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Before the Lecture



Awarding to the DL funder Geoffrey Hinton

John J. Hopfield Geoffrey E. Hinton

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”




Awarding to the AlphaFold guys Demis &John
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DaV|d Demis John M.,
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”




Nobel Prices go to Al guys

e Physics
e Chemistry

e It might be much faster that Al reshape (mostly) everything!



Blog from OpenAl: MLBench — Oct. 10th

e Machine Learning Bench
o 75 real-world data science benchmark, e.g.,
m OpenVaccine (COVID-19 mRNAJZ & FEEEFLA)
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Figure 1: MLE-bench is an offline Kaggle competition environment for Al agents. Each competi-
tion has an associated description, dataset, and grading code. Submissions are graded locally and
compared against real-world human attempts via the competition’s leaderboard.



Benchmarking

Table 2: Results from Scaffolding and Models experiments. Each experiment is repeated with 3
seeds, except ol-preview (AIDE) and GPT-40 (AIDE) which use 16 and 36 seeds respectively.

Scores represent the mean =+ one standard error of the mean.

Made Valid Above Bronze Silver Gold Any

Model Submission  Submission Median (%) (%) (%) Medal
(%) (%) (%) ‘ ¢ ‘ (%)

AIDE
ol-preview 98.4+0.4 828+ 1.1 294+13 3405 41206 9408 169x1.1
gpt-40-2024-08-06 70.7+£0.9 549+ 1.0 144+£07 1602 22+03 50x04 8.7+0.5
llama-3.1-405b-instruct 463+£29 273+26 6.7+x14 00200 13x07 1707 3.0+£1.0
claude-3-5-sonnet-20240620 6890+3.1 51.1+£33 129+22 09+£06 2210 44+14 T6+1.8
MLAB
gpt-40-2024-08-06 65.6+2.5 443+2.6 1.9+£0.7 00200 0000 08x05 0.8+0.5
OpenHands
gpt-40-2024-08-06 59.1+33 52.0+33 71+1.7 04+04 1308 27=%1.1 44+14

17 Medals !



Recap



Overview

e LLM training
o LLM Pretraining (including Word Tokenization)
o Instruction Finetuning
o Reinforcement Learning from Human Feedback

e LLM Evaluation



Tokenization

e Before Tokenization : This is tokenizing
e After Tokenization : This is tokenizing

N

Character-level tokenization?
Word-level tokenization?
Why Subword tokenization?




Pre-training

Example plain text (do not need supervised data, e.g. web and books)

The Large Language Model (LLM) represents a cutting-edge innovation in the field of artificial intelligence, harnessing vast amounts
of textual data to provide nuanced responses and generate coherent narratives. As a descendant of OpenAl's renowned GPT series,
the LLM showcases the rapid evolution of machine learning capabilities, embodying an unparalleled ability to comprehend, generate,
and assist in myriad linguistic tasks. This technological marvel encapsulates the collective knowledge of countless sources and offers
a tantalizing glimpse into the future of human-computer symbiosis, where the boundaries between natural and artificial intelligence
become increasingly blurred.

name

My name S

M name Sylvain

BEE8
< B ~<

S
3 BT

Training with purely next word (token) prediction

name



Instruction fine-tuning (supervised fine-tuning)

Usually a triplet (instruction, input, output) -- need supervised data

Instruction: I am looking for a job and I need to
fill out an application form. Can you please help
me complete it?

Input:

Application Form:

Name : Age: Sex:

Phone Number: Email Address:

Education: cee

Cutput: .
Name: John Doe Rge: 25 Sex: Male ;
Phone Number: ... ]

Training with next word (token) prediction but usually only for the output part



Reinforcement Learning from Human Al Feedback

An earthquake hit A 4.2 magnitude The Bay Area has
San Francisco. earthquake hit good weather but is
There was minor > San Francisco, > prone to
property damage, resulting in earthquakes and
but no injuries. massive damage. wildfires.

S1 1.2 S3 S2

[ 4 s 4 4 4
Reward Model (RM,
CHOT Jon(®) = 1) p[108 5(RM () — My (s1)]
i i i i i i “winning”  “losing” 5" should score
he Bay Area .. .. wildfires sample  sample higher than s'

Bradley-Terry [1952] paired comparison model



(1) E
() &

Today’s main course: efficiency

XS ZE, RS LIEER!



Why do we need efficiency?



LLMs follow Scaling Laws
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Scaling laws for neural language models

(2020).

Language modeling
performance improves
smoothly as we
increase the model
Size, dataset size, and
amount of compute for
training.

Note 1: “Within reasonable
limits, performance depends
very weakly on architectural
hyperparameters such as
depth and width.”

Note 2: By the way, data is
unlabeled (self-supervised)
data from the internet (e.g.,
common crawl).

Jason’s rephrase: You should expect
to get a better language model if you

scale up model size, dataset size,

and amount of compute.

Suggested further reading:

Scaling laws for neural language models (2020).

Training compute-optimal large language models

(2022).


https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2001.08361
https://arxiv.org/abs/2203.15556
https://arxiv.org/abs/2001.08361

Model size of LMs is growing exponentially, yet the hardware. ..
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Bridge the gap between the supply and demand of Al computing

before
Training d Inference
after ‘u’ %
58 =
Training  — = [ e

—

Model compression:
Pruning, sparsity, quantization, etc



Outline

e Efficiency within Transformer
o Long Attention (e.g., Quadratic Computing -> Leaning Computing, w.r.t. the Sequence Length)
o  Sparsity (e.g., Mixture of Expert)
o Mamba (RNN-style Transformer)

e Efficiency beyond Transformer
o  Quantization
o  Pruning
o Knowledge Distillation

e Efficiency after LLMs
o  Distributed Training
o Memory Saving
o Communication Costs

o Parameter compression does not necessarily lead to faster inference.



Efficiency within Transformer

e Sparsity (e.g., Mixture of Expert [1])
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e Efficiency for Long Context Farametes

o Computing complexity of is O(N2D), which is quadratic to the sequence length

William Fedus, Barret Zoph, Noam Shazeer. Switch Transformers: Scaling to Trillion Parameter Models with Simple and
Efficient Sparsity. https://arxiv.org/pdf/2101.03961.pdf



From time-efficiency vs. space-efficiency

Each task has a full finetuned model < Can we just finetune a few (partial)

/@ /MAD Start/End Spax

ﬁp Mask LM Mask LM
&« @«

BERT e

Eale]. ElEE].

Masked Sentence A Masked Sentence B
Unlabeled Sentence A and B Pair /
Pre-training

-

\& Question ‘. Paragraph /
Question Answer Pair

Fine-Tuning

Parameter-efficient finetuning

parameters for a new task?




Efficiency beyond Transformer

() E

Quantization
“Low
resolution”

W ,\;‘“‘-g‘_"/;
(o)(e) faly,
- v
Pruning
Removing weight
connections

() E

()

Knowledge distillation
Learning smaller models from big
ones

https://rasa.com/blog/compressing-bert-for-faster-prediction-2/



Efficiency after LLMs

All Efficiency methods before LLMs (within/beyond transformer)
+ Communication costs

+ Memory saving

Speculative decoding (only for autoregressive decoding)



Space-efficient: from parametier tojmemaory

4 )

communication
P Large

. Model:
Part Il

In LLM era, a whole model might not be stored in a GPU memory, communication costs may be the bottleneck!



Efficiency within Transformers



Recap: Transformers

Add & Norm
Feed
Forward
g | A Add & Norm ==
rLoadaNom ) Multi-Head
Feed Attention
Forward 7 7 Nx
— ]
Nix Add & Norm
~—|_Add & Norm ) Mosked
Multi-Head Multi-Head
Attention Attention
L At 2
\—— / \ )
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Encoding Encoding
Input Qutput
Embedding Embedding

Each encoder block has two sub-layers:

* The first is a multi-head self-attention mechanism.

* The second is a position-wise fully connected feed-
forward network.

Each decoder block has an additional third sub-layer:

* The third is a multi-head attention over the output of
the encoder stack.

A residual connection is added around each of the two

sub-layers, followed by layer normalization:

LayerNorm(z + Sublayer(x))

The decoder generates the output sequence of
symbols one element at a time in an auto-regressive
manner.



Recap: Transformers - Multi-head Self-Attention (MHSA)

* Project Q, K and V with h different, learned
linear projections.

* Perform the scaled dot-product attention
function on each of these projected versions
of Q, Kand V in parallel.

* Concatenate the output values.

* Project the output values again, resulting in
the final values.

MultiHead(Q, K, V') = Concat(head, ..., heady, WO
where head; = Attention(QW |, KW, viw¥

)

i Linear l
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X
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Attention N
| | |
| B | B [ b
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)
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Q K V

Attention(Q, K, V)
T

Vi

= softmax( W



Recap: Transformers - Feed-Forward Network (FFN)

* Each block in our encoder and decoder contains a fully connected feed-forward network, which
is applied to each position separately and identically.
* This consists of two linear transformations with a ReLU activation in between.

FFN(x) = max(0, Wy + by )Ws + by

* The middle hidden size is usually larger than and input and output size (inverted bottleneck).

Model #L #H |dyodel LR Batch

‘ S~ ' 125M 12 12 768 | 6.0e—4 0.5M
M’l{ 350M 24 16 | 1024 3.0e-4 0.5M
X ’ SO ‘ 13B 24 32 |2048| 2.0e-4 1M
Q{%“’ﬁo&*" 27B 32 32 [2560| 1.6e—4  IM
> W"" 67B 32 32 [4096| 1.2¢—4 2M
=\ . £\ ‘ output layer 13B 40 40 |5120| 1.0e—4  4M

. 30B 48 56 | 7168 1.0e—4 4M
nput Nyer 6B 64 72 |9216| 0.8e—4  2M
hidden layer 1 hidden layer 2 175B 96 96 [12288| 1.2¢—4 M




Efficient Transformers

Charformer
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Scaling Transformer
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Efficient Transformers: A Survey [Tay et al., 2020]



Could we make 1t efficient and also maintain the
performance ?

S)LALAIZE, BHERIS?



Motivation: Parameter redundancy existed

1.0 1.0
0.9 average 0.9 - average
g 8
s 5
B §
% 0.5 é 0.5
3 3
8 8
0.0 0.0
0 64 128 256 384 768 0 64 128 256 384 768
PCA components PCA components
(a) PCA for each single weight matrix (b) PCA for a pair of matrices along columns

Figure 1: PCA for existing weight block matrices in BERT-base. We got nearly similar results in
Fig. 5 for paired matrices along rows and columns, as shown in App. C.

Benyou Wang, Yuxin Ren, Lifeng Shang, Xin Jiang, Qun Liu. Exploring extreme parameter compression for pre-trained language models. ICLR 2022.



Decomposability (AT 5> fiR k)

e A computing module f is decomposable if its sub-components {g1, g2,---gH}
could be independently calculated without interactions: f(x) = d(g1(x), g2(x), -,

gH(x)). Usually, 0 is a simple operation that has negligible computing cost
compared to g

Decomposability might lead to redundancy, as it has backup modules.



Self-attention is decomposable

e As there exist multiple heads

1

T oT
\/axw,f2 W XHXwWY W

Atty, (X) = Softmax (



Feed-forward network is also decomposable

e It performs like a multi-head mechanism

4D
FEN(X) = ) GeLU(XW.; + b, )W, + b7
h=1



Efficient Transformers - efficient Attention
make attention sparse!



Sparse Attention - LongFormer

Local Attention + Global Attention

]

1 L

(a) Full n? attention (b) Sliding window attention (c) Dilated sliding window

» Attention with sliding window (analogous to CNNs):
* A fixed-size window attention surrounding each token.
* The complexity is reduced from O(N2) to O(N x W), where W is the window size.

* Attention with dilated sliding window (analogous to dilated CNNs):
* Dilate the sliding window with gaps of size dilation D.
* The receptive field is enlarged from W to W x D, with the same complexity.

Longformer: The Long-Document Transformer [Beltagy et al., 2020]



Sparse Attention - LongFormer

Local Attention + Global Attention

(a) Full n* attention (d) Global+sliding window

* Global attention added on a few pre-selected input locations:
» Classification: The special token ([CLS]), aggregating the whole sequence.
* QA: All question tokens, allowing the model to compare the question with the document.

» Global attention is applied symmetrically:

» A token with a global attention attends to all tokens across the sequence, and all tokens in the
sequence attend to it.

Longformer: The Long-Document Transformer [Beltagy et al., 2020]



Sparse Attention - Big Bird

Random Attention + Local Attention + Global Attention

L[]
1 . =
_ ] o L]
| = ]
0
- A" :
L] L]
- - . - M
(a) Random attention (b) Window attention (c) Global Attention (d) BIGBIRD

* Random sparse attention:
» Each query attends over r random number of keys: i.e. Ali, ) = 1 for r randomly chosen keys.
* Information can flow fast between any pair of nodes (rapid mixing time for random walks).

Big Bird: Transformers for Longer Sequences [Zaheer et al., 2021]



Sparse Attention - Lite Transformer

Local Convolution + Global Attention

* Long-Short Range Attention (LSRA):
* Convolution: Efficiently extract the local features.
* Attention: Tailored for global feature extraction.

Original Attention

(Too much emphasize on
local feature extraction)

it

requires
enormous
amount
of
resources
to
achieve
high
scores

it

requires

enormous

Attention in LSRA

(Dedicated for global
feature extraction)

it
requires
enormous
amount
of
resources
to
achieve
high
scores

Lite Transformer with Lona-Short Ranae Attention [Wu et al.. 20201

3 ]
gge £ ¢ o
EES5 5 @ _9@
359 0O =zL£b
SeEL.D 528
2YocollrmcER

H N
i |
| A
] [




Mixture of Expert (MoE) - efficient FFNS



Mixture of Expert

* Gating network : decides what expert to use

g,8,,--8; - gating functions

Expert 1

Expert 2

Expert k




MOE In Transformer
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William Fedus, Barret Zoph, Noam Shazeer. Switch Transformers: Scaling to Trillion Parameter Models with Simple and
Efficient Sparsity. https://arxiv.org/pdf/2101.03961.pdf



Mixture of Expert

32X—

D
Norm Layer

Prompt: Who are you?

Token Embedding

=t Tensor :

Attention Layer
&

i Tensor

Response: | am Llama

Model Architectures

Prompt: Who are you?

32X—=

Response: | am Mixtral

Plotted by

OpenCompass

l 8 Experts
FEIEREEEE

Top-2

Key points:

Activate different experts
parameters for each input token.

Sparse activation. Not all
parameters are activated.



Routing Algorithms

Top-1 Routing Top-2 Routing
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An example of Hash

4 A 4 A :
[ Layer! + 1 ] h
f f f f MoE FFN %
MoE MoE MoE MoE
L ] FFN FFN FFN FFN FFN, FFN- FFN,
et t t t t
self-attention — 3
. ash —=
t t t t \
4 } } A b
“We™ “eat” “every” “taco™

Stephen Roller, Sainbayar Sukhbaatar, Arthur Szlam, Jason Weston. Hash Layers For Large Sparse Models.
https://arxiv.org/pdf/2106.04426.pdf



Random hash also works

Table 3: Different Hash Layering Methods on pushshift.io Reddit.

Model Hashing Type Valid PPL.  Test PPL.
Baseline Transformer - 24.90 24.96
Hash Layer 1x64 Balanced assignment 23.16 23.23
Hash Layer 1x64 Fixed random assignment 23.22 23.27
Hash Layer 1x64 Token clustering (using Baseline Transformer) 23.90 23.99
Hash Layer 1x64 Dispersed Hash (within token clusters) 23.17 23.22
Hash Layer 1x64 Hash on position 25.07 25.14
Hash Layer 1x64 Bigrams 24.19 24.28
Hash Layer 1x64 Previous token 24.16 24.22
Hash Layer 1x64 Future token predictions (using Transformer Baseline) 25.02 25.09
Hash Layer 1x64 Future token (Oracle) 1.97 1.97
Hash Layer 5x16 Same hash per layer (balance assignment) 23.74 23.81
Hash Layer 5x16 Different Hash per layer 23.21 23.27

Stephen Roller, Sainbayar Sukhbaatar, Arthur Szlam, Jason Weston. Hash Layers For Large Sparse Models.
https://arxiv.org/pdf/2106.04426.pdf



MoE Models

e  Open-source (above the arrow).
e  Private models (under the arrow).
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MoE Design

What should we care when designing a MoE?

Network types FFN, Attention

Fine-grained experts 64 experts/128 experts/...
Shared experts Isolated experts

Activation Function ReLU/GEGLU/SwiGLU
MoE frequency Every two layer/Each layer/...

Training auxiliary loss Auxiliary loss/Z-loss/...



Fine-grained and Shared Experts

Output Hidden

(over ) =2
Input Hidden m

(a) Conventional Top-2 Routing msssp (b) + Fine-grained Expert Segmentation msssp (c) + Shared Expert Isolation
(DeepSeekMoE)

Figure 2 | lllustration of DeepSeekMoE. Subfigure (a) showcases an MoE layer with the con-
ventional top-2 routing strategy. Subfigure (b) illustrates the fine-grained expert segmentation
strategy. Subsequently, subfigure (c) demonstrates the integration of the shared expert isolation
strategy, constituting the complete DeepSeekMoE architecture. It is noteworthy that across these
three architectures, the number of expert parameters and computational costs remain constant.



MoE Experts Design

Reference Models  PXPSRCOMM it dipn dopen PL P dhgad :":;‘“':::; ot Share apart
6008 2/2048 1024 8192 dyy, 36 16 128 vz ReLU 0
GShard [86] 2008 2/2048 1024 8192 dpgm 12 16 128 12 ReLU 0
(2020) 1508 2/512 1024 8192 dgm 36 16 128 vz RelU 0
378 2/128 1024 8192 dygm 36 16 128 2 ReLU 0
7 1128 768 2048  dfgm 12 12 64 2 GEGLU 0
Switch [49] 26B 1128 1024 2816 dpg 24 16 64 12 GEGLU 0
(2021) 3958 1/64 409 10240 dppn 24 64 64 12 GEGLU 0
15718 1/2048 2080 6144 d, 15 32 64 1 RelU 0
0.1B/1.9B 2/64 768 3072 dpge 12 12 64 12 GEGLU 0
GLaM [44] 1L7B/27B 2/64 2048 8192 dpa 24 16 128 vz GEGLU 0
(2021) 8B/143B 2/64 409 16384 dgy, 32 32 128 12 GEGLU 0
64B/1.2T 2/64 8192 32768 drjn 64 128 128 12 GEGLU 0
350M/13B 2/128 1024 Admodet  dfgn 24 16 64 12 GeLU 0
DeepSpeed-MoE [121]  1.3B/52B 2/128 2048 Aduosa  dyga 24 16 128 V2 GeLU 0
(2022) PR-350M/4B 2/32-2/64 1024 4dpog  dgn 24 16 64 1/2,10L-32E, 2L-64E GeLU 1
PR-13B/31B  2/64-2/128 2048  Admoder dygw 24 16 128 1/2,10L-64E,2L-128E  GelU 1
ST-Mok [197] 0.8B/4.1B 2/32 1024 2816 dyp, 27 16 64 1daddextraFFN  GEGLU 0
(2022) 32B/269B 2/64 5120 20480 dy, 27 64 128 UdaddextraFFN  GEGLU 0
Mixtral [74] 13B/47B s 4096 14336  dypa 32 32 128 1 SWiGLU 0
(2023) 39B/141B 28 6144 16384  dpr, 56 48 128 1 SwiGLU 0
3.0B/6.7B 216 409 11008 688 32 32 128 1 SWIGLU 0

LLAMA-MoE [149] p
(2023) 35B/6.7B 416 409 11008 688 32 32 128 1 SWiGLU 0
3.58/6.7B 28 409 11008 1376 32 32 128 1 SWIGLU 0
DeepSeekMoE [30] 0.24B/1.89B 8/64 1280 YMifa 9 10 128 1 SwiGLU 1
(2024) 28B/16.4B 8/66 2048 10944 1408 16 128 1exceptistlayer  SwiGLU 2
22B/145B 16/132 4096 - My, 62 32 128 1 exceptistlayer  SwiGLU 4
n 339M/650M 2/16 768 3072 dfgm 12 12 64 4 SWIGLU 1
OpenMoE [172]

(2028) 2.6B/8.7B 2/32 2048 8192 dyn 24 24 128 /6 SWIGLU 1
6.8B/34B 232 3072 12288 dyg, 32 24 128 14 SWIGLU 1
Quweni (';,hz':e U511 5 78143 8/64 2048 5632 1408 24 16 128 1 SWiGLU 4
mgxoz‘()’"] 36B/132B 16 6144 10752 dy, 40 48 128 1 SWIGLU 0
J"(“ZZ;E;”] 12B/52B 216 096 1436 dpp 32 32 oz B SWIGLU 0
Skyw"?z‘;)‘;“‘;li 0541 omnaen 216 608 12288  dy;, 52 36 128 1 SWiGLU 0
Yuan20-M32[166] 4 5p 0 232 2048 8192 dy, 24 16 256 1 SWIGLU 0

(2024)

Most recent models place MoE
each layer.

Some of recent models apply
Shared experts.



Auxiliary Loss

Training with different auxiliary loss:

Reference

Auxiliary Loss

Coefficient

Shazeer et al.[135], V-MoE[128]
GShard[86], Switch-T[49], GLaM[44], Mixtral-8x7B[74], DBRX[34],
Jamba[94], DeepSeekMoE[30], DeepSeek-V2[36], Skywork-MoE[154]

ST-MoE[197], OpenMoE[172], MoA[182], JetMoE [139]
Mod-Squad[21], Moduleformer[140], DS-MoE[117]

Ll’mpor!ance + Lioad
Laux

Lau.\' + LZ

Lmi

Wimportance = 0.1, Wioaqa = 0.1
Waux = 0.01

Waux = 0.01, w, = 0.001

wyr = 0.001

e Load loss: ensure balanced loads

e Auxiliary loss: mitigating load balance losses

Importance loss: encourages all experts to have equal importance

e Z-loss: improving training stability by penalizing large logits

e Mi-loss: mutual information (MI) between experts and tasks to build task-expert alignment



Training MoE - Deepseek (example)

Deepseek-MoE 16B, total 16.4B parameters, 2.8B activated parameters.
Each MoE layer consists of 2 shared experts and 64 routed experts (select 6 experts).

e  Most recent models place MoE

Output Hidden
each layer.

e Some of recent models apply
[ 1 ][ 2 ][ N ] - |on- i ba- Shared experts.

Input Hidden

(a) Conventional Top-2 Routing = (b) + Fine-grained Expert Segmentation mmmsp (c) + Shared Expert Isolation
(DeepSeekMoE)



Training MoE - Deepseek (example)

wvowm
o N

Average Performance
w 3 = ‘-l-; e B

W
[=)]

(=2 ]

N

(o2}

DeepSeekMoE 16B
* -
LLaMA2 7B

LLaMA ZB
Falcon };B

Open-LLa MA_?B

L
Red Pajaina-INCITE 7B

RedPajama-INCITE 3B GPT-) 6B
o +Open LLaMA 3B
OPT 2.7B ,Pythia 2.8B
] * .BLOOM 3B
GPT-neo 2.7B ] . ] ]
2 3 4 5 6 7

Number of Activated Parameters (Billions)

Metric # Shot [ DeepSeek 7B (Dense) DeepSeekMoE 16B
# Total Params N/A 6.9B 16.4B
# Activated Params N/A 6.9B 2.8B
FLOPs per 4K Tokens ~ N/A 183.5T 744T
# Training Tokens N/A 2T 2T
Pile (BPB) N/A [ 0.75 0.74
HellaSwag (Acc.) 0-shot 754 771
PIQA (Acc.) 0-shot 79.2 80.2
ARC-easy (Acc.) 0-shot 67.9 68.1
ARC-challenge (Acc.)  0-shot 48.1 49.8
RACE-middle (Acc.) 5-shot 63.2 619
RACE-high (Acc.) 5-shot 46.5 46.4
DROP (EM) 1-shot 349 329
GSMS8K (EM) 8-shot 174 18.8
MATH (EM) 4-shot 33 43
HumanEval (Pass@1)  0-shot 26.2 26.8
MBPP (Pass@1) 3-shot 39.0 39.2
TriviaQA (EM) 5-shot 59.7 64.8
NaturalQuestions (EM) 5-shot 222 25.5
MMLU (Acc.) 5-shot | 48.2 45.0
WinoGrande (Acc.) 0-shot | 70.5 70.2
CLUEWSC (EM) 5-shot 73.1 721
CEval (Acc.) 5-shot 45.0 40.6
CMMLU (Acc.) 5-shot 47.2 425
CHID (Acc.) 0-shot 89.3 89.4

DeepSeekMoE: Towards Ultimate Expert Specialization in Mixture-of-Experts Language Models



Training MoE - Deepseek (example)

Deepseek-V2 Deepseek-Coder-V2
236B total parameters, 21B are activated. Continue pretraining from an intermediate checkpoint of
2 shared experts and 160 routed experts (6 select). Deepseek-V2 (4.2T) and further train 6T. Total 10.2T tokens.

80 DeepSeek-V2 ®
* o Mixtral 8x228 LLaMA 3 708 -
o w#z#. DeepSeek-Coder-V2 GPT-4-Turbo-0409 Gemini-1.5-Pro Claude-3-Opus Llama-3-70B Codestral
= DBRX Qwenl.5 728C0mmand %+ 100 e
= 75 1 ® - 737
| %49 950 .
(@) %> 930 2 -70
E QwenI5328  DeepSeek 678 ot w g é
£ .0 o Z 7 7 Lo
701, gl .. 7 7 -
() Mixtral 8x78 ° @ é =L é é 04
E o Command R Liaseg T8 ge g : Z g m o %
g 651 LLama 388 P g g ? ? g Z z o
o o ®([aMA 2 34 8.7 2 v, 7 7 7 |
o LLaMA 2 34B , $r7 7 w 7 . 7 7 7
¥ | Mistral 7B LLaMA 1 Fam!Iy % % / - % % % -30
@ 60 LLaMA 2 Family 7 % % % % %
o & LLaMA 3 Family g g g L g é é eiii—5
LLaMA 1 33B :ZA(I))::\r:mlatladmR”);amiiy é g g é é g ;J =
551 ® Qwenl.5 Famil % % % % % % g ™
LLaMA2138B , el N é s 7 Z 7
O 2 0 4 0 60 8 0 1 0 O " HumanEval ) MBPP+ . MATH ) GSM8K ‘ Aider L;veCodeBench ‘SWE-Bench- i

Activated Parameters (Billions)



Sparse Upcycling - Qwen-MoE

Qwenl.5-MoE-A2.7B (Mar, 2024)

Upcycled from Qwen-1.8B, 14.3B parameters in total and 2.7B activated parameters.

Fine-grained experts (total 64 experts)
use shared (4 experts) and routing experts (60 experts, choose 4)

Model

Mistral-7B

Gemma-7B

Qwen1.5-7B

DeepSeekMoE 16B

Qwen1.5-MoE-A2.7B

MMLU GSM8K HumanEval

64.1

64.6

61.0

45.0

62.5

47.5

50.9

62.5

18.8

61.5

27.4

32.3

36.0

26.8

34.2

Multilingual

40.0

45.2

40.8

MT-Bench

7.60

7.60

6.93

7.7

A remarkable reduction of 75% in
training



Parameter-efficient Fine-tuning



From Fine-tuning to Parameter-efficient Fine-tuning

Parameter-
Pretrainin g BERT efficient classification

BART Fine-tuning sequence labeling
— - —» ERNIE question answering
— GPT-3

PaLM

Q
OQOQO

[ [ (e



Which to implement the efficient finetuning

e Globally
o LoRA : Low-rank matrix
e Locally

o Adapter: a newly-added later
Soft Prompt : “some newly-added fake tokens”
Expert in MOE

o O O



Low-Rank Approximations (LoRA)

* Improve efficiency by leveraging low-rank approximations of the self-attention matrix.
* The key idea is to assume low-rank structure in the NxN matrix.

kxn

mxn m % k

Image credit: https://dustinstansbury.github.io/theclevermachine/assets/images/svd-data-compression/low-rank-approximation.png



Baseline Full Fine-tuning

Baseline Full Fine Tuning

1\ We update weights: W = W + Delta(W)
Problem
Pre trained Weights S~ . .
“ v Weight Updates Delta(W) is huge
w Deltalw)



LORA Tuning

Pretrained

approximated Weights
Weight Updates — A

Deltalw)

%

For a pre-trained weights W_0, we approx Delta(w) by B and A:
h=Wor + AWz = Woz + BAz where B € R¥™" A € R™*¥, and the rank r < min(d, k)

During Training, we only compute gradient w.r.t. Delta(W)



Other Parameter-efficient Tunings: Adapter Tuning

We add an adapter module after pre-trained weights W. And during
training, we only compute gradient w.r.t. the adapter



Other Parameter-efficient Tunings: Adapter Tuning

transformer

]

add & layer norm

T

feed-forward neural net

add & layer norm

T

.
.
7" Adapter S

| La L
[0 000O0
Feedforward
up-project

—

Feedforward
down-project

Q00000

Figure inspired by He et al. (2022) https://arxiv.org/pdf/2110.04366

An adapter layer is simply a feed-
forward neural network with one hidden
layer, and a residual connection.

For input dimension, d, the adapter layer
also has output dimension d, but
bottlenecks to a lower dimension m in
the middle.



Other Parameter-efficient Tunings: Adapter Tuning

]

add & layer norm

T

feed-forward neural net

add & layer norm

T

transformer

.
.
7" Adapter S

| La -
| Q00000
Feedforward
up-project
—

Feedforward
down-project

6606000] | |

Figure inspired by He et al. (2022) https://arxiv.org/pdf/2110.04366

In practice, r is chosen s.t. r << d and
the adapter layers contain only 0.5% —
8% of the total parameters.

When added to a deep neural network
(e.g. Transformer) all the other
parameters of the pretrained model are
kept fixed, and only the adapter layer
parameters are fine-tuned.



Other Parameter-efficient Tunings: Prefix-Tuning

?

# Fine-tuning X Expensive to store a copy of
(100% parameters) the full LM for each task.

\ Freezing the LM parameters

Prefix
(S ization)

m::gg’{m) Transformer (Pretrained)

\

Prefix-tuning Very lightweight.

+ 250K parameters
(0.1% parameters)

We prepend a prefix matrix in each transformer layer. And during Training, we only compute gradient
w.r.t. Prefix parameters



Parameter-efficient Fine-tuning - modulization



Parameter-efficient Fine-tuning

parameter-efficient modules

- ~ Task 1
Task 2
LLM
Task 3
g J
Task 4

One task, one module



Modularity and Compositionality?

Skill/Task 1

Skill/Task 2

69



Modularity and Compositionality?

Skill/Task 1

70



Modularity and Compositionality?

71



Parameter-efficient Fine-tuning

parameter-efficient parameter-efficient
modules modules
) Task 1 —\ module 1
Task 2
LLM LLM module 2
Task 3
. y, \ ,
module 2 Task 3
Task 4

Task 4

One task, one module One task, composed modules



Modular Retrieval

Modules

Available Tasks Unseen Tasks

English Medical
News Task News Task
Legal Hindi
News Task News Task
English Medical
Medical Task Legal Task
Hindi English
Legal Task Legal Task

Juhao Liang , Chen Zhang , Zhengyang Tang , Jie Fu , Dawei Song , Benyou Wang. Modular Retrieval for Generalization and
Interpretation. https://arxiv.org/pdf/2303.13419.pdf



Efficiency Beyond Transformers - Quantization



Quantization - What is Quantization?

Quantization is the process of constraining an input from a
continuous or otherwise large set of values to a discrete set.

— Continuous Signal Quantized Signal Original Image 16-Color Image

Quantization Error

k'['l-. i
Images are in the public domain.

The difference between an input value and its quantized value

. : R “Palettization”
is referred to as quantlzatlon error.

Quantization [Wikipedial




Quantization

r

Fmin 0 Fmax
Floating-point
range >
% S
K Floatlng point
b Scale
.—Q—.—.—.—.—.—. >
Gmin Z Gmax
Zero point
Binary Decimal!
min max 00 0
>—0—0—0 > 11 _______________ : 1 _________________
-2-10 1 10 5




Quantization - LLM.Int8()

Mixed-Precision Decomposition

|
Method et i i Y
LLM.int8() | . 8__'_3|_t“VECtDF wise O_l!?ﬂtlzatlﬁn _______________ .
8-bit baseline | 1 ' - . ) ) '
0.7 TEER Batakrin .r_____ - (1) Find vector-wise constants: C, & C,, (2) Q:a*n:f:ﬂc - (4) Dequantize E
» e X e A0 = Xe - out (€, ®Cy) |
g 1 250 1 [ 1 [ Wi27/CY =W, qageigy - Ot
2os o I 1032 (0]2] :
H | 1[1f-1f0 F‘.Iﬁ (3) Int8 Matmul '
=] | z [is[afafa [-1]e] f1e W X W = Out :
G | X o 12]3 fey2 ﬂﬂ c 8 18 132 E
E 05 NEAED lefzl VW X R T
- - | e [3]2]
c | [:1]2]
b ot ' 16-bit Decomposition
H N} gesssssssssssssssssssas
o l (1) Decompose outliers  (2) FP16 Matmul
emergence of — P! W X W =oOut N
outlier features [ B G7e F16 P16 F16 4""\+/ Out .
0.3 l [[] Regular values X E h
Sl N N R\ S S . (] outliers e o
Parameters

* Motivation: Transformers have outlier features that have large values (especially large models).
* They occur in particular hidden dimensions, leading to large quantization error.

* Key idea: Separate outlier features into a separate FP16 MM, quantize the other values to Int8.
» Outlier: At least one feature dimension with a magnitude larger than the threshold (6).
» Token-wise scale factor (for X) and (output) channel-wise scale factor (for W).

LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale [Dettmers et al., 2022]



Efficiency Beyond Transformers - Pruning



Neural Network Pruning - What is Pruning?

Pruning happens in human brains (synapse 3fif vs. neuronf#i£27T)

Number of Synapses 15000 synapses
per neuron

7000 synapses
per neuron 2

2500 synapses

per neuron

Time
Newborn 2-4 years old Adolescence Adult
Do We Have Brain to Spare? [Drachman DA, Neurology 2004] Data Source: 1, 2

Peter Huttenlocher (1931-2013) [Walsh, C. A., Nature 2013] Slide Inspiration: Alila Medical Media



Neural Network Pruning - What is Pruning?

Make neural network smaller by removing synapses and neurons

before pruning after pruning

pruning .
synapses

pruning .
neurons

Optimal Brain Damage [LeCun et al., NeurlPS 1989]
Learning Both Weights and Connections for Efficient Neural Network [Han et al., NeurlPS 2015]



Neural Network Pruning - What is Pruning?

Make neural network smaller by removing synapses and neurons

-

.

Train Connectivity

<~

S

Prune Connections

J

<

|

Train Weights

Accuracy Loss

-0.5%
-1.0%
-1.5%
-2.0%
-2.5%
-3.0%
-3.5%
-4.0%
-4.5%

© Pruning

Pruning+Finetuing @ lterative Pruning and Finetuing

0.5%

0.0%= = wrumam -

-
- -
-
-
-
-
-
-

--0~

40%

50%

60% 70% 80% 90% 100%

Pruning Ratio (Parameters Pruned Away)

Learning Both Weights and Connections for Efficient Neural Network [Han et al., NeurlPS 2015]



Neural Network Pruning - How should we formulate pruning

* In general, we could formulate the pruning as
follows:

X
arg min L(x; W) |
P
subject to
IWllp <N
« L represents the objective function for neural
network training;
 Xisinput, W is original weights, W is pruned | |
weights; arg min L(x; W) arg min L(x; Wp)
. . w P
. |IW, ]|y calculates the #nonzeros in Wy, and N is 5.1 IWpllg < N

the target #nonzeros.



LLM-Shearing: Accelerating via Structured Pruning

An efficient method of constructing LLMs by first pruning a larger existing model and then continually
pre-training it.

(N BT, BT
A U o -

wun
w

Average Downstream Acc (%)

Sheared-LLaMA (ours)
OpenLLaMA v2

OpenLLaMA v1

INCITE.

Pythia

OPT o

10B 50B 500B 1T
#Tokens for Training

Sheared-LLaMA-2.7B achieves better
performance than existing open-source
models of the same scale with 3% (1/32)
of the compute.

The trajectory shows a compelling case
that if we invest more tokens and
compute, the capability of Sheared-
LLaMA can be further improved.



LLM-Shearing: Accelerating via Structured Pruning

head inter layer
z VA
J J
1 | | o H B BN
. . Structured l'—] - -. . ....
N EE EE EmEm M OH EEEE  EEEE
yhidden— H B mEEEm H EEEE
HE H == mm = HE N NN MHAT FFN1 MHA2 FFN:
MHA 1 FFN 1 MHA 2 FFN 2 MHA 3 FFN 3
Source Model Target Model
Ls:3,d,s=6,H5=4,m$:8 LT:2,dT:3,HT:2,mT:4

1. Target Structure Pruning: prune a source model to to a pre-specified target architecture (e.g.,
an existing model's config), and meanwhile maximizing the pruned model’s performance



LLM-Shearing: Accelerating via Structured Pruning

Algorithm 1: Dynamic Batch Loading

Require: Training data of k domains Dy, D5, - - - , Dy, validation data Dy*!, Dy, ... Dyal,
initial data loading weights wq € R*, reference loss £yor € R*, LM loss function £ or pruning
loss Lprune, training steps 7', evaluation interval m, model parameters 0 (0, z, ¢, A for pruning)

fort=1,---.,Tdo
if t mod m = 0 then
0i[i] « L0, z, DY) if pruning else L£(0, DY)
A[i] < max {£4[i] — Lret[d], 0} > Calculate loss difference
wy < UpdateWeight (wWi_m, A¢) > Update data loading proportion
end
Sample a batch of data B from D1, D>, - - - , D}, with proportion wy;
if pruning then
| Update 0, z, ¢, A with Lune(, 2, ¢, A) on B
else
| Update € with £(6, B)
end

end

Subroutine UpdateWeight (w, A)
a + w-exp (A) > Calculate the unnormalized weights
W — ﬁ return w > Renormalize the data loading proportion

«li
return ¢

i

2. Dynamic batch loading:
Pruning results in varying
information retainment
across domains.
Concretely, they load
more data for domains
that recover slow, and the
loading proportion is
dynamically decided on
the fly.



Efficiency Beyond Transformers - Distillation



Framework of knowledge distillation

Teacher Model




TinyBERT i =

7 Attng g .
! *. > v
/ _ - k
! Attention Matrices Attention Matrices
I (]Rhead*i*t) (Rhead*ld) '
l. |.
| ‘.
h !
. . 1
: Hidny,g 1
i i vl
i v Hidden States Hidden States ! !
\ N, (R (RId") ,.’ !
. . e 1
. . 1

Teacher Layer Student Layer

In transformer, it would be nice to learn attentions from teacher model.

Xiaogi Jiao, Yichun Yin, Lifeng Shang, Xin Jiang, Xiao Chen, Linlin Li , Fang Wang and Qun Liu. TinyBERT: Distiling BERT for
Natural Language Understanding. https://arxiv.org/pdf/1909.10351.pdf



https://arxiv.org/pdf/1909.10351.pdf

Benefits of KD compared to directly training

e More fine grained supervision (learn on every layers)

e Making use of unannotated data (teacher model provide supervision)
o Data augmentation is useful.



A few work of KD in LLMs

050 ccmmmn Teacher: GPT-2:1.5B| go4 ________ Teacher: GPT-) 6B Teacher: OPT 13

o

o

0

g 45 55 4

o

&}

w 4

> 40 50 A

o ) -~ MiniLLM MiniLLM ~Je— MiniLLM

< 35 A e -®- KD KD . - KD

. *- Seq 45 - Seq 45 ) Seq
100M 200M 400M  700M 1B 1.5B 2B 2.5B 1.5B 3B 6B
# of student parameters # of student parameters # of student parameters

Figure 1: The comparison of MINILLM with the sequence-level KD (SeqKD) in terms of the average
GPT-4 feedback score on our evaluation sets. Left: GPT-2-1.5B as the teacher and GPT-2 125M,
340M, 760M as the students. Middle: GPT-J 6B as the teacher and GPT-2 760M, 1.5B, GPT-Neo
2.7B as the students. Right: OPT 13B as the teacher and OPT 1.3B, 2.7B, 6.7B as the students.

This seems not that working in LLMs. More investigation is needed

Yuxian Gu, Li Dong , Furu Wei, Minlie Huang. Knowledge Distillation of Large Language Models. https://arxiv.org/pdf/2306.08 543.pdf



Memory-efficiency training



Models are getting larger and larger

LLMs take much longer time to train!

a Boss: What did you do last month?

You: Trained the model for one epoch. |/

a Boss: Umm, fine, what is your plan for next month?

You: Train... train the model for one more epoch? |4

[

b

.
LN |




Distributed Training is almost Necessary for every LLMS!

e Developers /Researchers’ time are more valuable than hardware .
e If a training takes 10 GPU days

e Parallelize with distributed training

e 1024 GPUs can finish in 14 minutes (ideally)!

¢ The develop and research cycle will be greatly boosted



Parallelism in Distributed Training - Data Parallelism

- <0

GPU 1
Data Parallelism |_’ Q%
GPU 2 |

Training Dataset _> <:

GPUN



Parallelism in Distributed Training - Data Parallelism

_»é} _

GPU 1
53

_I I GPU 2

. Split the data

a .

Training Dataset | - ::%

GPUN




Parallelism in Distributed Training - Data Parallelism

:
s =S
\

AT I Same model across devices o
L Mode jA\ \_, <H>< _/\’.




Parallelism in Distributed Training - Model Parallelism

Training Dataset ML Model

ﬂa@ e R

GPU 1 GPU 2 GPU N




Parallelism in Distributed Training - Model Parallelism

Training Dataset

Single copy of data

=7 — {,;, , <:>~ ><:>q

— GPU 2 e




Parallelism in Distributed Training - Model Parallelism

ML Model

Split the model

A\ﬁ —

GPU 1 GPU 2 GPUN




Parallelism in Distributed Training - Model Parallelism

ML Model

Split the model

.<:>4

GPUN




Parallelism in Distributed Training - Model Parallelism




Parallelism in Distributed Training - DP vs MP

A <3

S . B

S

Data Parallelism: Model Parallelism:

e Split the data e Split the model

e Same model across devices e Move activations through devices

o Easy to parallelize, high utilization o Hard to parallelize, load balancing issue

e N copies of model ¢ Single copy of model



Distributed Training and Memory Optimizations -
ZeRO: Train Trillion-scale models



Let’s take a step back for training a singler layer in practice

FI6
float2half Weights ———> F16 .
. B . F16 FWD —— Activations
Activations —— )
i 7| _F16 .
F16 Weigh
Activation Grad =—— BWD-Actv E_ e.g t.";
re— Activation Grad
. f 7 F16 R
Weight Grad F16 e——— Activations

BWD-Weight
- -!iﬂctiuaticnn Grad

Master-Weights (F32) i{ Weight Update}m—é Updated Master-Weights

Figure 1: Mixed precision training iteration for a layer.




Memory Consumptions for this example:

Suppose the layer (or model) is trained using Adam Optimizer.
The number of parameters are .

Then in a single training iteration, we have to save (corresponding memory consumption):
- Model parameters (fpl6): 2®
- Model gradients (fp16): 2®
- Adam Optimizer states - copy of Parameters, Momentum and Variance (fp32): 4® + 4® + 4P =
12
- Residual states, including activations, buffer, fragmentations

For a GPT-2 model, even it has only 1.5B model parameters (3GB memory is enough to hold it),
training it would cost at least 24GB memory!



VRam Estimation

Model: HuatuoGPT-7B
1. Model
a. Param(fp16): 7B*2=14GB
b. Grad(fpl6):7B*2=14GB
2. Optimizer(AdamW)
a. Master Weights(fp32): 7B*4=28GB
b. Adam m(fp32): 7B*4=28GB
c. Adam v(fp32): 7B*4=28GB
3. Activation
4. Buffer&Fragmentation



Parallel Strategy: ZeRO

1. ZeRO-DP: Shard the optimizer state

2. ZeRO0O-1&2: Same communication volume as DP

3. ZeRO-3: 1.5 communication volume as DP

gPUg gPyY;
Baseline
POS
P05+g
Postgsp _
Parameters Gradients

Memory k=12
C g | ¥ese

gPUy., onsume N,=64
2+2+K)+«W¥ | 120GB
29+ 21P+KA;"' 31.4GB

d

29 + —(2";’”“" 16.6GB
2+2+ K)* ¥ 1.9GB

Ny

Optimizer States

K denotes the memory multiplier of optimizer states, and N denotes DP degree

[1]1[1910.02054] ZeRO: Memory Optimizations Toward Training Trillion Parameter Models (arxiv.orq)



https://arxiv.org/abs/1910.02054

ZeRO: the More GPUs, the Less Memory Consumption!
Hp | 7-5B Model (GB) [ 128B Model (GB) [ 1T Model (GB)
Pos P()S+g Pos—}—g—l—'p Pos Pos+g Pos—i—g—i—'p Pos P()S—I—g Po.‘s—i—g—l—'p
1 120 120 120 2048 | 2048 2048 16000 | 16000 { 16000
4 52.50 | 41.3 30 896 704 512 7000 | 5500 4000
16 35.6 | 21.6 7.5 608 368 128 4750 | 2875 1000
64 31.4 | 16.6 1.88 536 284 32 4187 | 2218 250
256 || 30.4 | 15.4 0.47 518 263 8 4046 | 2054 62.5
1024 || 30.1 15.1 0.12 513 257 2 4011 | 2013 15.6

- We can train a 7.5B model (like LlamaZ2) using only 4 V100-32GB GPUs
- We can even train a 128B model using 64 V100-32GB GPUs



Future

e Efficiency Long context for LLMs

e Hybrid efficiency
o QLORA
o LongLoRA
o QMOE

e MOE and modularization



Efficiency Beyond Transformers - Speculative
Sampling



Speculative Sampling - Single Token Prediction

Let’s look into some cases:

of Edinburgh

100B model 100B model

Geoffrey Hinton did his PhD Geoffrey Hinton did his PhD
at the University... at the University of...

- Case 1: Predicting “of” is very easy, maybe we should use a 1B model which is enough

- Case 2: Predicting “Edinburgh” requires knowledge, which can be difficult, maybe we should
use a 100B model

- This is key idea 1 behind: let small model deal with easy tokens, while large model deals with
difficult tokens



Speculative Sampling - Utilize Transformer Structure

Edinburgh at the University of Toronto

100B model 100B ¥odel

Geoffrey Hinton did his PhD

Geoffrey Hinton did his PhD
at the University of...

at the University of Toronto

We can give a transformer model multiple tokens at once, and let a large transformer model
check them in parallel, while it does not increase compute time at well

In this case, the probability for “Toronto” is low, cause the 100B model recognize it.

This is key idea 2: let large transformer models check error tokens!



Speculative Sampling - Algorithm

Mp = draft model ox Llama-2-7b-chat-hf
Mq = target model o0 Llama-2-70b-chat-hf

pf = prefix, K = 5 tokens

p.(x) = Mp(pf) Eeeeeeeeeeeee———) X

pz(x) = Mp(pf,xl) ) X2

ps(x) = My (pf, %1, %2, X3, %, ) =o—) X



Speculative Sampling - Algorithm

pi(x) = Mp(pf) Esssssssss—————) {1

— —_
p2(x) = My(pf,x1) = Run draft model

for K steps

pS(x) = Mp(pfr x17x27x3yx4) — x5

q1 (x), q> (.X'), qs3 (X), da (.X'), ds (x)r q6(x)

Run target model once
= Mq (pf' x11x2’x31x41x5)



Speculative Sampling - Algorithm

p1(x) = My, (pf) =————— x,

p2(x) = Mp(Pf,x1) — X

-
ps(x) = M, (pf,xq, %2, X3, %, ) === Xs5 nn_n“

dogs love chasing after cars
p(x) 0.8 0.7 0.9 0.8 0.7
q(x) 0.9 0.8 0.8 0.3 0.8

q1(x), q2(x), q3(x), q4(x), g5(x), g6 (x)

= Mq (pf' X1,X2,X3, Xy, x5)



Speculative Sampling - Rejection Sampling

=EEEERE

dogs love chasing after cars
p(x) 0.8 0.7 0.9 0.8 0.7
q(x) 0.9 0.8 0.8 0.3 0.8

Case 1: If g(x) = p(x), then accept

Case 2: If g(x) < p(x), then accept with probability ax)

p(x)

In this case, we accept “dogs”, “love”, what about “chasing”? - we accept it with probability 0.8/0.9!



Speculative Sampling - Rejection Sampling

EEECEEE S

dogs love chasing after cars
p(x) 0.8 0.7 0.9 0.8 0.7
q(x) 0.9 0.8 0.8 0.3 0.8

Case 1: If g(x) = p(x), then accept

Case 2: If g(x) < p(x), then accept with probability ax)

p(x)

In this case, we accept “dogs”, “love”, what about “chasing”? - we accept it with probability 0.8/0.9,
maybe we should accept it!



Speculative Sampling - Rejection Sampling

EEECEEE S

dogs love chasing after cars
p(x) 0.8 0.7 0.9 0.8 0.7
q(x) 0.9 0.8 0.8 0.3 0.8

Case 1: If g(x) = p(x), then accept

Case 2: If g(x) < p(x), then accept with probability ax)

p(x)

If we accept “chasing”, then what about “after”? The probability = 0.3/0.8, so maybe it should be
rejected.



Speculative Sampling - Rejection Sampling

=EEEERE

dogs love chasing after cars
p(x) 0.8 0.7 0.9 0.8 0.7
q(x) 0.9 0.8 0.8 0.3 0.8

Case 1: If g(x) = p(x), then accept

Case 2: If g(x) < p(x), then accept with probability ax)

p(x)

If we reject “after”, then we can sample a token from q(4) (based on the large model) !



Speculative Sampling - Rejection Sampling

Actually, don’t sample g(x)

Adjusted distribution: (q(x) — p(x))+

We sample the 4th token by (q(4) - p(4))+!

Theoretically, we can ensure the token distribution is exactly q(x), so no loss in accuracy!



Speculative Sampling - #tokens generated in one pass

T T O N O

dogs love chasing after cars
p(x) 0.8 0.7 0.9 0.8 0.7
q(x) 0.9 0.8 0.8 0.3 0.8

Worst case: first token is rejected -> 1 token

Best case: all tokens accepted -> K+1 tokens



Speculative Sampling - Wall Time

RN -
L1 |11 | | JESE
HEEEEEEEENEENEE.

Wall time -



Speculative Sampling - Wall Time

o
Sampling Method Benchmark / Result Mean Token Time Speed Up g De ep Mind
ArS (Nucleus) 0.112 14.1ms/Token 1%
SpS (Nucleus) XSum (ROUGE-2) [ 114  7.52ms/Token 1.92x
ArS (Greedy) 0.157  14.1ms/Token 1x Recommends K = 3-4

XSum (ROUGE-2)

SpS (Greedy) 0.156 7.00ms/Token 2.01x

Finds 2-2.5x speedup

ArS (Nucleus) 45.1% 14.1ms/Token 1x
SpS (Nucleus) Humankval (100'Shot) 47.0% 5.73ms/Token 2.46x
\-
TASK M, TEMP v « SPEED
ENDE T5-SMALL % 0 7 0.75 3.4X
ENDE TS5-BASE 0 7 0.8 2.8X
ENDE TS5-LARGE 0 7 0.82 1.7X
Go gle Research ENDE  TS-SMALL* 1 7 062  2.6X
ENDE TS5-BASE 1 5 0.68 2.4X
ENDE T5-LARGE 1 3 10.71 1.4X
Recommends K = 3-7 CNNDM TS5-SMALL* 0 5 0.65 31X
S CNNDM T5-BASE 0 5 0.73 3.0X
Finds 2-3.4x speedup CNNDM  TS-LARGE 0 3 074 22X
CNNDM T5-SMALL % | 5 0.53 2.3X
CNNDM  TS5-BASE | 3055 2.2X
CNNDM  TS5-LARGE 1 3 0.56 L.7X
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Attention Efficiency - Flash-Attention



Flash-Attention Overview

Algorithm 0 Standard Attention Implementation

Require: Matrices Q. K.V € RV* in HBM.

. 1: Load Q.K by blocks from HBM, compute S = QK write S to HBM.
BaCkground KnOWIedge- GPU Structure 2: Read S from HBM. compute P = softmax(S), write P to HBM
- SRAM: High_speed Cache Memory 3: Load P and V by blocks from HBM, |compute O = PV, write O to HBM.
4: Return O.

- High-speed, volatile, limited capacity
- HBM: High Bandwidth Memory
- High speed, volatile, large capacity

Key ldea: Utilize Characteristics of Attention
- Improve flops, optimize for SRAM storage
- Reduce 10, optimize the data bandwidth and

Memdry Hierarchy with |

o GPU #1 GPU #N Bandwidth & Memory Size |
efficiency i
Attention Standard FlashAttention
Implementation: Gflops 66.6 75.2 —I
- Softmax: online softmax HBM R/W (GB) 40.3 4.4 —
- Online softmax optimization, increasing Runtims (ms) 41.7 7.3

computational efficiency
- Tiling: On-the-fly tiling (reducing computation)
- Reduce recomputation (save time and resources)



F I aS h Atte nti O n Algorithm 1 FLASHATTENTION
Require: Matrices Q. K.V € EV* in HBM, on-chip SRAM of size M.
1: Set block sizes B, = [%.l .B, = min {[%]d)
2: Initialize O = (0)yyg € BN (= (0)y € BN, m = (—0)y € BV in HBM.

. 3 Divide Q into T, = [%.‘ blocks Q,..... Qr, of size B, x d each, and divide K.V into T, = [%] blocks
NOtatlonS K..... K7 and V,..... Vg, of size B. x d each.
4: Divide O into T, blocks O,.. ... Oy, of size B, x d each, divide ¢ into T, blocks {;.. ... (7, of size B, each,
K divide m into T, blocks m,..... my, of size B, each.

for 1 < /<7, do
Load K;.V, from HBM to on-chip SRAM.
for 1 <i<T, do
Load Q;.0;. f;.m; from HBM to on-chip SRAM.

On chip, compute §;; = Q,K]'r € RBrxBe

S
On chip, compute i1;; = rowmax(8;;) . ]5'.1 = expl§, ij) € TB-xB, (pointwise), f,-j =
1‘:»\&'.&1|111(l",-_,-) € RE-,
On chip, compute m" = max(m. m;;) y O = emimmi v""fl"".""'(‘” € RE-,
Write 0; « diag((*" )M diag(£; e + c”'-"'f""?mPUV BM.
Write {; e (Y, m; e m}*" to HBM.
end for
nd for

Q eturn O.

0 l m

e =

© %




Algorithm 1 FrasuArTeNTION
Require: Matrices Q. K,V € 2N* in HBM, on-chip SRAM of size M.

Flash-Attention 1 Set block sizes B, = [24]. B, = it ([ 2], ).

2. Initialize O = (0)yxy € BN (= (0)y € BN .m = (=o0)p € 2V in HBM.

3 Divide Q into T, = L‘L} blocks Q.. ... Qq, of size B, x d each, and divide K.V into T, = ["‘l] blocks
. K,..... Ky and V..., Vi, . of size B. x d each.
Sp“t BIOCkS 4: Divide O into 7, blocks O, . ... 0y, of size B, x d each, divide { into T, blocks ¢;,. ... {7, of size B, cach,
divide m into T, blocks m.. ... my, of size B, each.

_—— e e e = ===y

§ oo T - -——-T-——=Z=

|-

M
4d

«ao @I

—— = = = e = = =
o o o e e e e e Y e e e -
— o, g o — =
e o o e o o e e
— e e mm e Em o ey
e o o o o e e e e e N e o -

—— e e = == e = =,

o o e o o e e e o e -



Algorithm 1 FLASHATTENTION
Require: Matrices Q. K.V € 2V* in HBM, on-chip SRAM of size M.

Flash-Attention ek saes B =[] %o = i (] -

e N
: Initialize O = (0)yxg € F BV m=(-c0)y € R

3: Divide Q into 7, = ’V%W blocks Qy.....Qy, of size B, x d each, and divide K.V into T, = [%—‘ blocks
Ki.....Ky and V.. ... Vi, of size B, x d each.
Spllt BIOCkS 1: l?l\.:irh- 0 Iil]lu"{‘, IJlml']:(r\ 0;.....04 uf- -.1ft B, >(-u‘l¢>m'|1. divide ¢ into T, blocks ;. ..., {7, of size B, each
divide m into f, blocks My, ....my, of size H,. each.

™0 {|zal-¢) T 1]

S _— P
/

l = o
( i ! \ ( l ( | ( 1 r I
I I J | I | I | | ] I I
Qi . : [ N —| — I | | I
I | ¥ ! | ! | | ] I I
| ) ! | \ ) \ ) \ ) \ J
0 l m




s for 1 < <7, do
i Load K;,V; from HBM to on-chip SRAM.
. : for 1 <i <7, do
FlaSh_Attentlon i Load Q;,0;, (;.m; from HBM to on-chip SRAM.
i On chip, compute S;; = Q,I\i € RE-xBe,
I On chip. compute m,; = rowmax(S;;) ¢

- B
rowsum(P;;) e REr,

SOftmaX Reductlon : On chip, compute m!™™ = max(m;, m;;) €: 2 Y =M L PR L
1 Write O « diag({"") Ldiag(£;)e™i=™"" Q; 4 ¢™ii=—mi™ P;;V,) to HBM.
134 Write (; « ("%, m; & m"" to HBM.
end for
- end for
: Return 0.

5

By P,{ = «xm.‘i,, = m;;) ¢ R BrxB,

(pointwise), (;; =

o B,

- ——— -

7]
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I
I
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( I ! 1 ( | ( I
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Q1 1 ' ! I | I [
[ | | ' | | [ I
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Flash-Attention

Softmax Reduction

0 eQ1K1 Vl teKN VN
ET ZN:BQIK}; ZN QI‘.K 7

S
teKl . Vl

online softmax 0, =

QKT
E}'r e Ry

for 1 <j<T7.do

Load K.V, from HBM to on-chip SRAM.

:‘; * 8,

o 8
= max(m;. ru,,}s

B,

{‘Hl'\'. -
() + oMii "y

o Pii o= exp(S;; = mij) €

new e
Pl {‘ + eMijmm

““P,,;V;) to HBM.

i
7 for 1 </ <7, do
8: Load Q;. 0;. ;.m; from HBM to on-chip SRAM.
9 On chip, compute S;; = Q, K’
10: On chip, compute m;; = 1<=\\m|\ib,,] € R
rowsum(P;;) € 25
11: On chip, compute "™
12: Write O; — l|i:1'.‘\{|f“" Wy diag aff;)e™ "
13: Write (; «— (% my = m* to HIBM.
end for
. end for
16: Return O.
Tite®r  ee] .y
j = Oj-1- 5
Zj" eQLK}! Z;:GQIKﬂ

= B, %8B,

w

{ij€R

(pointwise), (

B,



B, x8,

LN}

(pointwise), (

el

EN Q:K !

5 for 1 <7 <7, do
6. Load K;.V; from HBM to on-chip SRAM.
. 7. for1<i<T, do
FIaSh-Atte ntion & Load Q..0;.(;.m; from HBM to on-chip SRAM.
9 On chip, compute §;; = (!,K': ERaixesy
10 On chip, compute n;; = rowmax(S,;) € 2%, P;; = exp(S;; = m,;) € %
. rowsum(P;;) € B
SOftmaX RedUCtIOI’I 1 On chip, unn]mtv Y = max(mi. ;) € Br (Y=t B £ 4 @M=
12: Write O; « diag(£")~! (diag(£;)e™ """ 0 + "= P;;V ;) to HBM.
==1 13: Write ; — (/'Y mj — m!"" to HBM.
end for
end for
S 16: Return O.
K ‘KT ‘KT 1 QiK?; Q KT J IK ! K
0 th 1. Vl th N.VN GQ' 1 'Vl Zj’e ] V Z eQI‘. N . VN
: : + +
L i T
QiK Q'K. QK QiK: QK QK QK.
ijfel}’ Z?’;e’f' 21 i Z;J;etjf ij i ZN i Z_?lfel]

online softmax

L. esSii . V.
0,=V, 0,=0_,- ‘;_‘1+ —3
I = eSnn ij ij
lij = IU 1 + esij

0

K.
ZJNF eQ: }’

¥ —



5 for 1 < j <7, do
6:  Load K;.V, from HBM to on-chip SRAM.

7. forl<i<T, do
I h ' 8 Load Q;. Oy, ;. m; from HBM to on-chip SRAM.
F a.S 'Atte ntIOn o: On chip, compute S;; = Q;K! € 2.
0: On chip. compute m;; = rowmax(8;;) € Rfr, P;; = exp(8;; = m;j) € BExBe (pointwise). (;; =
rowsum(P;;) € & b,
. 1: On chip, compute m!"™ = max(m;.m;;) € REBr (oW = o= o 4 oMM (ij €F 8
Softmax Reduction 2 Write O; — diag (")~ (diag((;)e” """ 0 + ™" "P; V) to HBM. |
(Numerica| Stab|e) 3: Write (; — (", m; — m!* to HBM. -~
end for
end for
S 16: Return O.
T i
I T k5 kT QiK:y K
eQKI .y, eQ;KN VN QK .y, zj, eOiKy ek .y, 37, €% texN 3 Ve Qi
0. —+ ves + ven . .
L
QiKY QiK QiKY QiKT | QiK QiK QiK' QiK
EN i zN :} E}rel"' EN it Z;f iR Zi‘v’ i ZN it zjy’e;}r
Q;
Q 0 l m
old _ | e
lpld e™i eSi-mi.y.
0, =V 0; =002 !
= i ] pov
, emi L
. D ) L L —
online softmax miy = 9 old
l;, = eSit=mi1 m; = max(mi S)
_jold Si—-m
li = l + e-t L T
K7




5 forl </ <7, do
6:  Load K;.V; from HBM to on-chip SRAM.
forl <i =T, do

. & woad Q07 Gami rom OBM to on-clip SRAM. .~~~ —
FIaSh-Attentlon 0 :)n leifa.f::llip1|l<- I!'IS,,I= (J{ — ;: {—\ _—— =y —J'J— E

0: On :'li]L COMPULE 1] i O >i001d ?ld emf hleSE_mi . ]/jl vise), ,-'”
. » o i, . — 2 . .
1 ;l).l\l\:jlllillla' [c"l:tlllil_.m.l.t- r;l”' V= l == _L! e |J_ Ii
Softmax Reduction 2 Wiitd, e ding(@ )1 m; = max(m?, s e — — -
3 \\'rihrlh — (Y mj « m; t 1d LR g
end fo — JO Si-mj —_——
. end for ll ll +I-e ]<_

(%)

i: Return O,
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Flash-Attention

Summary: Split blocks, Update Softmax, Complexity= O(Nd - Nd/M) = O(N?d?/M)

Algorithm 1 FLASHATTENTION

Require: Matrices Q. K.V € RV*¢ in HBM, on-chip SRAM of size M.

1:
2:
3:

SNe o

® »

15:
16:

Set block sizes B, = [%I-].B,. = min (H"ﬂ.d).

Initialize O = (0)yxa € EN*? £ = (0)y € BN, m = (=o0)y € BN in HBM.

Divide Q into 7, = [,’:—'] blocks Q;..... Qy, of size B, x d each, and divide K.V in to 7, = [,’;—’] blocks
Ki;ioea K7 and Vy. ..., V., of size B. x d each.

: Divide O into 7, blocks O,,. ... Oy, of size B, x d each, divide ( into T, blocks (.. ... (1, of size B, each,
divide m into T, blocks m;...., mr, of size B, each.
: for 1 <j<T.do
Load K, V; from HBM to on-chip SRAM.
for 1 <i<T7, do

Load Q;.0;, {;.m; from HBM to on-chip SRAM.
On chip, compute S;; = QK] € RF*Fe,
On chip, compute m;; = rowmax(S;;) € BB, P,—,— = exp(S;j — m;j) € RBrxB. (pointwise), [ij =
rowsum( P,-j) € RE-,
On chip, compute m™" = max(m;, m;;) € R (" = MM € @M f,»,- e R5-,
Write O; « diag(£")~" (diag((; )e™i=m ™ Q) + ¢'">"1_"“""‘w]5,-jVj) to HBM.
Write 6; « ('Y, m; < m!*" to HBM.
end for
end for
Return O.

Outer Loop

K:dxN

Q:Nxd

Inner Loop

sm(QK")V: N xd

Copy Block to SRAM
' Outer Loop V:NXd
§ =) Sis e e A
ot
" I
e 1
1 1
| Cop
Compute Block | v
on SRAM | =3
3
] B
1)
o
| ©
P P |

Output to HEM

Inner Loop

dooq121n0



