embedding parametrization (decomposing into two
smaller matrices)

» use sentence-order prediction (SOP)

» cross-layer parameters sharing

> share only attention parameters
» share only FNN parameters
» share attention and FNN parameters

v
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NSP — next sentence prediction
SOP — sentence-order prediction

Intrinsic Tasks Downstream Tasks
SPtasks | MLM NSP  SOP | SQuADI.l SQuAD2.0 MNLI SST-2 RACE | Avg
None ‘ 549 524 533 | 88.6/8L3 78.1/75.3 815 89.9 61.7 79.0
NSP 545 905 520 | 884/815 77.2174.6 81.6 91.1 62.3 792
SOP 540 789 865 | 89.3/823 80.0/77.1 82.0 90.3 64.0 80.1
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BERT vs ALBERT

Model Parameters Layers Hidden Embedding Parameter-sharing

base 108M 12 768 768 False

BERT large 334M 24 1024 1024 False

xlarge 1270M 24 2048 2048 False

base 12M 12 768 128 True

large 18M 24 1024 128 True

ALBERT xlarge 60M 24 2048 128 True

xxlarge 235M 12 4096 128 True
Model Parameters SQuADI.1 SQuAD2.0 MNLI SST-2 RACE | Avg | Speedup
base 108M 90.4/832 80.4/77.6 845 928 682 | 823 17.7x
BERT large 334M 92.2/85.5 85.0/82.2 86.6 93.0 739 |[852 3.8x
xlarge 1270M 86.4/78.1 75.5172.6 8.6 90.7 543 | 76.6 1.0
base 12M 89.3/823 80.0/77.1 81.6 90.3 640 |80.1| 2I.1x
ALBERT large 18M 90.6/83.9 82.3/79.4 83.5 91.7 685 | 824 6.5x
xlarge 60M 92.5/86.1 86.1/83.1 86.4 92.4 748 | 855 2.4x
xxlarge 235M 94.1/88.3 88.1/85.1 88.0 95.2 823 | 88.7 1.2x
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Score

Models MNLI QNLI QQP RTE SST MRPC CoLA STS WNLI Avg
Single-task single models on dev

BERT-large 86.6 923 913 704 932 88.0 60.6  90.0 - -
XLNet-large 89.8 939 91.8 838 95.6 89.2 63.6 91.8 - -

RoBERTa-large 90.2 94.7 922 86.6 96.4 90.9 68.0 924 - -
ALBERT (IM) 90.4 952 92.0 881 96.8 90.2 68.7 927 - -
ALBERT (1.5M)  90.8 95.3 922 892 969 90.9 714 93.0 - -
Ensembles on test (from leaderboard as of Sept. 16, 2019)

ALICE 88.2 95.7 90.7 835 952 92.6 69.2 911 80.8  R7.0
MT-DNN 87.9 96.0 89.9 863 965 92.7 68.4 911 89.0 876
XLNet 90.2 98.6 90.3 863 96.8 93.0 67.8 91.6 904  BR4
RoBERTa 90.8 98.9 90.2 882 96.7 92.3 67.8 922 89.0 885
Adv-RoBERTa 91.1 98.8 90.3 887 96.8 93.1 68.0 924 89.0 888
ALBERT 91.3 99.2 90.5 892 971 93.4 69.1 925 918 894
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Other models

» TinyBERT [16]
» September 2019
» transfer the knowledge of a large teacher network to a small
student network
> 7,5 smaller, 9,4 faster, 28% parameters of BERT

» CTRL — Conditional Transformer Language [17]

» September 2019
use 140GB of text from a wide variety of domains
large vocabulary of roughly 250k tokens
control codes (to generate task-specific data)
trained for 2 weeks

vvvyy
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T5 — Text-to-Text Transfer Transformer [18]

» October 2019

» treat every NLP problem as a "text-to-text" problem (taking text
as input and producing new text as output)
» based on Transformer (encoder and decoder)

» used "Colossal Clean Crawled Corpus" (called C4) — about
750 GB of text (this is only extracted text from April 2019)

» for fine-tuning use all of the task as a single task by
concatenating all of the datasets (with the special processing
into input and output form)

» trained on 1024 TPU v3 (TPU v2 costs ~768 USD per hour)
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ldea

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

"Das ist gut."

“cola sentence: The
course is jumping well."

"stsb sentencel: The rhino grazed
on the grass. sentence2: A rhino
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."
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Pre-training

QOriginal text

Thank you fef inviting me to your party Jast week.

Inputs

Thank you <x> me to your party <v> week.

Targets
<X> for inviting <v> last <Z>
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Score (GLUE

Rank Name Model URL Score ColA SST2 STSB  QOP MNLim MNLimm QNLI RTE WNLI
1 T5Team- Google T5 ' so7 708 971 919892 925021 746004 920 917 97 925 932 531
2 ALBERT-Team Google LanguageALBERT (Ensemble) F se4 co1 971 934912 925920 742905 913 910 992 892 918 502

+ 3 s ALICE v2 large ensemble (Albaba DAMO NLP) Z' s0 692 971 936915 927923 744907 907 02 992 873 897 478
4 Microsoft DIBSAI& UMD FroeLB-RoBERTa (ensemble) (Z' e88 680 968 93.1908 924922 748903 9.1 907 988 887 890 501
5 Facebook Al RoBERTa Z' e85 678 97 923898 9220919 743902 908 902 989 882 890 487
6 XLNetTeam XLNet-Large (ensemble) Z' e84 678 98 930907 916911 742903 902 898 986 863 904 475

4 7 Microsoit D3G5 AI& MSRAI  MT-DNN-ensemble (£ 76 684 965 927903 91.1/907 737/899 879 874 90 863 890 428
8 GLUE Human Baselines GLUE Human Baselines. (Z' o1 664 978 863808 9270926 595804 920 928 912 936 959 -

| ALBERT | T5-Small | T5-Base | T5-Targe | T5-3B | T5-11B

Score | 89,4 | 77,4

82,7

864

7885

89,7
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Score (SuperGLUE

Rank  Name Model URL  Score  Boola CB COPA MuliRC ReCoRD  RTE  WiC WSC  AXg  AXb
1 SuperGLUE Human Baselines  SuperGLUE Human Baselines. 2y 898 890 958989 1000 818519 917913 936 800 1000 993997 766
2 T5 Team - Google T 2y 89 910 930964 948 682623 933925 925 761 938 927919 656
3 Facsbook Al RoBERTa 2y 846 871 905952 906 844525 906900 882 699 890 91.0781 579
4 IBM Research Al BERT-mi 735 848 896940 738 732005 746740 841 662 610 978573 296
5 SuperGLUE Baselines BERT++ ey 715 790 848904 738 700241 720713 790 696 644 994514 380

BERT 2y 690 774 757836 706 700241 720713 717 696 644 978517 230
Most Frequent Class 2y 471 623 217484 500 61103 34825 503 500 651 100.0/50.0 00
cBoW 2y 445 622 490712 516 0005 140136 497 531 651 100.0/500 04
Outside Best 2y - s04 . B4 704245 748730 827 E .
- Stanford Hazy Research Snorkel [SuperGLUE v1.9] 2y - - eem32 762 764363 789 721 726 - s
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