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Reminders

* Homework 0: PyTorch + Weights & Biases
— Out: Wed, Jan 17
— Due: Mon, Jan 27 at 11:59pm

* Quiz 1: Wed, Jan 29

 Homework 1: Generative Models of Text
— Out: Mon, Jan 27
— Due: Mon, Feb 10 at 11:59pm




Two parts: and Recap SO Far

Deep Learning Language Modeling
* AutoDiff * key idea: condition on previous
— is a tool for computing %radients of a words to sample the next word
differentiable function, b = f(a) * to define the probability of the next
— the key building block is a module with a word...
forward() and backward() , :
: . : — ...n-gram LM uses collection of massive
— sometimes define f as code in forward() sok-sided dice
by chaining existing modules together — _ RNN-LM or Transformer-LM use 2
¢ Computatlon GraphS hueural network

— are another way to define f (more
conducive to slides)

— so far, we saw two (deep) computation * Learningan LM

graphs — n-gram LMs are easy to learn: just count
* 1) RNN-LM co-occurrences!
* 2)Transformer-LM — a RNN-LM / Transformer-LM is trained by
« (Transformer-LM was kind of complicated) optimizing an objective function with

SGD; compute gradients with AutoDiff



LEARNING A TRANSFORMER LM



Learning a Language Model

Question: How do we learn the probabilities for the n-Gram | MLE for n-gram LM

Model? * This counting method
: | _ ~ gives us the maximum
Answer: From data! Just count n-gram frequencies Plelihood estimate of
P(We| Wi, = cows, the n-gram LM
0 Wi, = eat) t
parameters

... the cows eat grass...

¢ hav dail w C1n°) * We can derive it in the
...](c)ur cowfs eat hay dal Z t 21 I usual way:
... Tactory- arm. cows eat corn... orn A _ Write the likelihood of
...on an organic farm, cows eat hay and... the sentences under the
...do your cows eat grass or corn?... grass 311 n-gram LM
...what do cows eat if they have... — Set the gradient to zero
...cows eat corn when there is no... hay 2/11 and impose the constraint
...which cows eat which foods depends... that the probabilities sum-

. lf 1/11 tO"One

...if cows eat grass...

: — Solve for the MLE
... when cows eat corn their stomachs...

which 1/11
... should we let cows eat corn?...




Learning a Language Model

MLE for Deep Neural LM

* We can also use maximum likelihood estimation
to learn the parameters of an RNN-LM or
Transformer-LM too!

e But notin closed form - instead we follow a
different recipe:

— Write the likelihood of the sentences under the
Deep Neural LM model

— Compute the gradient of the (batch) likelihood w.r.t.

the parameters by AutoDiff

— Follow the negative gradient using Mini-batch SGD
(or your favorite optimizer)

MLE for n-gram LM

* This counting method
gives us the maximum
likelihood estimate of
the n-gram LM
parameters

e We can deriveitin the
usual way:
— Write the likelihood of

the sentences under the
n-gram LM

— Set the gradient to zero
and impose the constraint

that the probabilities sum-
to-one

— Solve for the MLE




SGD and Mini-batch SGD

Algorithm 1SGD

: Initialize 0(©)

2:

3:

4: s =10

s: fort =1,2,...,7T do

6: for i € shuffle(1,..., N) do

7: Select the next training point (x;, v;)

8: Compute the gradient ¢(*) = V.J;((s= 1)
o: Update parameters (5) = §(s=1) — pq(s)
10: Increment time steps = s+ 1

1:  Evaluate average training loss J(0) = + > J;(0)

n 1=

12: return 6%




SGD and Mini-batch SGD

Algorithm 1 Mini-Batch SGD

i: Initialize 0(°)

Divide examples {1, ..., N} randomly into batches {I;, ..., Ip}

where Ule I,={1,...,N}and ﬂle I, =10

s =10

fort =1,2,...,T do

forb=1,2,...,Bdo

Select the next batch Iy, where m = |[|
Compute the gradient g'*) = L 3" V.J;(6%))
Update parameters (s) = §(s=1) — pg(s)

10: Increment time steps = s+ 1

1:  Evaluate average training loss J(0) = £+ >_1" . J;(0)

n

N

e 9N @V W

12: return ()




RNN

Algorithm 1 Elman RNN

1: procedure FORWARD(z 1.7, Wan, Wag, ba, Wyn, by)
2: Initialize the hidden state hy to zeros

3 fortinltol do

4: Receive input data at time step ¢: x;

5: Compute the hidden state update:

6 at:Wah'ht—1+Wax'xt+ba

Vi ht — O'((],t)

8 Compute the output at time step ¢:

9 yt:Wyh'ht+by




RNN

Algorithm 1 Elman RNN

: procedure FORWARD(Z1.7, Wan, Waz, ba, Wyn, by)
Initialize the hidden state hg to zeros
fortinlto’l do
Receive input data at time step ¢: x;
Compute the hidden state update:
Ay — Wah . ht—l + Wam - Tt + ba
ht = a(at)
Compute the output at time step ¢:
Y = softmax(Wyp, - hy + b))

QRN R NR




How can we use this to compute

RNN + Loss the loss for an RNN-LM?

Algorithm 1 ElIman RNN + Loss

1: procedure FORWARD(z 1.7, Yi.7Wan, Waz, ba, Wyn, by)
2 Initialize the hidden state hg to zeros

3 fortinltol' do

4: Receive input data at time step ¢: x;

5: Compute the hidden state update:
6

7

8

9

£ =log p(w) [ + ]

///j7ﬂr\\\

e ] et ) Lot ) [Lae) |

Ay = Wah . ht—l =+ Wam - T+ ba
ht — O'(CLt)
Compute the output at time step ¢:
Yy = softmax(Wyp, - hy + by)
10 Compute the cross-entropy loss at time step ¢:

1 b= =2k (U7 log((ye)r)
12: Compute the total loss:

13: V= Zthl /4




Oow can we use this to compute

H
RN N-LM + LOSS L the loss for an RNN-LM?

log p(w) = log p(wy, Wy, W3, ... , Wr)

— log p(w, | hy) + ... +log p(w, | hr) Algorithm 1 ElIman RNN + Loss

1: procedure FORWARD(z 1.7, Yi.7Wan, Waz, ba, Wyn, by)
2 Initialize the hidden state hg to zeros

3 fortinltol' do

4: Receive input data at time step ¢: x;

5: Compute the hidden state update:
6

7

8

9

£ =log p(w) [ + ]

///j7ﬂr\\\

e ] et ) Lot ) [Lae) |

Ay = Wah . ht—l =+ Wam - T+ ba
ht — O'(CLt)
Compute the output at time step ¢:
Yy = softmax(Wyp, - hy + by)
10 Compute the cross-entropy loss at time step ¢:

1 b= =2k (U7 log((ye)r)
12: Compute the total loss:

13: /= Zthl /4

y; = p(wih;) Tz = p(whlh.) ys = pP(WAslhs) T4 = p(fvalhy)

L b, b L,




ow can we use this to compute

H
RN N-LN\ + LOSS L the loss for an RNN-LM?

og Pw) ;',‘;2 E((\\/,Vvl’m’)\i% ' i(;/;[))(wz Ihy) Algorithm 1 Elman RNN + Loss
1: procedure FORWARD(z 1.7, Yi.7Wan, Waz, ba, Wyn, by)
L=logpw)[  + | 2 Initialize the hidden state h to zeros
A 3 fortinltol do
4: Receive input data at time step ¢: x;
L6 ) Lot )[40 ] (a6 | 5: Compute the hidden state update:
6 at:Wah'ht—1+Wax'It+ba
Y= p(Wilk) Y2 = p(walf) y; = p(wilhs) 7 hy = o(ay)
I T I 8 Compute the output at time step ¢:
9 Yt — SOftmaX(Wyh . ht + by)
10 Compute the cross-entropy loss at time step ¢:
" n 1 b= =2k (U7 log((ye)r)
12: Compute the total loss:

13: V= Zthl /4




Learning an RNN-LM

* Each training example is
a sequence %e.g. log p(w) = 10g p(w., Wa, W3, ..., Wr)
sentence), so we have =log p(w;, | h,) + log p(w, | h,) + ... +log p(w, | h)
training data D = {w("), J = log p(w)
w®), . wiNy

* The objective function
for a Deep LM (e.g. RNN-
LM or Tranformer-LM) is
typically the log- T 0 - . s
likelihood of the training L) (2] L6 ) La6) ) LaG) ) LAG) ) L)
examples: .

J(8) = £ log pe(w0))

* We train by mini-batch
SGD (or your favorite
flavor of mini-batch SGD)

one

training
example

[START] [ The ] [ bat ][made] [noise][ at ]

—

night | [ END |

17



Learning a Transformer LM

* Each training example is
a sequence %e.g. log p(w) = 10g p(w., Wa, W3, ..., Wr)
sentence), so we have =log p(w;, | h,) + log p(w, | h,) + ... +log p(w, | h)
training data D = {w("), J = log p(w)
w®), . wiNy

* The objective function
for a Deep LM (e.g. RNN-
LM or Tranformer-LM) is

typically the log- (20 ) (860 ) (500 (260 ) (860 (20 ) (60 )

likelihood of the training
5) TP(W‘F 3) T](W5| ) T(WGI 6) 4 p(w;|
| \

examples: 0 T T

J(e) = Zi |Og pG(W ) A p(w|h) A p(w,|h,) A p(w;|

* We train by mini-batch
SGD (or your favorite

one

training
example

flavor of mini-batch SGD) / |
Training a Transformer-LM [ \ : | T : \ \ ]
is the same, except we \ \ \ \ \ \
swap in a different deep (sTART) [ The | [ bat ) [ made ) (noise ] [ at | [ night ) [ END |
language model.




Language Modeling

An aside:

* State-of-the-art language models currently tend to rely on transformer networks
(e.g. GPT-2)

* RNN-LMs comprised most of the early neural LMs that led to current SOTA
architectures

Language Modelling on Penn Treebank (Word Level)

Leaderboard Dataset

View Test perplexity v | by Date v | for All models v

Zaremba et al. (2014) - LSTM (large)

Recurrént.highway networks

>
=
>
| AWD-LSTM -continuous cache pointer
o
e GL-LWGC,+ AWD-MoS-LSTM + dynamic eval
a.
5 GPT-2
L: BERT-Large-CAS
CPT-3_(Zero-Shot)
0
2015 2016 2017 2018 2019 2020 2021 2022
Other models Models with lowest Test perplexity

Figure from


https://paperswithcode.com/sota/language-modelling-on-penn-treebank-word

PRE-TRAINING VS. FINE-TUNING



The Start of Deep Learning

* The architectures of modern deep
learning have a long history:

— 1960s: Rosenblatt’s 3-layer multi-layer
perceptron, ReLU )

— 1970-80s: RNNs and CNNs
— 1990s: linearized self-attention
* The spark for deep learning came in

2006 thanks to pre-training (e.g.,
Hinton & Salakhutdinov, 2006)

Figure from Vargas et al. (2017)

Publications

16500

14500

12500

10500

8500

6500

683

2006

7743

2007

8136

2008

8706

2009

10930

9194
9853

2010 2011 2012

Year

12200

2013 2

15

069

15

16288

2015 2016




Pre-Training vs. Fine-Tuning

Definitions

Pre-training

* randomly initialize the
parameters, then...

e option A: unsupervised training
on very large set of unlabeled
instances

* option B: supervised training on a
very large set of labeled
examples

Fine-tuning

* initialize parameters to values
from pre-training

* (optionally), add a prediction
head with a small number of
randomly initialized parameters

* train on a specific task of interest
by backprop

Example: Vision Models

Pre-training

* Example A: unsupervised
autoencoder training on very
large set of unlabeled images
(e.g. MNIST digits)

e Example B: supervised training on
a very large image classification

dataset (e.g. ImageNet w/21k
classes and 14M images)

Fine-tuning
* object detection, training on 200k
labeled images from COCO

* semantic segmentation, training
on 20k labeled images from
ADE20k

Example: Language Models

Pre-training

* unsupervised pre-training by
maximizing likelihood of a large

set of unlabeled sentences such
as...

* The Pile (800 Gb of text)

*  Dolma (3 trillion tokens)

Fine-tuning

*  MMLU benchmark: a few training
examples from 57 different tasks

ranging from elementary
mathematics to genetics to law

* code generation, training on ~400
training examples from MBPP

23



Pre-Training and Fine-Tuning on MNIST

* Results from Bengio et al. (2006) on
MNIST digit classification task

* Percent error (lower is better)
* Some methods first do pre-training
* Every method includes fine-tuning on labeled data

2.5
L 2.0
o
-
Ll
% 15 -
1.0 - T T | |
Shallow Net Idea #1 Idea #2 Idea #3
(Deep Net, no- (Deep Net, (Deep Net,
pretraining) supervised pre- unsupervised pre-

training) training) 24



Pre-Training and Fine-Tuning on MNIST

* Results from Bengio et al. (2006) on
MNIST digit classification task

* Percent error (lower is better)
* Some methods first do pre-training
* Every method includes fine-tuning on labeled data

2.5
L 2.0
o
-
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Pre-Training and Fine-Tuning on MNIST

* Results from Bengio et al. (2006) on
MNIST digit classification task

* Percent error (lower is better)
* Some methods first do pre-training
* Every method includes fine-tuning on labeled data

2.5
L 2.0
o
-
Ll
% 15 -
1.0 - T T | |
Shallow Net Idea #1 Idea #2 Idea #3
(Deep Net, no- (Deep Net, (Deep Net,
pretraining) supervised pre- unsupervised pre-

training) training) 26



Unsupervised Autoencoder Pre-Training for Vision

Unsupervised pre-
training of the first layer:

* What should it predict?

e What else do we
observe?

* The input!

27



Unsupervised Autoencoder Pre-Training for Vision

Unsupervised pre-
training of the first layer:

* What should it predict?

e What else do we
observe?

* The input!

This topology defines an
Auto-encoder.

28



Unsupervised Autoencoder Pre-Training for Vision

Key idea: Encourage z to give small reconstruction error:
— X’ is the reconstruction of x

— Loss = || x - DECODER(ENCODER(x)) |2

— Train with the same backpropagation algorithm for 2-layer
Neural Networks with x;, as both input and output.

DECODER: x’=h(W’z)

ENCODER: z = h(Wx)

Slide adapted from Raman Arora v



Pre-Training and Fine-Tuning on MNIST

* Results from Bengio et al. (2006) on
MNIST digit classification task

* Percent error (lower is better)
* Some methods first do pre-training
* Every method includes fine-tuning on labeled data
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Pre-Training and Fine-Tuning on MNIST

* Results from Bengio et al. (2006) on
MNIST digit classification task

* Percent error (lower is better)
¢ Some methods first do pre-training
* Every method includes fine-tuning on labeled data

2.5
L 2.0
o
-
Ll
% 15 -
1.0 - | | | L
Shallow Net Idea #1 Idea #2 Idea #3
(Deep Net, no- (Deep Net, (Deep Net,
pretraining) supervised pre- unsupervised pre-

training) training) 31



Supervised Pre-Training for Vision

* Nowadays, we tend
to just do supervised
pre-training on a
massive labeled
dataset

~J
-
A .
B

N
-
s

/.——/_/_.7 L

()
-
n l i 1 i

* Vision Transformer’s
success was largely
due to using a much
larger pre-training

A
)

W
l s s s e l L 1 1

ViT-L/16 -»-ViT-B/32 -*ResNet50x1 (BiT)
ViT-L/32 -+ ViT-b/32 -#ResNet152x2 (BiT)

Linear 5-shot ImageNet Topl [%]

10M ©30M 100M  300M
dataset Number of JFT pre-training samples

Figure from https://arxiv.org/pdf/2010.11929



Pre-Training vs. Fine-Tuning

Definitions

Pre-training

* randomly initialize the
parameters, then...

e option A: unsupervised training
on very large set of unlabeled
instances

* option B: supervised training on a
very large set of labeled
examples

Fine-tuning

* initialize parameters to values
from pre-training

* (optionally), add a prediction
head with a small number of
randomly initialized parameters

* train on a specific task of interest
by backprop

Example: Vision Models

Pre-training

* Example A: unsupervised
autoencoder training on very
large set of unlabeled images
(e.g. MNIST digits)

e Example B: supervised training on
a very large image classification

dataset (e.g. ImageNet w/21k
classes and 14M images)

Fine-tuning
* object detection, training on 200k
labeled images from COCO

* semantic segmentation, training
on 20k labeled images from
ADE20k

Example: Language Models

Pre-training

* unsupervised pre-training by
maximizing likelihood of a large

set of unlabeled sentences such
as...

* The Pile (800 Gb of text)

*  Dolma (3 trillion tokens)

Fine-tuning

*  MMLU benchmark: a few training
examples from 57 different tasks

ranging from elementary
mathematics to genetics to law

* code generation, training on ~400
training examples from MBPP

33



Unsupervised Pre-Training for an LLM

)\

[ The [ bat ] [ made ] [ noise ]

P AT

T p(wilh,) p(wa|h,) p(ws|h;) p(w,|h,)
>

Generative pre-training for a deep

language model:

* each training example is an
(unlabeled) sentence

* the objective function is the
likelihood of the observed
sentence

Practically, we can batch together
many such training examples to
make training more efficient



Table from

Training Data for LLMs

GPT-3 Training Data:
Quantity Weight in Epochs elapsed when
Dataset (tokens) training mix training for 300B tokens
Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Booksl1 12 billion 8% 1.9
Books2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

35


http://arxiv.org/abs/2005.14165

Training Data for LLMs

Composition of the Pile by Category

= Academic * Internet = Prose * Dialogue * Misc

Bibliotik
Pile-CC g
ArXiv

The Pile:

* An open source dataset for
training language models

* Comprised of 22 smaller
datasets

* Favors high quality text

* 825 Gb = 1.2 trillion tokens

PubMed Central

BC2
StackExchange I!
PMA
FreeLaw USPTO NIH [OpenWebText2 Wikipedia DM Math I

36




MODERN TRANSFORMER MODELS



Modern Tranformer Models

PaLM (Oct 2022)

540B parameters
closed source
Model:
*  SwiGLU instead of ReLU, GELU, or Swish
*  multi-query attention (MQA) instead of multi-headed attention
* rotary position embeddings
* shared input-output embeddings instead of separate parameter matrices
Training: Adafactor on 780 billion tokens

Llama-1 (Feb 2023)

collection of models of varying parameter sizes: 7B, 13B, 32B, 65B
semi-open source
Llama-13B outperforms GPT-3 on average
Model compared to GPT-3:

*  RMSNorm on inputs instead of LayerNorm on outputs

*  SwiGLU activation function instead of ReLU

* rotary position embeddings (RoPE) instead of absolute
Training: AdamW on 1.0 — 1.4 trillion tokens

Falcon (June - Nov 2023)

models of size 7B, 40B, 180B
first fully open source model, Apache 2.0
Model compared to Llama-1:
. (G(%A) instead of multi-headed attention (MHA) or grouped query attention
multi-query attention (MQA)
* rotary position embeddings (worked better than Alibi)
* GelUinstead of SwiGLU
Training: AdamW on up to 3.5 trillion tokens for 180B model, using z-loss for
stability and weight decay

Llama-2 (Aug 2023)

collection of models of varying parameter sizes: 7B, 13B, 70B.

introduced Llama 2-Chat, fine-tuned as a dialogue agent

Model compared to Llama-1:
+ grouped query attention (GQA) instead of multi-headed attention (MHA)
* context length of 4096 instead of 2048

Training: AdamW on 2.0 trillion tokens

Mistral 7B (Oct 2023)

outperforms Llama-2 13B on average
introduced Mistral 7B — Instruct, fine-tuned as a dialogue agent
truly open source: Apache 2.0 license

Model compared to Llama-2

+ sliding window attention (with W=4096) and grouped-query attention
(GQA) instead of just GQA

+ context length of 8192 instead of 4096 (can generate sequences up to
length 32K)

* rolling buffer cache (grow the KV cache and the overwrite position i into
position i mod W)

variant Mixtral offers a mixture of experts (roughly 8 Mistral models)

In this section we’ll look at four
techniques:

1. key-value cache (KV cache)

2. rotary position embeddings (RoPE)
3. grouped query attention (GQA)

4. sliding window attention



Key-Value Cache

D/D///?g

softmax

x!
X4

4
- § :a4,jvj *

j=1

a, = softmax(sy)

At each timestep, we reuse all
previous keys and values (i.e.
we need to cache them)

But we can get rid of the

queries, similarity scores, and
attention weights (i.e. we can
let them fall out of the cache)

40



Key-Value Cache

X, = A,V = softmax(Q,;K* /\/d;.)V

% * Ateachtimestep, we reuse all

A; = softmax(S;)

attention weights (i.e. we can
let them fall out of the cache)

previous keys and values (i.e.
T 1 /%
/]

we need to cache them)
a 4 * Butwe can getrid of the
[ softmax ]
S R )

queries, similarity scores, and
3T ] S, = QiK—//dy

/ ] Qt:Xth

ki /2 Iks | k,
T |||>/ [TT] K = XW,

W Vv, Vv, | <74
T IO OO | oo V = XW,

[TD 00 00 L0 X =[x1,...,%]"



ROTARY POSITION EMBEDDINGS (ROPE)



Q

Rotary Position Embeddings (RoPE)

Why does this slide
have so many typos?

I’m really not sure. |
very meticulously type
up the latex for my
slides myself and think
carefully about all the
things | put in them.

RoPE attention:

fq(Xtvm) = R@ mWT t
fk(Xjam) = R@m

St.j = Jr(X;;

wrong

a; = softmax(s;), Vt

wrong

W wrong

Vi, twherem =t — jle wrong

where Wy, W, € RdmeaciXdk and the rotary matrix Re ,, € R% ¥4 is given by:

cosmb; —sinmb, 0 0

sinmf; cosmb; 0 0
0 0 cosmby —sinmbs

Re.m = 0 0 sinmfy  cosmbs
0 0 0 0
0 0 0 0
The 0; parameters are fixed ahead of time and defined as belov
O = {0; = 1000072 {%,i e [1,2,...

0 0

0 0

0 0

0 0
cosmby, ;o —sinmbyg, 2

sinmbg, ;o cosmbyg, /o

wrong
yd/2]}




Q

Rotary Position Embeddings (RoPE)

Why does this slide
have so many typos?

I’m really not sure. |
very meticulously type
up the latex for my
slides myself and think
carefully about all the
things | put in them.



Rotary Position Embeddings (RoPE)

* Rotary position
embeddings are a
kind of relative
position embeddings

* Keyidea:

— break each d-
dimensional input

vector into d/2
vectors of length 2

— rotate each of the
d/2 vectors by an
amount scaled by m

— m s the absolute
position of the
query or the key

Figure from http://arxiv.org/abs/2104.09864

! m
X5 \
X2
b, 2) (x'y, x'5)
Xl]_ X]_ 1, X2
m
d=2
Enhanced D:[:I:]"'ED:D 1 I I l I l" l l I_l_l
Transformer D:I:I:l"' EI:I:I:] 2 | I I IJ "'l l l__l |
e R e 3 — -
rotary [T -+ [CTI0I 4 3 - L
Position I:I:I:D-"DID | I I I I"‘I | I I I
Embedding D:D:l...‘:l:l:l:l 6 I |...| Ll




Rotary Position Embeddings (RoPE)



Rotary Position Embeddings (RoPE)

Standard attention:
q; = W, x;,Vj
kj — ngj,Vj
St = k?‘lt/\/ k|, V7,1t
a; = softmax(s;), Vt

RoPE attention:
qj m— WZXj,\V/j kj m— Wng,\V/j
q; = Re jq; k; = Re jk;

st = Kj Qe/\/di, V1
a; = softmax(s;), Vt

where Wj,, W, € Rdmeodaet Xk Herein we use d = dj, for brevity.

For some fixed absolute position m, the rotary matrix Re ,, € R% < is given by:

( cosmb; —sinmb; 0 0
sinmf;  cosmb, 0 0
0 0 cosmfy —sinmébs
Rom = 0 0 sinmfs  cosmbs
0 0 0 0
\ 0 0 0 0

The 6, parameters are fixed ahead of time and defined as below.

O = {#; = 1000020-1/d j c[1,2,...

oS O O O

cos mbg, /2
sinmbg, /2

oS O OO

—sinmbg, /2
cos mbg, /2 )



Rotary Position Embeddings (RoPE)

Standard attention: RoPE attention:
qj = Wix;,Vj aj = Wy x;,V) k; = W;x;,Vj
k; = Wl'x;,Vj 9; = Re,;q; k; = Re,jk;
St,j = k?qt/\/m, Vi, t St,j = E?Qt/@a vyt
a; = softmax(s;), Vt a; = softmax(s;), Vi

Because of the block sparse patternin Ry ,,, we can efficiently com-
pute the matrix-vector product of Ry ,, with some arbitrary vectory
in a more efficient manner:

( () \ ( cos mb \ (—yg\ ( sin mo; \

Yo cos mb. Y1 sin m6;

Y3 cos mbs — Y4 sin m#fs

Ronmy = Ya o cos mb. s Y3 0 sin m0s
Yd—1 cos mb g2 —Yd sinmf g2

\ Yd ) \cosm@d/Q ) \yd—l ) \Sinmed/2 )



Matrix Version of RoPE




Matrix Version of RoPE

A: I'mreally not sure.

But | did write it myself!




ROPE

Pat’s RoPE Demo:

— Two word embeddings represented as 2D vectors:

* 1) cat

* 2)ate
— We consider each one residing in a different position
— Each one is rotated by an amount given by theta


https://www.desmos.com/calculator/z1fuchfpej

GROUPED QUERY ATTENTION (GQA)



Matrix Version of Multi-Headed (Causal) Attentio

X = concat(X'(M), ... X/(h)

Q) (K(z‘))T

X'() = softmax ( + M) v(©)

Vdy

1)
W(2) multi-headed attention (Z) — VV(’L)
k W§€3) \[ \J Q =X q

w(D K@ = Xwg)

w(2)

Vi) = xXW)

—//x1 X, X5 X4

OT O O I X = [X1,...,X4]

T




Grouped Query Attention (GQA)

Multi-head Grouped-query Multi-query

pr— — p— — p— — g— g— pr— pe— — —_— —

Values

]
]
]
]
]
]
]
]
]
]
]
]
]

Keys

0000000 00000000 DOGONEE

Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single
key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.
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Figure from http://arxiv.org/abs/2305.13245



Grouped Query Attention (GQA)  croupec-auery

* Key idea: reuse the
same key-value X = [x1,...,XT ‘ | ‘ ‘ ‘ ‘ ‘ |
heads for multiple v — Xwgi)’w e{1,..., hi!} n o = =
different query heads

* Parameters: The
parameter matrices
are all the same size,
but we now have

]T

K® =XW Vie{1,... hp}
Q) = XW) Wi e {1,... h}, Vi € {1,..., g}

e N, =the number of query heads

fewer key/value e hy, =the number of key/value heads
arameter matrices
(pheads) than query e Assume h, is divisible by hy,,
parameter matrices e g = h,/hgy is the size of each group
(heads) (i.e. the number of query vectors per key/value vector).

Figure from http://arxiv.org/abs/2305.13245



Grouped Query Attention (GQA)  croupec-auery

* Key idea: reuse the
same key-value X = [x1,...,%7] ‘ | ‘ ‘ ‘ ‘ ‘ |
heads for multiple VO = XWW i e {1,..., iy} AN A
different query heads

 Parameters: The
parameter matrices
are all the same size,
but we now have §(4:7) — Q(i,j)(K(i))T/, /dy., Vie {1,... hi},Vie{l,...,q}

fewer key/value . i . .
parametg’r S trices  AUY = softmax(SC9)), Vi€ {1, b b Vi€ (1.9}

(heads) than query ~ X/ =AUV wie {1, k) Vi€ {1, g}
parameter matrices X' = concat(X'9)), Vie {1,..., i}, Vi e {1,..., g}
(headS) X — X/WO (Where WO E Rdmodel deodel)

T

K® =XW Vie{1,... hp}
Q) = XW) Wi e {1,... h}, Vi € {1,..., g}

Figure from http://arxiv.org/abs/2305.13245



SLIDING WINDOW ATTENTION



Sliding Window Attention

Sliding Window Attention

X' = softmax (Q

also called “local attention”
and introduced for the
Longformer model (2020)

The problem: regular
attention is computationally
expensive and requires a lot
of memory

The solution: apply a causal
mask that only looks at the
include a window of
(Yaw+1) tokens, with the
rightmost window element
being the current token
(i.e. on the diagonal)

T

M)V

regular causal attention

sliding window attention (w=6)

sliding window attention (w=4)
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Sliding Window Attention

Sliding Window Attention

e also called “local attention”
and introduced for the
Longformer model (2020)

* The problem: regular
attention is computationally
expensive and requires a lot
of memory

* The solution: apply a causal
mask that only looks at the
include a window of
(Yaw+1) tokens, with the
rightmost window element
being the current token
(i.e. on the diagonal)

T

X' = softmax (Q

M)V

sliding window attention (w=4)

3 ways you could implement
1. ndive implementation: just do

the matrix multiplication, but
this is still slow

. for-loop implementation:

asymptotically faster / less
memory, but unusable in
practice b/c for-loops in
PyTorch are too slow

. sliding chunks implementation:

break into Q and K into
chunks of size w x w, with
overlap of ¥4w; then compute
full attention within each
chunk and mask out chunk
(very fast/low memory in
practice)
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