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Contextual word representations

Christopher Potts

Stanford Linguistics

CS224u: Natural language understanding
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Static vector representations of words

1. Feature-based (sparse): Classical lexical representations
2. Count-based methods (sparse): PMI, TF-IDF, etc.

3. Classical dimensionality reduction (dense): PCA, SVD,
LDA, etc.

4. Learned dimensionality reduction (dense): autoencoders,
word2vec, GloVe, etc.

Hands-on review:
https://web.stanford.edu/class/cs224u/background.html
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Word representations and context

1. The vase broke.

Dawn broke.

The news broke.

Sandy broke the world record.

Sandy broke the law.

The burglar broke into the house.

The newscaster broke into the movie broadcast.

We broke even.
flat tire/beer/note/surface
throw a party/fight/ball/fit

A crane caught a fish.
A crane picked up the steel beam.
| saw a crane.

Are there typos? | didn’t see any.
Are there bookstores downtown? | didn't see any.

T NTO® TO JQ 400000
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A brief history of contextual representation

1. November 2015: Dai and Le (2015) showed the value of
LM-style pretraining for downstream tasks.

2. August 2017: McCann et al. (2017) (CoVe) pretrained
bi-LSTMs for machine translation and showed that this
was a useful start-state for downstream tasks.

3. February 2018: Peters et al. (2018) (ELMo) first showed
how very large-scale pretraining of bidirectional LSTMs
can lead to rich multipurpose representations.

4. June 2018: Radford et al. (2018) introduced GPT.
5. October 2018: Devlin et al. (2019) introduced BERT.
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Model structure and linguistic structure

ot EEEE:

attention

6/81



Guiding ideas Transformer Pos enc GPT

0O0000@00000 0000000

Attention

classifier
attention combo
context

attention weights

scores

36

really

BERT RoBERTa ELECTRA seq2seq

y = softmax(AW + b)
h = tanh([k; hc]Wx)
k = mean ([a1h1, az2h3, azhs])

a = softmax(&)

a= T T T ]
[hchl hlhy hlhs
h, — hy

X45 X39 X1

not so good

Distillation

00000000 0000000000 000000000 000000 0000000 0000000 000000

Wrap-up
00000

7/81



Guiding ideas Transformer Pos enc GPT BERT RoBERTa ELECTRA  seq2seq Distillation ~ Wrap-up
0O00000@0000 0000000 00000000 0000000000 000000000 000000 0000000 0000000 000000 00000

Subword modeling in ELMo

Max-pooling layers concatenated
to form the word representation

Filters of different length, obtained
via dense layers processing the
input character embeddings and

I
] . | combined via max-pooling:
I )
I
I

8/81



Guiding ideas

0000000000 0000000

Transformer Pos enc GPT BERT RoBERTa ELECTRA

Guiding idea: Word pieces

00000000 0000000000 000000000 000000 0000000 0000000 000000

seq2seq Distillation  Wrap-up

[1]:

[2]:

[3]:

[3]:

[4]:

[4]:

[5]:

[5]:

[6]:

[6]:

from transformers import BertTokenizer

tokenizer = BertTokenizer.from_pretrained('bert-base-cased')
tokenizer.tokenize("This isn't too surprising.")

['This', 'isn', "'", 't', 'too', 'surprising', '.']
tokenizer.tokenize("Encode me!")

['En', '##code', 'me', '!']

tokenizer.tokenize ("Snuffleupagus?")

['S', '##nu', '##ffle', '##up', '##agu', '##s', '7']
tokenizer.vocab_size

28996

Sennrich et al. 2016,

https://github.com/google/sentencepiece

00000
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Guiding idea: Positional encoding
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Guiding idea: Fi

ne-tuning

1. 2016-2018: Static word representation as RNN

embeddings
2. 2018-:

[31]: class HfBertClassifierModel(nn.Module):

def

3. 2021-:

openai api fine_tunes.create -t <TRAIN_FILE_ID_OR_PATH> -m <BASE_MODEL>

__init__(self, n_classes, weights_name='bert-base-cased'):

super() .__init__0

self.n_classes = n_classes

self.weights_name = weights_name

self.bert = BertlModel.from_pretrained(self.weights_name)
self.bert.train()

self.hidden_dim = self.bert.embeddings.word_embeddings.embedding_dim
-- the classifier:

# The only new parameters
self.classifier_layer = nn.Linear(
self.hidden_dim, self.n_classes)

forward(self, indices, mask):
reps = self.bert(
indices, attention_mask-mask)
return self.classifier_layer(reps.pooler_output)

Wrap-up
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Cfflayer—mean(cefayer)

Cout = std(Ciflayer)+€

| Cfflayer = Canorm + Dropout(c)

| cit = ReLU(Canom W1 + b1)Wa + b2 |

Calayer—Mean(Czjayer)

Canorm = std(cajayer)+€

Calayer = Dropout (c

attn T Cinput)

Cattn = SUM ([ona@input, A2binput])

a = softmax(&)
. CinputTainput Cinputhinput

it

]

| Cinput = X34 + P3
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Computing the attention representations

Calculation as previously given

Cattn = SUM ([a1@input, A2binput])

o = softmax(a)
- |:CinputTainput Cinputhinputi|

Vde T Vdk

Matrix format

ainput]

C.

input [binput ainput
softmax| ————

v dk binput
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Computing the attention representations

[1]: import numpy as np

[2]: seq_length = 3
d k=4

[3]: inputs = np.random.uniform(size=(seq_length, d_k))
inputs

[3]: array([[0.31436922, 0.66969307, 0.270804 , 0.72023504],
[0.87180132, 0.27637445, 0.43091867, 0.34138704],
[0.20292054, 0.6345131 , 0.01058343, 0.22846636]])

[4]: a_input = inputs[0]
b_input = inputs[i]
c_input = inputs[2]
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Computing the attention representations

[5]: def softmax(X):
z = np.exp(X)
return (z / z.sum(axis=0)).T
[6]: c_alpha = softmax([
(c_input.dot(a_input) / np.sqrt(d_k)),
(c_input.dot(b_input) / np.sqrt(d_k))1)

[7]: c_attn = sum([c_alpha[0]*a_input, c_alpha[i1]*b_input])
c_attn

[7]: array([0.57768027, 0.48390338, 0.34643646, 0.54128076])
[8]: ab = inputs[:-1]

[9]: softmax(c_input.dot(ab.T) / np.sqrt(d_k)).dot(ab)

[9]: array([0.57768027, 0.48390338, 0.34643646, 0.54128076])

[10]:  # If we allow every input to attend to itself:
softmax (inputs.dot (inputs.T) / np.sqrt(d_k)).dot (inputs)

[10]: array([[0.4614388 , 0.53204444, 0.2451212 , 0.45136127],
[0.50173123, 0.50618272, 0.26184404, 0.43678288],
[0.45493467, 0.5332328 , 0.23643403, 0.4388242 11)
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Repeated transformer blocks
] ]

rhorm rhorm rhorm
G X
\ . fflayer .
! \ ! \ ! \
S S o S o
1 1 1
1 1 1
1 1 1
1 1 1
| 1 | 1 1 . .
’ ’ ’ Repeated N times with
i ' Canorm / <—— Cout Serving as Cinput at
: norm : norm : norm each successive layer.
C 5
3 \ alayer \
! \ ! \ ! \
S S o S o
! \ ! \ ! \
dattn : battn : Cattn 0
1

Includes multi-headed
attention in each block
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The architecture diagram
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A view from PyTorch

from transformers import AutoModel
model = AutoModel. from_pretrained('bert-base-cased')

model

BertModel(
(embeddings): BertEmbeddings (
(word_embeddings): Embedding(28996, 768, padding_idx=0)
(position_embeddings): Embedding(512, 768)
(token_type_embeddings): Embedding(2, 768)
(LayerNorm): LayerNorm((768,), eps=le-12, elementwise_affine=True)
(dropout): Dropout(p=0.1, inplace=False)

(encoder): BertEncoder(
(layer): ModuleList(
(0): BertLayer(
(attention): BertAttention(
(self): BertSelfAttention(
(query): Linear(in_features=768, out_features=768, bias=True)
(key): Linear(in_features=768, out_features=768, bias=True)
(value): Linear(in_features=768, out_features=768, bias=True)
(dropout): Dropout(p=0.1, inplace=False)

)

(output): BertSelfOutput(
(dense): Linear(in_features=768, out_features=768, bias=True)
(LayerNorm) : LayerNorm((768,), eps=le-12, elementwise_affine=True)
(dropout): Dropout(p=0.1, inplace=False)

)

)

(intermediate): BertIntermediate(
(dense): Linear(in_features=768, out_features=3072, bias=True)
(intermediate_act_fn): GELUActivation()

)

(output): BertOutput(
(dense): Linear(in_features=3072, out_features=768, bias=True)
(LayerNorm): LayerNorm((768,), eps=le-12, elementwise_affine=True)
(dropout): Dropout(p=0.1, inplace=False)

)
(1): BertLayer(

Wrap-up
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The role of positional encoding

* The Transformer has a very limited capacity to keep
track of word order:

> the attention connections are not directional, and
» there are no other interactions between the columns.

* Positional encodings ensure differences between A B C
and C B A.

® Positional encodings have also been used to keep track
of hierarchical notions of position like premise/hypothesis
in Natural Language Inference.

00000
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Evaluating positional encoding schemes

1. Does the set of positions need to be decided ahead of
time?

2. Does the scheme hinder generalization to new positions?

Models will tend to impose a max length on the sequences
they can process for reasons relating to their learned
weights. We will ask whether different positional encoding
schemes are imposing anything about length generalization
separate from this.
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Absolute positional encoding

/ \ /_l’_\

Limitations
1. Set of position needs to be decided ahead of time.

2. May hinder generalization to new positions, even for
familiar phenomena:

W o BN e N e [N
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Frequency-based positional encoding

20 20 60

import numpy as np
def posenc(pos, d_model):

div_term = np.exp(

np.arange(@, d_model, 2) * -(np.log(10000.0) / d_model))

rep = np.zeros(d_model)

repl0: np.sin(pos * div_term)

repl1::2] = np.cos(pos * div_term)

return rep

Limitations

1 Setef it i< to-be decided-al | of Hime.
2. May hinder generalization to new positions, even for
familiar phenomena. ‘The Annotated Transformer’
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Relative positional encoding: Basics

Previously

Catin. = sum ([ oS ainpur, aSbinpur )

of — softmax (|: CinputTainput Cinputhinput ])

Ve T Ve

dattn battn Cattn

Ainput binput Cinput

Relative encoding

v v
Cattn = sum([aiainput + a3 1, Agbinput + aa,z])

CinputT(ainput + a’3<,1) CinputT(binput + al?f,z)

vk Vi

a‘ = softmax

Shaw et al. 2018
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Relative positional encoding: Windows

vV "4
c. = Sum([aiainput +a3, a5 binput + a3,2])

attn
CinputT(ainput + a’§ 1) CinputT(binput + a’; 2)

Vdk Vdk

a‘ = softmax

With window size d = 2:

1 2 3 4 5 6 7

dinput binput Cinput dinput €input finput Jinput

Same logic for the representations a,‘.j(.
Shaw et al. 2018
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Relative positional encoding: Full definition
With learned attention parameters:
n
attn; = > o (W + a}/()
j=1
(W) T(GWK + af)

Vi

ajj = softmax

Limitations

el ]
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GPT: Autoregressive loss function

For vocabulary V, sequence x = [X1, ..., xT], and word-level
embedding e:

ZI exp (e Xt The(X1~t_1))
max (o}
® S vevexp (€X) Tho(X1—1))

for model parameters hg.
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Conditional language modeling
x = [(s), The, Rock, rules, {/s)]

ty t3 t. ts

4
? ? Rock O<exp( = T )

hy — ha — h3 — My

X0 Xa7 X30 X34
(s) The Rock rules
t1 to t3 ta
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GPT

]

RN LR
’ N ’ A
2 + 2 +
X47 X47
(s) The
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GPT: Attention masking
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GPT: Training with teacher forcing

~ g I
= g E g
[0,0,1,0,0,0,0,0] [0,0,0,0,1,0,0,0] [0,0,0,0,0,1,0,0] [0,1,0,0,0,0,0,0]
[1,7,9,2,3,4,81] [3.21,16,54,4] [1.2,4,631, o,.] [1.9,2,1,2,3,3,6]
di x V| di x |V di x VI di x [V
1 1 1 1
1 1 1 1
di x VI dic x VI di x VI dic x VI
[1,0,0,0,0,0,0,0] [0,0,1,0,0,0,0,0] [0,0,0,0,1,0,0,0] [0,0,0,0,0,1,0,0]
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Generation

[1,0,0,0,0,0,0,0] [0,0,1,0,0,0,0,0] [0,0,0,0,1,0,0,0] [0,0,0,0,0,0,0,1]
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GPT: Fine-tuning
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GPT: Fine-tuning

- ==

[N [ERN [N [ERN
’ N ’ N ’ N 4 N
o+ o+ S+ o+
X47 X47 X30 X34
(s) The Rock rules
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GPT: Fine-tuning

’ ’
X30 X34
The Rock rules
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GPT: Fine-tuning

(s) The Rock rules
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GPT: Scaling up from OpenAl

Layers dk di  Parameters
GPT (Radford et al. 2018) 12 768 3,072 117M
GPT-2 (Radford et al. 2019) 48 1,600 1,600 1,542M
GPT-3 (Brown et al. 2020) 96 12,288 ? 175,000M

The GPT-3 paper also reports on models ranging in size from 125M to
13B (Table 2.1).
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GPT: Scaling up truly open models

Layers dk ds  Parameters
GPT-Neo (Eleuther) 24 2,048 2,048 2,700M
GPT-] (Eleuther) 28 4,096 16,384 6,000M
GPT-NeoX (Eleuther) 44 6,144 6,144 20,000M
OPT-66B (Zhang et al. 2022) 64 9,216 9,216 66,000M
BLOOM (Scao et al. 2022) 70 14,336 14,336 176,247M

This table will be out of date by the time anyone reads it, if not
before!
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BERT: Core model structure

Transformer blocks

X47 X47 Xao X34
ﬁ ﬁ ﬁ ﬁ ﬁ
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Masked Language Modeling (MLM)

Transformer blocks

X47 X47 Xao X34
ﬁ ﬁ ﬁ ﬁ ﬁ

’ masking. none ‘
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Masked Language Modeling (MLM)

Transformer blocks

X47 X47 X30
ﬁ ﬁ ﬁ ﬁ ﬁ

’ masklng. [MASK] ‘
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Masked Language Modeling (MLM)

Transformer blocks

X47 X47 X30 X10
ﬁ ﬁ ﬁ ﬁ ﬁ

’ masking: randomword ‘
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BERT: MLM loss function

For Transformer parameters Hg and sequence X = [x1, ..., XT]
with masked version x:

U exp (e(xt) THe(X)t)
i Xt; Mtlog > ey exp(e(x’) THo(X)z)

where V is the vocabulary, x; is the actual token at step t,
m¢ =1 if token t was masked, else 0, and e(x) is the
embedding for x.
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Binary next sentence prediction pretraining

Positive: Actual sentence sequences

® [CLS] the man went to [MASK] store [SEP]
* he bought a gallon [MASK] milk [SEP]
¢ Label: IsNext

Negative: Randomly chosen second sentence

¢ [CLS] the man went to [MASK] store [SEP]
® penguin [MASK] are flight ##less birds [SEP]
® Label: NotNext
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BERT: Transfer learning and fine-tuning

your task labels

your task
params

. Transformer blocks
CL:Sin ai:n b|.n clln

——9

PRI
1
1

X47 X47 X30 X34
ﬁ ﬁ ﬁ ﬁ

PRI
1
1
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Tokenization and the BERT embedding space

Wrap-up
00000

[1]1:

[2]:

[3]:

[3]:

[4]:

[4]:

[5]:

[5]:

[6]:

[6]:

from transformers import BertTokenizer

tokenizer = BertTokenizer.from_pretrained('bert-base-cased')
tokenizer.tokenize("This isn't too surprising.")

['This', 'isn', "'", 't', 'too', 'surprising', '.']
tokenizer.tokenize("Encode me!")

['En', '##code', 'me', '!']
tokenizer.tokenize("Snuffleupagus?")

['S', '##nu', '##ffle', '##up', '##agu', '##s', '?']
tokenizer.vocab_size

28996
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BERT: Core model releases

Limited to sequences of 512 tokens due to dimensionality of

RoBERTa ELECTRA seq2seq

00000000 0000000000 00000000 000000 0000000 0000000 000000

Layers dx de  Parameters
BERT-tiny 2 128 512 4M
BERT-mini 4 246 1,024 11M
BERT-small 4 512 2,048 29M
BERT-medium 8 512 2,048 41M
BERT-base 12 768 3,072 110M
BERT-large 24 1,024 4,096 340M

the positional embeddings.

Many new releases at the project site and on Hugging Face,

including BERT variants for different languages.

Distillation Wrap-up

00000
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BERT: Known limitations

1. Devlin et al. (2019:85): admirably detailed but still
partial ablation studies and optimization studies.

2. Devlin et al. (2019): “The first [downside] is that we are
creating a mismatch between pre-training and
fine-tuning, since the [MASK] token is never seen during
fine-tuning.”

3. Devlin et al. (2019): “The second downside of using an
MLM is that only 15% of tokens are predicted in each
batch”

4. Yang et al. (2019): “BERT assumes the predicted tokens
are independent of each other given the unmasked
tokens, which is oversimplified as high-order, long-range
dependency is prevalent in natural language”
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Addressing the known limitations with BERT

1. Devlin et al. (2019:85): admirably detailed but still
partial ablation studies and optimization studies.
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Robustly optimized BERT approach

BERT

RoBERTa

Static masking/substitution

Inputs are two concatenated
document segments

Next Sentence Prediction (NSP)
Training batches of 256 examples
Word-piece tokenization

Pretraining on BooksCorpus and
English Wikipedia

Train for 1M steps
Train on short sequences first

Dynamic masking/substitution

Inputs are sentence sequences that
may span document boundaries

No NSP
Training batches of 2,000 examples
Character-level byte-pair encoding

Pretraining on BooksCorpus,
Wikipedia, CC-News, OpenWebText,
Stories

Train for up to 500K steps
Train only on full-length sequences

Additional differences in the optimizer and data presentation (sec 3.1).
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RoBERTa results informing final system design

Masking SQuAD 2.0 MNLI-m SST-2

reference 76.3 84.3 92.8
Our reimplementation:

static 78.3 84.3 92.5
|dynamic 78.7 34.0 92.9 |

Table 1: Comparison between static and dynamic
masking for BERTg,s:. We report F1 for SQuAD and
accuracy for MNLI-m and SST-2. Reported results are
medians over 5 random initializations (seeds). Refer-
ence results are from Yang et al. (2019).
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ROBERTa results informing final system design

Model SQuAD 1.1/2.0 MNLI-m SST-2 RACE
Our reimplementation (with NSP loss):
SEGMENT-PAIR 90.4/78.7 84.0 92.9 64.2
SENTENCE-PAIR 88.7/76.2 82.9 92.1 63.0
RoBERTa choice  Our reimplementation (without NSP loss):
for efficient 90.4/79.1 84.7 92.5 64.8
batching, and 50 SENTENCES 90.6/79.7 847 927 656
comparisons with
related work. BERTjask 88.5/76.3 84.3 92.8 64.3
XLNetgase (K=7) -/81.3 85.8 92.7 66.1
XLNetgase (K =6) —/81.0 85.6 93.4 66.7

Table 2: Development set results for base models pretrained over BOOKCORPUS and WIKIPEDIA. All models are
trained for 1M steps with a batch size of 256 sequences. We report F1 for SQuAD and accuracy for MNLI-m,
SST-2 and RACE. Reported results are medians over five random initializations (seeds). Results for BERT 45 and

XLNetg,se are from Yang et al. (2019).
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RoBERTa results informing final system design

bsz steps Ir ppl MNLI-m SST-2

256 1M le-4 399 847 92.7
[2K 125K 7e-4  3.68 85.2 92.9 |
8K 31K le-3 377 846 92.8

Table 3: Perplexity on held-out training data (pp/) and
development set accuracy for base models trained over
BOOKCORPUS and WIKIPEDIA with varying batch
sizes (bsz). We tune the learning rate (Ir) for each set-
ting. Models make the same number of passes over the
data (epochs) and have the same computational cost.
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ROBERTa results informing final system design

Model data  bsz steps (5?;1/1313) MNLI-m SST-2
RoBERTa
with BOOKS + WIKI 16GB 8K 100K 93.6/87.3 89.0 95.3
+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 95.6
+ pretrain longer 160GB 8K 300K 94.4/88.7 90.0 96.1
+ pretrain even longer  160GB 8K 500K  94.6/89.4 90.2 96.4
BERT  arce
with BOOKS + WIKI 13GB 256 IM  90.9/81.8 86.6 93.7
XLNetyarce
with BOOKS + WIKI 13GB 256 IM  94.0/87.8 88.4 94.4
+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6

Table 4: Development set results for RoOBERTa as we pretrain over more data (16GB — 160GB of text) and pretrain
for longer (100K — 300K — 500K steps). Each row accumulates improvements from the rows above. RoOBERTa
matches the architecture and training objective of BERT) srge. Results for BERT srge and XLNet; srge are from
Devlin et al. (2019) and Yang et al. (2019), respectively. Complete results on all GLUE tasks can be found in the

Appendix.
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RoBERTa: Core model releases

Layers dg df Parameters

RobERTa-base 12 768 3,072 125M
RobERTa-large 24 1,024 4,096 355M
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Related work

A Primer in BERTology: What we know about how BERT works

Anna Rogers, Olga Kovaleva, Anna Rumshisky
Department of Computer Science, University of Massachusetts Lowell
Lowell, MA 01854
{arogers, okovalev, arum}@cs.uml.edu
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Addressing the known limitations with BERT

2. Devlin et al. (2019): “The first [downside] is that we are
creating a mismatch between pre-training and
fine-tuning, since the [MASK] token is never seen during
fine-tuning.”

3. Devlin et al. (2019): “The second downside of using an
MLM is that only 15% of tokens are predicted in each
batch”
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Core model structure (Clark et al. 2019)

Masked tokens replaced Loss:
Random sample of proportional to Gen- Generator +
’ ~15% of tokens masked ‘ erator probabilities A ELECTRA
the — [MASK] — --> the — --» original
chef —  chef — chef — --» original
Generator
(typically a L =
e-
cooked —> [MASK] —>  small MLM; --5  ate —» DZSECL%’E”{}?X)‘” -3 placed
paper uses
the BERT loss)
the — the —> the —> --» original
meal — meal — meal —> - -3 original

II| xmasked xcorrupt
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Generator/Discriminator relationships

Where Generator and Discriminator are the same size, they
can share Transformer parameters, and more sharing is
better. However, the best results come from having a
Generator that is small compared to the Discriminator:

Which generator size works best?

85
84
83
I
S 82
0 [
= [ ]
= 81+
[C]
80 - Discriminator Size
‘/ﬁ\.\‘ e 768
79 4 B-m 512
A A—A 256
78 T T T T T T T T
unigram 32 64 128 256 512 7681024
Generator Size Clark et al. 2019, Figure 3
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84 -
82
80 witch to
Discriminator
78 Loss
— ELECTRA
764 —  Adversarial ELECTRA
—— Two-Stage ELECTRA
74 - - BERT
T T T T T T
0 1 2 3 4 5 6
Pre-Train FLOPs lel9
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Clark et al. 2019, Figure 3
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ELECTRA efficiency analyses
Full ELECTRA.

the — [MASK] — - the
chef — chef —> chef
Generator
(typically a
cooked — [MASK] —>  small MLM; --» ate
paper uses
the BERT loss)
the — the — the
meal — meal — meal

III xmasked xcorrupt
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ELECTRA efficiency analyses

ELECTRA 15%

the — [MASK] — --> the — - - » original
chef —>  chef —> chef —>
Generator
(typically a L o
cooked —» [MASK] —»  small MLM; --3 ate —> DESECL%@'T';AE‘})‘“ =% placed
paper uses
the BERT loss)
the — the —> the —
meal — meal — meal —

II| xmasked xcorrupt
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ELECTRA efficiency analyses

Replace MLM

the — dog — --> the
chef — chef —> chef

Generator

(typically a
cooked — run —>  small MLM; - - 3 cooked

paper uses

the BERT loss)

the — the — the
meal — meal — meal

E x'eplaced xcorrupt
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ELECTRA efficiency analyses

BERT

--> the

--> chef
Generator
(typically a

small MLM; - -3 cooked
paper uses

the BERT loss)

== the

--3% meal

xcorrupt
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ELECTRA
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ELECTRA efficiency analyses

Model GLUE score
ELECTRA 85.0

All-tokens MLM 84.3
Replace MLM 82.4
ELECTRA 15% 82.4
BERT 82.2
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ELECTRA model releases

Available from the project site:

Model Layers Hidden Size Params GLUE test

Small 12 256 14M 77.4
Base 12 768 110M 82.7
Large 24 1024 335M 85.2

‘Small’ is the model designed to be “quickly trained on a
single GPU".
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Some tasks with natural seq2seq structure

1. Machine translation (language to language)
2. Summarization (text to shorter text)
3. Free-form question answering (question to answer)
4. Dialogue (utterance to utterance)
5. Semantic parsing (sentence to logical form)
6. Code generation (sentence to program)
7. .

More general class: encoder-decoder (agnostic about
whether the encoding and decoding involve sequences).
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From the RNN era

X Y Z <eos>

X Y Z <eos> Attention Layer ! : :

A B C D <eos> X Y 4 A B c D <eos> X Y z

From Luong et al. 2015, Figures 1 and 4

62/81



Guiding ideas Transformer Pos enc GPT BERT RoBERTa ELECTRA seq2seq Distillation ~ Wrap-up
00000000000 0000000 00000000 0000000000 000000000 000000 0000000 0OOe00O0 000000 00000

Transformer-based options

Prefix LM

From Raffel et al. 2019, Figure 4
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T5

Distillation

Encoder-Decoder variant with extensive multi-task
supervised and unsupervised training. Input task-prefixes
guide model behavior. Lots of pretrained versions.

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

"Das ist gut."
"not acceptable”

"cola sentence: The
course is jumping well."

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."

From Raffel et al. 2019, Figure 1
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T5 model releases

See https://huggingface.co/docs/transformers/model_doc/t5

Layers dk ds  Parameters
T5-small 6 512 2,048 60M
T5-base 12 768 3,072 220M
T5-large 24 1,024 4,096 770M
T5-3B 24 1,024 16,384 3,000M
T5-11B 24 1,024 65,536 11,000M

Also: FLAN-T5 models (instruction-tuned) of Chung et al.
2022
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BART

o ABCDE
* Text infilling IEREER)
® Sentence shuffling C Bidirectional Autoregressive
* Token masking < Encoder _ _ Decoder
* Token deletion ,& t é f E <S$>£ é ! f
* Document rotation

~BERT + GPT

Fine-tuning

® Classification: Uncorrupted copies of the input are fed to
the encoder and the decoder. The final decoder state is
usually the basis for classification.

® seq2seq: Standard encoder-decoder usage.

Lewis et al. 2019
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Trends in model size

T PaLM
Megatron-Turing NLG
100B GPT-3 (175B)
LLaMA (Meta; 13B)
10B Megatron (11B) FLAN T5 XXL (Google; 11B)
Alpaca (Stanford; 7B)
Megatron (8.3B)
FLAN T5 XL (Google; 3B)
18 GPT-2 :
SR Stalnford e
100M GPT A paca * _‘#
2018 2019 2020 2021 2022 2023
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Teachers and students

seq2seq

ELECTRA

BERT RoBERTa

Pos enc GPT

Transformer
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Distillation objectives

From least to most heavy duty; weighted averages of these are
common:

Gold data for the task.

Teacher’s output labels.

Teacher’s output scores (Hinton et al. 2015).

Teacher’s final output states (cosine loss; Sanh et al. 2019).

Other teacher hidden states and embeddings (Romero et al.
2015)

5. Student is trained to mimic the counterfactual behavior of
the teacher under interventions (Wu et al. 2022).

»WwhNHEOo

For more: Gou et al. 2021
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Distillation objectives

These can be used in combination to some extent:

1. Standard: One teacher with frozen parameters; only
student parameters are updated.

2. Multi-teacher: An ensemble for the same task or
potentially multi-task.

3. Co-distillation: The teacher and student are trained
jointly. Also called ‘online distillation’ (Anil et al. 2018).

4. Self-distillation: The objective includes terms that seek
to make some model components align with others
(Zhang et al. 2019).

For more: Gou et al. 2021
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Distillation performance

Distillation has been applied in many domains. The following
point to a core result for GLUE (Wang et al. 2018): via
distillation, we can increase efficiency with almost no loss in
performance.

1. Sanh et al. (2019): Distill 12-layer BERT-base into 6
layers retaining 97% of GLUE performance.

2. Sun et al. (2019): Distill BERT-base into 3-layer and
6-layer variants, also maintaining good performance on
GLUE.

3. Jiao et al. (2020): Distill BERT-base into 4-layers with
similarly strong GLUE results.
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Other noteworthy architectures

® Transformer XL (Dai et al. 2019): Long contexts via
recurrent connections to previous (frozen) states.

® XLNet (Yang et al. 2019): Bidirectional context with an
autoregressive loss, via sampling of different sequence
orders.

* DeBERTa (He et al. 2021): Separate representations for
word and positions, with distinct attention connections.
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BERT: Known limitations

1. Devlin et al. (2019:85): admirably detailed but still
partial ablation studies and optimization studies.
RoBERTa

2. Devlin et al. (2019): “The first [downside] is that we are
creating a mismatch between pre-training and
fine-tuning, since the [MASK] token is never seen during
fine-tuning.” ELECTRA

3. Devlin et al. (2019): “The second downside of using an
MLM is that only 15% of tokens are predicted in each
batch” ELECTRA

4. Yang et al. (2019): “BERT assumes the predicted tokens
are independent of each other given the unmasked
tokens, which is oversimplified as high-order, long-range
dependency is prevalent in natural language” XLNet!
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Pretraining data

1. OpenBookCorpus (Bandy and Vincent 2021):
https://huggingface.co/datasets/bookcorpusopen

2. The Pile (Gao et al. 2020):
https://pile.eleuther.ai

3. Big Science Data (Laurencon et al. 2022):
https://huggingface.co/bigscience-data

4. Wikipedia processing:
https://github.com/attardi/wikiextractor

5. Pushshift Reddit Data (Baumgartner et al. 2020):
https://files.pushshift.io/reddit/
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Current trends
1. Autoregressive architectures seem to have taken over,

possibly just because the field is focused on generation.

2. Bidirectional models may still have the edge when it
comes to representation.

3. seq2seq is still a dominant choice for tasks with that
structure.

4. People are still obsessed with scaling up, but we are
seeing a counter movement towards “smaller” models
(still *10B parameters).
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