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Yang et al. Harnessing the Power of
LLMs in Practice: A Survey on
ChatGPT and Beyond, 2023
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The Phases of Our Understanding

ALanguage modelsubtasyf os m@mang elNUP
I everyone, pre-2018

ALanguage modelsupartgskfi ar amairsye f NI F
| everyone, post-2018



Chapter Plan

1. Transformer-based families of Language Models
2. Architectural variants

3. Thinking about pre-training data

4. Practical hacks and variants

Chapter goal & extending out understanding of training transformer language
models.
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Language Model Families




Impact of Transformers

A A building block for a variety of LMs

=T Encoder x Examples: Transformer, T5, Meena
=23 Decoders x TEAO8O OEA AAOGO

x Examples: BERROBERTASCIBERT

Encoders

x Examples: GPR, GPT3,LaMDA

I 2Z227% Decoders

X
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x  Capturesbidirectional context Wait, how do we pretrain them?

x  Other name: causal or auegressive language model
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Transformers

|

——= 2T | Encoder
=2 Decoders



Encoder -Decoder models: T5

A Architecture:
o0 The encoder portion benefits from bidirectional context.

A

o The decoder portion is used to train the whole model %
through language modeling. S

)

o)

o Similar to the original Transformer enc-dec architecture.

o 10



Encoder -Decoder models: T5

A Pretraining objective: Randomly corrupt tokens and replace with sentinel tokens
(<x>, <y>) that is unique over the example.

Targets Yi Y,

/’ <x> for inviting <v> last <7>

Original text

Thank you fef m%m@ me to your party I:a}st week.

e —

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

Decoder

Encoder

« (M

2] vt 1 2 3



Encoder -Decoder models: T5

I
Transformer Parameters Num Embedding
Model Count Layers Dimensions
T5 Small ~60M 6 512
T5 Base ~220M 12 768
T5 Large ~770M 24 1024
T5-3B 3B 24 1024

T5-11B 11B 24 1024

Context/Sequence

512

512

512

512

512

Length

12



Recap: Enc -dec models

A The most canonical form of Transformers.

A Notable example: T5.

13
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Encoderonly Family of Transformers
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Encoder -only models (BERT)

I
A Transformer encoder-only
p ) i brown 0.92
A BERT is trained to uncover masked tokens.
lazy 0.05
playful 0.03
[T 11
12 [ ENCODER J
2 [ ENCODER )
1 [ ENCODER )
1 2 3 4 LU 512
[CLS] Help  Prince Mayuko



https://arxiv.org/abs/1810.04805

Encoder -only models (BERT):
Probing its predictions

A Masking words forces BERT to use context in both directions to predict the masked

word.
Paris is the [MASK] of France.

Compute

capital
heart
center
centre
city

</> JSON Output

0.997

0.001

0.000

0.000

0.000

Maximize
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https://huggingface.co/bert-base-uncased

Encoder -only models (BERT):
Probing its predictions

A Masking words forces BERT to use context in both directions to predict the masked

word.
Today is Tuesday, so tomorrow is [MASK].

Compute
. 0.274
friday
0.211
wednesday
0.139
thursday
0.108
monday
0.077
sunday
</> JSON Output Maximize

‘k;f HMS H 3 ) . i i


https://huggingface.co/bert-base-uncased

Encoder -only models (BERT):
Pre-training Objectives

A Token masking:

Randomly mask 15% of tokens and train the model to recover them.

Use the output of the 01% | Aardvark

masked word’s position
to predict the masked word

Possible classes:
All English words 10% Improvisation

0% | Zyzzyva

[ FFNN + Softmax ]

BERT

Randomly mask
15% of tokens

[CLS] Let’s stic to [MASK] r

Input

[CLS] Let's stit



Encoder -only models (BERT):
Pre-training Objectives

A Token masking: Randomly mask 15% of tokens and train the model to recover them.
o0 Too little masking: Too expensive to train
o Too much masking: Underdefined
A (not enough info for the model to recover the masked tokens

A Sentence ordering:  Predict sentence ordering
o0 Learns the relationships between sentences
0 50% correct ordering, and 50% random incorrect ones

Sentence A = The man went to the store. Sentence A = The man went to the store.
Sentence B = He bought a gallon of milk. Sentence B = Penguins are flightless.
Label = IsNextSentence Label = NotNextSentence

E-N
=

L NG b 19



Encoder -only models (BERT):
Fine -tune for tasks O0OAOOAET 11 AAR

_—)

o Idea: Make pre-trained model usable in downstream tasks (often classification)

o Initialized with pre-trained model parameters

o Fine-tune model parameters using labeled data from downstream tasks

NSP Mask LM Mask LM /@ /MAD StartEnd spam
v * O

- = —

A BMmE A
L, .| [ >
Bl < oo i ws o -

BERT afe = 2 2 2 uu .......’ BERT
[fem [ & ] [E [ Eeem ][ & ] [&] [en] & | [ & [ Eem][& ] [&]
==~ LT (] LT [ =——1 ==l——r L7 (] LT [
Masked Sentence A Masked Sentence B Question Paragraph
& *
\\ Unlabeled Sentence A and B Pair / \K\\ Question Answer Pair /
Pre-training Fine-Tuning

=y < H .
I _ R 3 _ 3 _ o 20



https://arxiv.org/abs/1810.04805

Encoder -only models (BERT): One of the
Early Signs on the Effectiveness of Scale

A Going from 110M -> 340M params helps a lot

A Improvements have not plateaued!

Effect of Model Size

— MNLI (400k) = MRPC (3.6 k)
88

86

84

82

Dev Accuracy

80

50 100 150 200 250

Transformer Params (Millions)

n etal] 2018

300
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https://arxiv.org/abs/1810.04805

Encoder -only models ( ModernBERT ):
Recent Reincarnation of BERT

A Essentially a BERTlike architecture but a few key changes:
o0 Longer context: Trained for context window of 8,192 tokens (vs. 512 in BERT)
0 MLP layer: Drop the bias term to save costs.
o More norms: Add an extra normalization layer after embeddings.
0 Replaced activations:  Replaced GeLUactivation with GeGLU(will talk about this)
0 Pos encoding: Replaced the sine/cosine with rotary embeddings (will talk about this)

IR (DPR) IR (ColBERT)  NLU Code
Model BEIR MLDRoop MLDRpp, BEIR MLDRoop GLUE CSN SQA
BERT 38.9 23.3 317 495 28.5 852 416 608
o RoBERT 41.4 22.6 36.1 498 28.8 889 473 68.1
% DeBERTaV3  25.6 7.1 192 467 23.0 914 212 197
=~ GTE-en-MLM 425 36.4 489 507 71.3 87.6 405 669

ModemmBERT  44.0 343 48.6 524 80.4 904 595 839

22



https://arxiv.org/abs/2412.13663
https://huggingface.co/blog/modernbert

Recap: Encoder -only models

A Transformer-based decoder-only models trained on massive piles of data.

A Common use-cases:
o Provide incredible framework contextualized embeddings of words.
o It also allows fine-tuning on your particular task (usually top layers).

A However, they were not designed to generate text i unless you do
additional work.

23



Decoder-only Family of Transformers

1 2 227Y  Decoders

24



Decoder -only (GPT)

A Generate sequences where each token is predicted based on the previously
generated tokens

A Use causal masking to ensure the causality

A Trained to maximize log-likelihood defined for next-token prediction.
Y Y2 Ys Ysa Ys Ye

..../.%.

%A

raw attention weights mask X1 Xo X3 X4 X5

F-II? JOHNS Fcws e
-l 1 "

0] spuane

<

*
oy

Figure source:
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https://peterbloem.nl/blog/transformers

Model Usage

G P T 4 davinci-002 $0.0020 / 1K tokens

Model Input Output
gpt-4 $0.03 / 1K tokens $0.06 / 1K tokens
A Transformer-based
oThe rest 1 sJeé&. mystery!
o RumorrGPT4 i s a Mixture of Experts model (w

ol f wedre going bas e d30tmes wmsglisrtthan GPEBPThat | s -~
should give you an idea how its likely size!

A Note, these language models involve more than just pre  -training
0 Pre-training provides the foundation based on which we build the model.
o We will discuss the later stages (i.e., alignment) in a 2 -3 weeks.

https://openai.com/pricing 26



https://openai.com/pricing

Other Availlable [Decoder] LMs

EleutherAl: GPT-Neo (6.7B), GPTJ (6B), GPTNeoX (20B)
https://huggingface.co/EleutherAl

https://6b.eleuther.ai/

LLaMA 65B:  https://github.com/facebookresearch/llama

Mistral and Mixtral:

https://huggingface.co/mistralai/Mistral - 7B-Instruct -v0.2
https://huggingface.co/mistralai/Mixtral - 8X7B- Instruct  -v0.1

27


https://github.com/facebookresearch/llama
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1

Summary: Existing models

A There is a ton of models out there.
A We talked about a few: BERT, T5, GPT family.

A You should always check the existing leaderboards (e.g., ChatBotAreng) to see
what 6s the best and | atest.

ANext, wedre going to spend a quite
training LLMSs.

oy
. |

a

bi

28
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Model

chocolate (Early Grok-3)

Gemini-2.0-Flash-Thinking-Exp-01-21

DeepSeek:R1

Gemini-2.9:-Flash-001
01:2024:-12:-17
ol-preview

093:-minizhigh

DeepSeek:V3

Plus-0125

Qwen

GLM-4-Plus-0111

Gemini-2.0-Flash-Lite-Preview-02-05

03:mini
Step-2-16K-Exp
ol:-mini

G

Arena
Score

1403

1385

1380

1377

1362

1358

1352

1335

1334

1332

1318

1311

1310

1309

1306

1304

1304

1302

https://Imarena.ai/

95% CI a

+6/-6
+4/-6
+5/-6
+5/-5
+7/-7
+7/-7
+5/-5
+3/-4
+5/-5
+5/-9
+4/-5
+9/-7
+6/-9
+6/-5
+5/-6
+7/-7
+4/-3

+3/-3

Votes

9992

15083

13000

13470

6581

10862

17248

33169

9282

5954

19461

5112

5134

10262

12179

5130

54944

54970

A

Oxganization

XAT
Google
Google
OpenAI
DeepSeek
Google
OpenAI
OpenAI
Alibaba
OpenAIl
DeepSeek
Alibaba
Zhipu
Google
OpenAI
StepFun
OpenAI

Google

4 License

Proprietary
Proprietary
Proprietary
Proprietary
MIT
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
DeepSeek
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary
Proprietary

Proprietary

29


https://lmarena.ai/

Pre-training language models:
Architectures




Training Pipeline for LLMs

A There is extensive literature about best practices for pretraining
o What choice of architectures are good?
o How do you prepare pre-training data?
0 What considerations go into efficient training of the models?
o é

A Our goal in this chapter is to summarizes the latest best and common practices.

Our focus
Model with g High-utility model

ini Pretrained : ;
random weights Pretraining g model ) Adaptation and Alignment # (genera|_.pl'!rpose or
specialized)

=) | - (Large but unlabeled data) = (smaller but labeled data) 31




Variants of positional
embeddings

KX-formers

Architectural choices

Multi-modal models

p. —

—{ Attenti —
ention —(Lm:al Transformer[156], Gaussian Transformer[42] )

Prior —(Predictive Attention Transformer[143], Realformer[51], Lazyformer[159] )
Attention

CAMTL[98]

—(Average Attention[164], Hard-Coded Gaussian Attention[161], 5ynthesim[131])

Collaborative MHA[21]

Multi-head —(A.dapﬁve Attention Span[126], Multi-Scale Transformer[44] )
Dynamic Routing[40, 74]

‘Absolute )—(BERT[ZS], Wang et al. [139], FLOATER[SS])

AEJ et al. [73], Deshpande and Narasimhan [27], Talking-head Attention[119] J

Shaw et al. [116], Music Transformer[56], T5[104], Transformer-XL[24]
DeBERTa[50]

Other Rep. )—CTUPE[@]. Roformer{124] )

Implicit Rep)—(C omplex Embedding[140], R-Transformer [144], CPE[20]

Placement )—(post-LN[zs. 83, 137], pre-LN[6, 17, 67, 136, 141] j
—(LayerNorm Substitutes )—(Ad.aNorm[lSS] scaled £3 normalization[93], PowerNorm[121] j

Norm-free )—(ReZem-Tmnsfomer[S] )
Activ: Func. }—(Swish[106], GELU[14, 28], GLU[118] )

Enlarge Product-key Memory[69], Gshard[71], Switch Transformer[36],
Capacity Expert Prototyping[155], Hash Layer[110]

Dropping )—CAll-Attenﬁun layer[127], Yang et al. [157] )

—(Lighweight Hht: Transformer[148], Funnel Transformer[23], DeLighT[91] )

(Connectivity Realformer[51], Predictive Attention Transformer[143], Transparent Attention[8]
Feedback Tmnsfmm:r [34]
UT[26], Conditional Computation Transformer[7], DeeBERT[150], PABEE[171], Li et al. [79],
Sun et al [129]

Yoshida et al. [160], ERNIE-Doc[30]

Miculicich et al. [92], HIBERT[166], Liu and Lapata [86], Hi-Transformer[145]
TENER[154], TNT[45]

Transformer-XL[24], Compressive Transformer[103], Memformer[147] J

—(Alt Arch. )—@T[IZS] Macaren Transformer[89], Sandwich Transformer[99], MAN[35], DARTSformer[167]
—{(Encoder }—(BERT([25], RoBERTa[87], BigBird[163] )

——{Pre-Train }-+—Decoder —{GPTL101], GPT-2[102], GPT-3(12] )

—(EncDecA )—(BART[?Z], T5[104], Switch Tmnsfnrmer[:ﬂﬁ]]

—(NLP )—(BERT[Z&],ET[us], Transformer-XL[24] Compressive Transformer[103], TENER[154] j

—(CV )—(I.mage Transformer([94], DETR[13], ViT[33], Swin Transformer[88], ViViT[3] ]

—(Aud.la )—(Speech Transformer[31], Streaming Transformer[15], Reformer-TTS[57], Music Transformer[56] )

—(Multimodal)—(visuaman'r[m. VLBERT[125], VideoBERT[128], M6[81], Chimera[46], DALL-E[107], CogView{29] )

We will visit a few of
6KSaS o6NJ

But there is a lot
that we donot

02 S NI X



How consistent are the architectures
used in existing LLMs?

|

33



Another View of Architectural Variations

Original transformer
GPT

T5(11B)

GPT2

T5 (XXL 11B) v1.1
mT5

GPT3 (175B)
GPTJ

LaMDA

Gopher (280B)
GPT-NeoX
BLOOM (175B)
OPT (175B)

PaLM (540B)
Chinchilla

Mistral (7B)
LLaMA2 (70B)
LLaMA (65B)
Qwen (14B)
DeepSeek (67B)

Yi (34B)

LayerNorm
LayerNorm
RMSNorm
LayerNorm
RMSNorm
RMSNorm
LayerNorm

LayerNorm

RMSNorm
LayerNorm
LayerNorm
LayerNorm
RMSNorm
RMSNorm
RMSNorm
RMSNorm
RMSNorm
RMSNorm
RMSNorm

RMSNorm

Serial
Serial
Serial
Serial
Serial
Serial
Serial

Parallel

Serial
Parallel
Serial
Serial
Parallel
Serial
Serial
Serial
Serial
Serial
Serial

Serial

Sine
Absolute
Relative
Sine
Relative
Relative
Sine
RoPE
Relative
Relative
RoPE
AliBi
Absolute
RoPE
Relative
RoPE
RoPE
RoPE
RoPE
RoPE

RoPE

RelU
GelLU
RelLU
GelLU
GeGLU
GeGLU
GelLU
GelLU
GeGLU
RelU
GelU
GelLU
RelU
SwiGLU
RelU
SwiGLU
SwiGLU
SwiGLU
SwiGLU
SwiGLU

SwiGLU

Low consensus
(except pre-norm)

Most try to follow
previous successful
choices.

[Slide creditTatsuHashimoto]
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When should we do
normalization? _|



Quiz: Pre -norm vs Post -norm

out

A Which is the original implementation? r \

A Which one is your favorite? Add & Norm

Feed
Forward
Yy

0 OOQI {d i™0 OGO BP)Q

Add & Norm

Multi-Head
Attention

I T
\ J

@ Yo @0 ddd Qi d)h

X: input sequence

L NG b 36



Pre-norm vs Post -norm

Xi+1 Xi+1
A Pre-norm (right) is set up so that LayerNorm
does not disrupt the residual stream (in gray). 1

addition

A In theory, both should work fine.

¥

A In practice, however, Pre-norm is | o
preferred over Post -norm . i ] E:‘\
Multi-Head
Attention
Multi-Head t
l/Attennon F W
]

X X
(a) (b)

Figure 1. (a) Post-LN Transformer layer; (b) Pre-LN Transformer
layer.

\ itk ‘ [On Layer Normalization in the Transformer Architecture, 2020] 37



Bonus

Pre-norm vs Post -norm 0 Explanation?

A Stability, larger LRs for large networks and no need for warm up.

—-—
o

Gradient Expectation
o
&)

o
o

IF,.._‘. JOHMNS HOPEINS
v

Gradient attenuation

N Pre-LN (init)
B Post-LN (init)
B Post-LN (after warm-up)

Global norm (log scale)

3.5

3.0

2.5

2.0

1.5

1.0

0.5

0.0

Gradient spikes

Gradient global norm

~~~~~ PostNorm+LayerNorm

=== PreNorm+ScaleNorm+FixNorm+NoWarmup
—— PreNorm+ScaleNorm+FixNorm

—-:= PreNorm+LayerNorm

0 200 400 600 800
iteration (x100)

1000

No need for warm-up stage

x50,
.
2

e
e,
e

=%+ Post-LN (RAdam w/o warm-up)
=~ Pre-LN (RAdam w/o warm-up)
««@®+ Post-LN (Adam w/ warm-up)
—o— Pre-LN (Adam w/o warm-up)

1 3

[Left and right from: On Layer Normalization in the Transformer Architecture, 2020]
[middle from: Transformers without Tears: Improving the Normalization of Self -Attention, 2019] 38

5 7 9 11 13 15
Epochs

(b) BLEU (IWSLT)

[Slide creditTatsuHashimoto]



Layer Normvs RMSNorm

A Original transformer: LayerNorm
o0 Normalizes the mean and variance acrossQ

_ z—E[z]
Y= v/ Var[z] + €

A Many modern LMs: RMSNorm
o Does not subtract mean or add a bias term

xy+ B

X

y = > *Y
“le|2+£

oy
b |

=

Notable models:
GPT3/2/1, OPT, GPTJ, BLOOM

|

<

Notable models:
LLaMAfamily, PaLM Chinchilla, T5

|

[Slide creditTatsuHashimoto]
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Why RMSNorm ?

A Modern explanation iit 6s faster (and just as good)
o Fewer operations (no mean calculation)
o Fewer parameters (no bias term to store)

A Does this explanation make sense?
0 Matrix multiplies are the vast majority of FLOPs (and memory)
o Non-matmul ops only make up 0.2% of our FLOPS
A So perhaps it doesn't matter that GPUs compute non-matmul ops slower.

Table 1. Proportions for operator classes in PyTorch.

Operator class % flop % Runtime

“Tensor Contraction” := matmuls A Tensor contraction  99.80  61.0
[ Stat. normalization 0.17 25.5
O Element-wise 0.03 13.5

[Slide creditTatsuHashimoto]

w [Data Movement Is All You Need: A Case Study on Optimizing Transformers, 2020] 40



Why RMSNorm ?

A RMSNorm runtime (and surprisingly, perf) gains have been seen in papers

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ | WMT EnDe
Vanilla Transformer 223M 11.1T 3.50  2.18240.005 1.838 71.66 17.78 23.02 | 26.62
RMS Norm 223M 11.1T 3.68  2.167+0.008 1.821 75.45 17.94 24.07 | 27.14

[Slide creditTatsuHashimoto]

r B
B JOHNS HOPEING
v [Do Transformer Modifications Transfer Across Implementations and Applications?, 2021] 41
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IN FFNs necessary?

& &) "o O+

aso

|
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The Bias Terms

AMost modern transformers dondét have bias
o Original Transformer:

& &(0) "Q(’)f (b)f -H— T h
and "Qwas defined as ReLU ") | A @ho T VA
oMost [Iimplementations (i f theyodre not gat

& &(0) “WoF )T

A Reasons: memory (similar to RMSnorn) and optimization stability.

[Slide creditTatsuHashimoto]
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Recap so far

A Basically, everyone does prenorm.
o Intuition T keep the good parts of residual connections
o Observationsi nicer gradient propagation, fewer spike

A Most people do RMSnorm
o0 In practice, works as well as LayerNorm
o But, has fewer parameters to move around, which saves on wallclock time

A Bias term:

o People more generally drop bias terms since the compute/param tradeoffs are
not great.

[Slide creditTatsuHashimoto]
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I_ What activations Q8
should we use?

g &) "G o)F 4

|

45



Activations

A No much consensus:
ReLU GelLU Swish, ELU, GLU,GeGLU ReGLU SeLU SwiGLU LiGLU

oy
. |

é

46



Activations:

A RelLU:

& &(0)

A GelU:

& &(0)

&S [OHNS

L

| A@tor 7

" 9%.(&7 )7

RelLU vs GelL

RelU()

-6

-4

-2 0 2
GELU(appro;(irhate='none')

4

6

d

Original transformer, T5,

Notable models:
Gopher, Chinchilla, OPT

Notable models:
GPT1/2/3, GPTJ, GPT
Neox BLOOM

[Slide creditTatsuHashimoto]
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GELU, In detalls

2.0

& &(0) %, (& Iy
" %,(® h o8 6

1.0

oo \_./
-2 -1 0

A Here3 0 the cumulative distribution function (CDF) of a normal distribution:
fz(-) 4 D(z)

s o Aclp) VA

E-N
=0T

O ‘ 48



Bonus

Activations: Gated activations (*GLU)

A Gated activations modify the first part of the activations:

& &0) | A@os )er
A Instead of a linear + RelLU augment the above with an ( entrywise) linear term:
| A@hos Yo | A@or )& o

A This gives the gated variant (ReGLU i note that we have an extra parameter f:

& &) (I A@vs)éa oM

[Slide creditTatsuHashimoto]
=

o I £ . 49



Bonus

Activations: Gated activations variants

A GeGLU

&& . (o he hp C %,(805 ) & O HF .

Notable models:
T5v1l.1, mT5, LaMDA

A SwiGLU : swish functionis @z OECI & E A

N N\

g&&. (of e Rp (3 x Bt )& 0 AT .

Notable models:
LLaMa PalLM

[Slide creditTatsuHashimoto]

50

A Note: Gated models use smaller dimensions for the’Q by 2/3



Do Gated Linear Units work?

Bonus

) _ _ Score | CoLA SST-2

A Yes, fairly consistently so. Average | MCC Acc
FFNReLU 83.80 51.32 94.04
FFNgeLU 83.86 53.48 94.04
FFNswish 83.60 49.79  93.69
FFNgLu 84.20 49.16  94.27
FFNgeGLU 84.12 03.60  93.92
FFNsilinear 83.79 51.02 94.38
FFNswicLU 84.36 01.09  93.92
FFNRecLU 84.67 | 56.16 94.38
[Raffel et al., 2019] 83.28 503.84  92.68
ibid. stddev. 0.235 1.111  0.569

r.‘i-iJ. HRS HOWPE TS

[Slide creditTatsuHashimoto]
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https://arxiv.org/pdf/2002.05202

Bonus

Do gated linear units work?

A Yes, fairly consistently so.

Model Params Ops Step/s Early loss Final loss SGLUE XSum WebQ
Vanilla Transformer 223M 1117 | 350 2.182+0.005 | 1838 = 7166  17.78  23.02
GeLU 223M 1117 = 358  2.179+0.003 | 1.838 75.79  17.86 25.13
Swish 223M 1117 = 3.62 2.186+0.003 = 1.847 73.77 1774 24.34
ELU 223M 1117 = 3.56  2.270+0.007 ~ 1.932 67.83  16.73  23.02
GLU 223M 1117 = 359  2.174+0.003 & 1.814 74.20  17.42  24.34
GeGLU 223M 1117 355  2.130+0.006 = 1.792 75.96  18.27  24.87
ReGLU 223M 1117 357 2.145+0.004 = 1.803 76.17  18.36  24.87
SeLU 223M 1117 355 2.315+0.004 = 1.948 68.76  16.76  22.75
SwiGLU 223M 1117 | 353 2.127+0.003 = 1.789  76.00 18.20 24.34
LiGLU 223M 1117 359  2.149+0.005 = 1.798 75.34 1797 24.34
Sigmoid 223M 1117 = 3.63 2.291+0.019 | 1.867 74.31 1751  23.02
Softplus 223M 1117 = 347 2.207+0.011 = 1.850 72.45  17.65 24.34
. [Slide creditTatsuHashimoto]
=0 JOHNS HOPEINS 52
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Recap: Gating, activations

A Many variations (ReLU GeLU *GLU) across models.
A*GLU isnobdét necessary for a good model

A But evidence points towards somewhat consistent gains from Swi/GeGLU

oy
. |

(se
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Serial vs Parallel layers
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Serial vs Parallel Layer J Yol moders )

A Normal transformer blocks are serial i they compute attention, then the MLP
o Can they be parallelized? GP1J introduced a simple change to do so!
AThe standard fserialo formulation:
G o DOW DRl Yol dooQHibmel UW))a
A The parallel formulation:
W @ 0D0VWWwwQI I G000 QeLWDRI VA 1 &
0o Note, LayerNorm can be shared, and matrix multiplies can be fused

A From PalLMpaper: i The parall el formul ation results
speed at | arge scal es e Abl ation experi me
8B scale but no quality degradati on at 62

aling L anguage Modeling with Pathwa 02 55
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https://arxiv.org/pdf/2204.02311

Recap

A Pre-vs-post norm:
0 Everyone does pre-norm (except OPT350M).

A Layer vs RMSnorm :
o RMSnormhas clear compute wins, sometimes even performance.

A Gating:
0 GLUs seem generally better, though differences are small

A Serial vs parallel layers:
0 No extremely serious ablations; but parallel layers have a compute win.
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Do you need all those keys?

|

Values

.[
{
{
-1
{
{
{
{

}
}
}
}“
}
}
}
}
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Self - Attention layer variations

AWeodre going to di scuss a -dttentionthat aré motiviatedn s
by computational bottlenecks.

A Previously we talked about one bottleneck: # of arithmetic operations
ANow wedre going to connect that to the

58
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Diversion: Arithmetic Intensity

A Arithmetic Intensity of a program execution:
(# of floating -point operations) / (# of data bytes transferred to memory)

A It helps determine whether a program is compute-bound or memory-bound:
o If Alis high , performance is limited by how fast the GPU can compute.

o If Alis low , performance is constrained by how fast data can be transferred between global
memory and GPU cores.

A A good rule of thumb:
0 Memory-bound: Al <10 FLOPs/byte
o Bal anced: 10 O Al O 100 FLOPs/ byte
o Compute-bound: Al >100 FLOPs/byte
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Quiz

A If a GPU kernel hashigh arithmetic intensity, which of the following is true?
0 A) Performance is mostly limited by memory bandwidth
o B) Performance is mostly limited by compute throughput
o C) Memory accesses dominate execution time
0 D) The workload is not well-suited for GPUs

A Answer: High Al means the GPU spends more time computing per byte of memory
fetched, making it compute -bound rather than memory -bound . Hence, B.

60



Arithmetic Intensity: An example

A We are going to compute Al for the first operation in Self -Attention.
A Note we assume that the full input sequence is given at once (e.g., training time).

~

A Given: oN g h ~ we want to compute: o . From last week:
-_
— on ,on ,on ford heads 0 0

B3 [oHNS HOPKINS



Quiz
A Given: oN g hf ~a = we know that the Al for computing orn is:

T
) Vg o

3

A This process is ?
o Memory-bound
o Balanced
o Compute-bound

A Answer: Our Al is large -ish. Depending on hyperparams, this is either balanced or
compute-bound.
o If ¢ p r(sentlen), ® p m(batch size), Q v p thidden dim). Then Al  71.

o If ¢ o m(sentlen), ® ¢ mbatchsize), Q v p thidden dim). Then Al  179.

e 62



Arithmetic Intensity of Training
Self - Attention

Bonus

on ,on ,on

for & heads

E A ANAD - for & heads

#1171 AR A AV

a1 batch size,
¢€: sequence length,
a : number of heads

(2 feature dimension in output of SA

0 £

)

‘Ofa : feature dimension inside each SA head .

Q 1 Qfeature dimension inside FFN

1~ 7\

1~ 7\

All these Al values are large!
We can continue running our
GPUs during training! 3

)
) )
) )
) )
od )

63


https://le.qun.ch/en/blog/2023/05/13/transformer-batching/

Self - Attention Cost of Computation During
Incremental (Autoregressive) Generation

A Note that these numbers involve KV-caching

I T R
on ,on ,on forda heads u<( : P‘) )

/These two rows have low Al. For example, if € ¢ 1(sent len), 5 ((p o} o P é) )
‘Q p ¢(hum heads), Q v p ¢hidden dim), then Al  0.93.
Hence, our program is memory bound during inference! (i , & ‘
. : v (p Q P 8)
Note this is partly due to the memory -bandwidth cost of
&\ repeatedly loading the large "keys" and "values" tensors.
S A o S u((pQ P )
a1 batch size,
€: sequence length thus far, O '@ O ¢ OQuU (5( P P~ )
& : number of heads it ° o ( . ‘*)

'Q feature dimension in output of SA
Q 1 QOfeature dimension inside FFN 64



KV-Cache drag

A Slowdown of autoregressive decoding.

0 As the sequence length grows, KV cache size increases, making cache lookup slower.
0 As we generate more output tokens (i.e. chatbot responding to user), throughput will slow

down.
Batch Size: Sequence Length:
A For GPT2, this comes out to a modest ~36 MB assuming 1 1024
we use the max sequence length of 1024 tokens and a
batch size of 1. For larger models, however, the KV Model Parameter Count KV Cache Size
Cache can take up GBs of memory.
. GPT-3 Small 125M 36.000 MB
o Try this calculator:
GPT-3 Medium 350M 96.000 MB
A Simple idea: Retain only the last 0 tokens of the QP Lo Ll 144000 B
KV-cache and compute attention using these recent tokens: ePTaxL a8 255,000 M

< ,.0,Inference cost will be constant 0 O per token.

A GPT-32.7B 2.7B 320.000 MB


https://tinkerd.net/blog/machine-learning/multi-query-attention/

Sparse / sliding window attention

A Right: Build sparse / structured attention that trades off expressiveness vs runtime.

Left: Just use the main part of the strided pattern 1 let depth extend effective context (Mistral)

Mm-mﬂ D e R

The cat sat on the The cat sat on the

cat

sat Layers

on

the

Tokens . | L]
Vanilla Attention Sliding Window Attention Effective Context Length T T
(a) Transformer (b) Sparse Transformer (strided) (c) Sparse Transformer (fixed)
Notable models:
GPT3 and Mistral
E;.’-‘ UII\'\HLHM‘\H ;

[Generating Long Sequences with Sparse Transformers, 2019 67


https://arxiv.org/abs/1904.10509

Quiz

A What are the drawbacks of sliding window?
1. If the model was not trained for sliding window, generation will be out -
of-distribution and unstable.
21 f uses few | ayers, i1toll retains |
global context.
3. After a while, it will forget the input text (e.g. the original instruction
provided by the user).

4. All of the above.
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Sl1ding Window Attenti c

A Idea: We should better retain the initial tokens

0 Intuition: The model should hold on to the user prompt which
kickstarted/instructed the LLMO6s decodir

o During training:  The model always relies on tokens at initial positions.
AWe can6t sudde npositions e mo v, e during inferéneel
A Removing them results in a less stable inference (position encodings become OOD).

; z (c) Sliding Window
(b) Window Attention w/ Re-computation (d) StreamingLLM (ours)
4— s ‘ ;;;;;
Window T Window [T Always |-
positions 1) positions [ L1 maintains

move | reset to inif 1] I init tokens [ T
- mefeafieomliund /—\ - -
Attention Sink

i s : el previous tokens e
o i TR are truncated

Lo L
T-L evicted Lcached &L re-computed evicted L cached
tokens tokens tokens tokens tokens

O(TL)v PPL:5158x  O(TL?)x PPL:5.43v O(TL)v PPL:540v

Breaks when initial Has to re-compute cache Can perform efficient and stable
tokens are evicted. for each incoming token. language modeling on long texts.

[Slide creditSametOymak
70
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https://arxiv.org/abs/2309.17453

Sl 1di ng Wi

I
A Standard Sliding Window Attention does work well
of KV cache to reset wi

ndowos

Bonus

ndow Attent.

but it requires re -computation
positional

A StreamingLLMavoids this by always maintaining few initial positions (referred to as

sinks).

0 Keeping initial tokens results in faster and more stable inference

2 X liding Window
(b) Window Attention (c) Sliding d.o
w/ Re-computation
Window TIT] Window [PTTTTLT] Always [
positions positions maintains
move | reset to init ] init tokens
—
Attention Sink
Fo o H o are truncated
T-L evicted L cached -> ‘_chx'umpulcd_’

tokens tokens tokens

O(TL)v PPL:5158x O(TL?>)X PPL:5.43v

Breaks when initial
tokens are evicted.

Has to re-compute cache
for each incoming token.

[ e |

&3 JOHNS HOPKINS
‘rr‘. ]

(d) StreamingLLM (ours)

|

]

4 L
evicted
tokens

O(TL)v PPL:540v

L cached 2
tokens

Can perform efficient and stable
language modeling on long texts.

[Slide creditSametOymak
71

(


https://arxiv.org/abs/2309.17453

Multi -Query Attention (MQA)

A The idea is to reduce the memory-bandwidth cost of repeatedly loading the large
"keys" and "values" tensors.

A Keyidea i have multiple queries, but just one dimension for keys and values.

Multi-head Multi-query Small PPL w/ MQA Bhazeer2019]
Values Attention dy,d, dyy | dev-PPL
P multi-head 128 8192 29.9
Keys U multi-query 128 9088 30.2

1 i i B ' ' . ' - =
i R R B HE S H B )
Queries DDU

64 9984 | 31.1
32 9984 | 31.0
16 9984 | 309

U multi-head

h
8
8
T 0§ 1§01t T multi-head 1 128 9984 31.2
2
4
multi-head 8

L


https://arxiv.org/pdf/1911.02150

I\/IQA |n practice

# Independent queries, but shared keys and values

14 self.W_g = nn.Linear(embed_dim, embed_dim, bias=False) # Queries

15 self.W_kv = nn.Linear(embed_dim, 2 x self.head_dim, bias=False) # Shared Key and Value
16

17 self.out_proj = nn.Linear(embed_dim, embed_dim)

def forward(self, x):
batch_size, seq_len, _ = x.shape

# Compute Queries (B, L, D) - (B, L, H, D/H) - (B, H, L, D/H)
Q = self.W_g(x).view(batch_size, seq_len, self.num_heads, self.head_dim).transpose(1, 2)

# Compute shared Keys and Values (B, L, D) - (B, L, 2 x (D/H)) - (B, 1, L, D/H)
KV = self.W_kv(x).view(batch_size, seq_len, 2, self.head_dim).permute(2, 0, 1, 3)
K, V = KV[@].unsqueeze(1), KV[1].unsqueeze(1l) # Shared across all heads

# Scaled Dot-Product Attention

attn_weights = torch.einsum("bhqd, bkhd—>bhgk", Q, K) / (self.head_dim %% 0.5)
attn_weights = torch.nn.functional.softmax(attn_weights, dim=-1)

output = torch.einsum("bhgk, bkhd—>bhqd", attn_weights, V)

# Merge heads and apply output projection Script
output = output.transpose(1, 2).reshape(batch_size, seq_len, self.embed_dim)

return self.out_proj(output) 73



https://gist.github.com/danyaljj/27beda96053623a7499070fa4019c2a4

Notable models:
Llama 2, Mistral, Qwen2

Grouped Query -Attention (GQA)

AAn interpol ati ehne abdedt vae e ne nfiniquol etrig v d afi me it i o
Multi-head Grouped-query Multi-query
vawes | || |[1[ 1111 D D U D U
-gogoooee 0000 0

(0000000 00000000 0E0000ON

A Simple knob to control expressiveness (key-query ratio) and inference efficiency

-

}
}
}
}
}
}

GQA: Training generalized mult-query transformer models from multi -head checkpoints, 2023 74



Grouped-query

Grouped Query -Attention (GQA) e

A Does it actually work? Depends. DDDDDDDD
Output quality of various models; all these Inference speed as a function of GQA group sized 8
SA variants are on-par on quality. heads gives you inference speed as good as 1 head!
Model | WMT 'I‘riviaQA @ AR AR R R R RRRRRIRRRIRRRRIRRRRURRRRIRRRTRABN
K3
| BLEU F1 g 2 | aes MHA
MHA-Large | 27.7 782 AN ﬁ%‘;
MHA-XXL 28.4 81.9 g 1
MQA-XXL 28.5 81.3 £
GQA_S_XXL 28'4 81-6 = ?-:-I-I-I\dmrqiﬂn FesdheeneEnEEEnEnn
1 4 8 16 32 64
GQA groups

GQA: Training generalized multtquery transformer models from multi -head checkpoints, 2023 75



Recap

ASAGs Al during inference I s not good.
oWedbre doing a | ot of |1 O relative to comp

A Sliding window attention: sparsifying attention pattern by looking at nearby things.

A MQA and GQA: sharing attention keys and values.

77



=

Parameter tying

|



Embedding parameter tying

A The same weight matrix is used for both the input embeddings and the output (projection)

layer. — .
class TransformerWithTiedEmbeddings(nn.Module): 00000
def _init (self, vocab_size, d_model): 8888 %
0000 softmax
super().__init_ () 00000
self.embedding = nn.Embedding(vocab_size, d_model) 8888 8
self.transformer = nn.Transformer(d_model=d_model) 8888 8
self.output_layer = nn.Linear(d_model, vocab_size) \
o)
o)
# Tying embeddings Output word
self.output_layer.weight = self.embedding.weight embeddings
A Why? Neural
' o . network the same
0 Theoretical justification: The input and output ;
embeddings should exist in the same space. L1 L Parameters
o Memory Efﬁciency_: _reduce the # of trainablg params. § <— Input word
0 Improved Generalization: It enforces consistency between I s embeddings

input vs output & the same representations are used in both
_.encoding and decoding.

<
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https://arxiv.org/pdf/1608.05859

=

Is there a better way to encode
positional information?

|

80



Positional Embeddings: The Flavors

A Sine embeddings: add sines and cosines that enable localization {

Embed (x,i) = vy + PEpos

PE(pos 2i) = .s‘m(pus/]UUUUHM""’“"‘ )
PE (pos 2i+1) = C08(pos/10000%/ o)

oo

0o

—o0o]
oo

N are positional
embeddings

‘00000 00000 ‘00000
- n| 00000 | Ir]| 00000 | r]| 00000 |
w W W )

| —

Notable models:
Original Transformer

| I I —

|

Allows model to learn
relative positioning

|




Positional Embeddings: The Flavors

< : _ : : L Notable models:
A Sine embeddings: add sines and cgsmes that enable localization 4 Original Transformer }
Embed(x,i) = vy + PEpos
PE(pos,2i) = .w.r'u(pm-s/]UUUUE?-'"M']“"“'"‘}
PE(pos,2i+1) = {'u.ﬁ(pu:-s/lUUUUQ’-"M"“’“' )

A Absolute embeddings:  add a position vector to the embedding Notable models:
GPT1/2/3 - OPT

Embed(x,i) = vy + u;

A Limitations:
o We can have fixed encoding for each index training position (e.g., 1, 2, 3, € 1000).
o What happensif we get a sequencewith 5000 words at test time?

A We want something that can generalize to arbitrary sequence lengths.

L . 82



Positional Embeddings: The Flavors

<. : : : o Notable models:
A Sine embeddings: add sines and cosines that enable localization -
+ sine ambeddinge: 531 snes and cosne that enabe locaaston Original Transformer

= Absolute embeddings: add a position vector to the embedding

= Relative embeddings: add a vecto t th attention computation
QKyj = x] W, Wi, + Py

o Intuition: encodit glh E_a_tg_posm s, for example based on the distance of the tokens
a local wintiow 1 the

A Absolute embeddings:  add a position vector to the embedding Notable models:

A Relative embeddings: add a vector to the attentlon computatlon Notable models:
00 P T5, Gopher, Chinchilla

o Intuition: encoding the relative positions, for example based on the distance of the tokens in
a local window to the current token.

& . : 83



A Unified Perspective on
Relative Positional Encoding

A You can rewrite the statement from the previous slide in the following form:

00 om0 © ez |-

Q (=] [=]
=] = =
o [=] o
R ¢ a
o (=] (=1
(=] o [=]
m w m
o o [=)
5 8 E]
o o [=] (=]
=] 3 1=} [=]
S 100 200 300 400 500 0 100 200 300 4 20 200 400 600 8OO 1000 Yoo 100 200 300 400 500
4 N I
1 [] ] 1 1 1 1 [] 1 ] 1 ] 1 ] ] ] I I
-050-0.25 000 025 050 075 100 0.0 0.2 0.4 0.6 0.8 10 -05 0.0 05 10 04 06 08 10

= s HOPKING
@ JoHS Hor 84



A Unified Perspective on
Relative Positional Encoding

A We are input sequence e he 8 and
o Then the unnormalized attention value between position "Qand "Cs:
00

A Now also assume that positional embeddings are added toe;; i . e. o twaheyor

~

B A _/
~ ~ ~

0L ((}O 0 —) ((JO @ —) .00 W o 0(.0 W .t —U) W 0+ —00 0 -

How much attention How much attention
should we pay to word e | | should position = should
given the position wm attend to position w:

The original attention term:
how much attention should we

o 8



Relative Positional Encoding

A There have been various choices:
o T5 models simplify this into leamnable relative embeddings || such that:
00 b G k-

o0 DeBERTalearns relative positional embeddings == such that:
b e W N mm tum O

o Tranformer-XL learns relative positional embeddings == and trainable vectors ¢, o s.t.:

00 &0 W

o ALiBilearns learns a scalara such that:

LU ow wex 00 Q
S | Exploring the Limits of Transfer Learning with a Unified Text -to-Text Transformer, 2020

o Train Short, Test Long: Attention with Linear Bigds2es EnablesInput Length Extrapolation (2022) 87



Recap

A Sine embeddings: add sines and cosines that enable localization 4 e }

Original Transformer

Notable models:

A Absolute embeddings: add a position vector to the embedding { GPT1/2/3 - OPT

Notable models: A

A Relative embeddings: add a vector to the attention computation TS, Gopher,
Chinchilla, Deberta

Tranformer-XL, )

A RoPE embeddings: (next slide) {(N;g%ﬂg nIR;jjT_IE: A }
Pa a

N . s 88



Rotary Positional Encoding (RoPE)

A We want our embeddings to be invariant to absolute position.
A We know that inner products are invariant to arbitrary rotation.

we we
know
know we KNow
\h
Position independent Embedding ) Embedding )
embedding “of course we know” we know that
Rotate by ‘2 positions’ Rotate by ‘0 positions’

[Slide creditTatsuHashimoto]
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Thinking About Rotation Matrix

A In 2D, a rotation matrix can be defined in the following form:

Aaeelcéf
ot

o (K a— Ol
Vi (omi— A 6—

A The rotation increases with increasing —and @ .

o %0



Rotary Positional

A Drop the additive positional encoding and make
it multiplicative.

~

nQ ('Yﬁ(bo)('Yﬁ(bO)

e W Yy Yhw

0 —-the size of rotation

o 'Y j :rotation matrix, rotates a vector it gets
multiplied to proportional to —and the
position index a .

A Intuition: nearby words have smaller relative
rotation

RIQFormer Enhanced Transformer with Rotary Position Embedding (2022)
b

Encoding (RoPE)

an:ku = g(x,” lx” ;”_nl)

Eigure source

Bonus

Token representations
at positions m and n

Non-rotated query and key
(no position information)

Rotated query and key
(absolute position information)

Inner product of query and key
(relative position information)

91


https://colab.research.google.com/github/krasserm/krasserm.github.io/blob/master/notebooks/2022-12-13-rotary-position-embedding.ipynb

Thinking About Rotation Matrix

A In practice, we are rotating ‘Qdimensional embedding matrices.
A Idea: rotate different dimensions with different angles:

o0g —h—h—h—-Hhy
(costf; —sinth; 0 0 0 0 )
sintf;  costo, 0 0 0 0
0 0 costf, —sintb, 0 0
R, =] O 0 sintf,  cos th, 0 0
0 0 0 0 o+ COStOzn —sintlypn
. 0 0 0 0 -« sintfy,  costOyy )

E-N
=y

o I £ . 92



Bonus

ROPE In its General Form

" (Yhoe ) (Yiee)h
A where 'Y ;; is a Q-dimensional rotation matrix.

A Since'Y ; is a sparce matrix, its multiplication is implemented via dense operations:

(u; Y\ (cosmb; ) (—-uw) ([ sintf; )
U cos 10, U sin 10,
Uz cos 10, —Uy sin 16,
Réf),tu =| us |®| costbh, |+| u3 |®| sintH,
Ug_1 cos 10, —Ug sin 104,
@ omnon \ uq ) \costlyp) \uq—1) \sintlyp, ) 03



Bonus

Implementation and code for RoPE

I
query_states = self.q_proj(hidden_states)
key_states = self.k _proj(hidden_states)
value states = self.v proj(hidden_ states)
Usual # Flash attention requires the input to have the shape

attention stuff # batch_size x seq_length x head_dim x hidden_dim

# therefore we just need to keep the original shape
query_states = query_states.view(bsz, g_len, self.num_heads, self.head_dim).transpose(1, 2)

key_states = key_states.view(bsz, qg_len, self.num_key_value_heads, self.head_dim).transpose(1, 2)

value_states = value_states.view(bsz, g_len, self.num_key value_heads, self.head_dim).transpose(1l, 2)
Get the RoPE

matrix COS/SII'I \ cos, sin = self.rotary_emb(value_states, position_ids)

query_states, key_states = apply_rotary_pos_emb(query_states, key_states, cos, sin)

Multiply
query/key inputs

Same stuff as the usual multi-head self attention below

A Note: embedding at each attention operation to enforce position invariance

[Slide creditTatsuHashimoto]
A By
7 [OHNS HOPKINS
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Recap

A Sine embeddings: add sines and cosines that enable localization 4 e }

Original Transformer

Notable models:

A Absolute embeddings: add a position vector to the embedding { GPT1/2/3 - OPT

Notable models: A

A Relative embeddings: add a vector to the attention computation TS, Gopher,
Chinchilla, Deberta

Tranformer-XL, )

A ROPE embeddings: uses rotations to encode relative distances. Notable models:
GPTJ,PaLM LLaMA

N . s 95
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Which overall architecture
should | use?

|



Bonus

Architectures: Different Choices

Prefix LM

Z ;,‘/
1)
7

2
=E
2=

','.:". [OHNS HOPEINS
TR

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020 97



Architectures: Different Attention Masks

A Fully visible mask allows the self attention mechanism to attend to the full input.

A Acausalmask doesnodt

A Causal mask with prefix allows to fully -visible masking on a portion of input.

&2 joHns H

L

Fully-visible

g [ ]

al |l ow

Causal

q [ [
q .
g | | e
d e
 aase

X, Xy, Xy X, Xg

Input —

La g g model Prefix LM

out put

00000 C000D)
OO000 0
00000 00000

Exploring the limits of transfer learning with text-to-text transfer transformers, 2020

Causal with prefix

g [l
q .
g | | e
d | e
4 . aa

X, X3 X, Xg

1
<~ Input ——

el ement s

Bonus

t

o)
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Architectural Variants : Experiments

Evaluated for classification tasks.

Architecture Objective =~ Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 26.98 39.82 27.65

[ e |
=0T

Q7 O TIOPKINS Exploring the limits of transfer leatmintwita te%t-to-text transfer transformers, 2020 99



Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo

% Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 26.98 39.82 27.65

T

[
Input: Thank you for <X> me to your party

<Y>. Target: <X>inviting <Y> last week.

50

Q7 O TIOPKINS Exploring the limits of transfer leatmintwita te%t-to-text transfer transformers, 2020 100



Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 26.98 39.82 27.65
/
Number of

parameters
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Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr EnRo
% Encoder-decoder  Denoising 2P M 83.28 19.24 80.88 71.36 26.98 39.82 27.65

Number of FLOPS
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Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr 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
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Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr 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

Decoder
=
-~

Encoder
X
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Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr 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 74.70 17.93 61.14 55.02 25.09 35.28 25.86

Language model

&3]
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Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr 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 74.70 17.93 61.14 55.02 25.09 35.28 25.86

Language model is decoder-only Language model

&3]
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Architectural Variants: Experiments

Evaluated for classification tasks.

Architecture Objective Params Cost GLUE CNNDM SQuAD SGLUE EnDe EnFr 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 74.70 17.93 61.14 55.02 25.09 35.28 25.86

Language model

LM looks at both input and target, while
encoder only looks at input sequence and
decoder looks at output sequence.
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Bonus

Evaluated for classification tasks.

Architectural Variants: Experiments

Prefix LM

2 X3 y1 y2 :
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