Quick Announcements

e (Gradescope is now live for HW1. Find the link for it from Canvas.
e Upload a requirements.txt file to Gradescope if your code needs non-standard packages.

e Office hours on the course website have been updated
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Learning Objectives

An overview of recent architecture advancements on top of Transformers
e Aclear grasp on the details of new architectures
e Understand the motivation and benefits of each architecture upgrades

e Apply the right architecture specifications for target scenarios

e [Optional] Explore new architecture designs in your research
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Feed Forward: Activations and Bilinear Layers

Variants of linear FFN Layers (omitting bias):
FFNgrgLy(x) = RELU( xW;)W,; RELU( xW;) = max(0, xW; )W,
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Feed Forward: Activations and Bilinear Layers

Variants of linear FFN Layers (omitting bias):
FFNRrgrLuy(x) = RELU( xW;)W,; RELU( xW;) = max(0, xW; )W,
FFNggLu(x) = GELU( xW; )W,; GELU( xW;) = xP(X < x) = x®P(x)
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Feed Forward: Activations and Bilinear Layers

Variants of linear FFN Layers (omitting bias):
FFNRrgrLuy(x) = RELU( xW;)W,; RELU( xW;) = max(0, xW; )W,
FFNggLu(x) = GELU( xW; )W,; GELU( xW;) = xP(X < x) = x®P(x)

31 — GEW
—— RelLU
— ELU

GELU Activation [1]




Feed Forward: Activations and Bilinear Layers

Variants of linear FFN Layers (omitting bias):
FFNRrgrLuy(x) = RELU( xW;)W,; RELU( xW;) = max(0, xW; )W,
FFNggLu(x) = GELU( xW; )W,; GELU( xW;) = xP(X < x) = x®P(x)
FFNgwitch (x) = Swish; ( xW; )W,; Swishg (xW;) = xSigmod (Bx)

31 — GEW
—— RelLU
— ELU

GELU Activation [1]




Feed Forward: Activations and Bilinear Layers

Variants of linear FFN Layers (omitting bias):
FFNRrgrLuy(x) = RELU( xW;)W,; RELU( xW;) = max(0, xW; )W,
FFNggLu(x) = GELU( xW; )W,; GELU( xW;) = xP(X < x) = x®P(x)
FFNgwitch (x) = Swish; ( xW; )W,; Swishg (xW;) = xSigmod (Bx)

Swish

31 — GEW
—— RelLU
— ELU 2

GELU Activation [1] Switch Activation [2]




Feed Forward: Activations and Bilinear Layers

Bilinear FFNs (Omitting Bias):
FFNgilinear(x) = (xW - xV)W,. Two FFN with componentwise product
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Feed Forward: Activations and Bilinear Layers

Bilinear FFNs (Omitting Bias):

FFNgilinear(x) = (xW - xV)W,. Two FFN with componentwise product
FFNRegLu (x) = (RELU(xW) - xV)W,. Adding RELU activation on one FFN
FFNgEgLu (x) = (GELU(xW) - xV)W,. Adding GELU activation on one FFN

FFNswicLu(x) = (Swish; (xW) - xV)W,. Adding Swish activation on one FFN
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Feed Forward: Activations and Bilinear Layers

Bilinear FFNs (Omitting Bias):

FFNgilinear(x) = (xW - xV)W,. Two FFN with componentwise product
FFNRegLu (x) = (RELU(xW) - xV)W,. Adding RELU activation on one FFN
FFNgEgLu (x) = (GELU(xW) - xV)W,. Adding GELU activation on one FFN

FFNswicLu(x) = (Swish; (xW) - xV)W,. Adding Swish activation on one FFN

With reduced hidden dimension of the projections to keep parameter count the same

Training Steps 65,536 524,288

FFNreLu (baseline) | 1.997 (0.005)  1.677

FFNgrLU 1.983 (0.005) 1.679

FFNgswish 1.994 (0.003)  1.683

FFNGLu 1.982 (0.006)  1.663

FFNBitinear 1.960 (0.005) 1.648

FFNgeaLu 1.942 (0.004) 1.633 Improved
FFNgwicLU 1.944 (0.010) 1.636 speed-quality
FFNRecLU 1.953 (0.003)  1.645

T5 base Perplexity at Pretraining Steps [3]
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Feed Forward: Activations and Bilinear Layers

Bilinear FFNs (Omitting Bias):

FFNgilinear(x) = (xW - xV)W,. Two FFN with componentwise product
FFNRegLu (x) = (RELU(xW) - xV)W,. Adding RELU activation on one FFN
FFNgEgLu (x) = (GELU(xW) - xV)W,. Adding GELU activation on one FFN

FFNswicLu(x) = (Swish; (xW) - xV)W,. Adding Swish activation on one FFN

With reduced hidden dimension of the projections to keep parameter count the same

Training Steps 65,536 524,288

FFNgeru (baseline) | 1.997 (0.005) 1.677

FFNGeLU 1.983 (0.005)  1.679 “We offer no explanation as to why these
FENswish 1.994 (0.003)  1.683 architectures seem to work; we attribute
FFNGLu 1.982 (0.006)  1.663 : .
FFNpipmons 1960 (0.005)  1.648 their success, as all else, to divine
FFNgrGLU 1.942 (0.004) 1.633  Improved benevolence”---Noam Shazeer. 2017
FFNgwicLU 1.944 (0.010) 1.636 speed-quality

FFNReqLU 1.953 (0.003)  1.645

T5 base Perplexity at Pretraining Steps [3]
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Feed Forward: Activations and Bilinear Layers

Bilinear FFNs (Omitting Bias):

FFNgilinear(x) = (xW - xV)W,. Two FFN with componentwise product
FFNRegLu (x) = (RELU(xW) - xV)W,. Adding RELU activation on one FFN
FFNgEgLu (x) = (GELU(xW) - xV)W,. Adding GELU activation on one FFN

FFNswicLu(x) = (Swish; (xW) - xV)W,. Adding Swish activation on one FFN

With reduced hidden dimension of the projections to keep parameter count the same

Swish first derivatives

Training Steps 65,536 524,288 il ==

FFNRgeru(baseline) | 1.997 (0.005)  1.677 =

FFNgeLU 1.983 (0.005)  1.679 0s

FFNgwish 1.994 (0.003)  1.683

FFNGLu 1.982 (0.006)  1.663

FFNBilinear 1.960 (0.005)  1.648

FFNgecLU 1.942 (0.004) 1.633 Improved 2

FFNswicLu 1.944 (0.010) 1.636 speed-quality

FFNRecLu 1.953 (0.003)  1.645 4 2 | z 4 5

T5 base Perplexity at Pretraining Steps [3] Switch Gradients [2]




Places for Improvements
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Attention: Efficient Attention Mechanisms

Standard Multi-Head Attention
head, = Attention(QW_, KWK, VWY)
head, = Attention(QW., KWX, VW},)

MultiHeadAtt(Q,K, V) =
Concat(head,, ..., heady)

Multi-Head Attention (MHA)
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Attention: Efficient Attention Mechanisms

Standard Multi-Head Attention

head,; = Attention (QWQ,KWf,VW{/) Inputs and outputs of each layer
. are the same dimensions:

’ Qe RT*Xdmodel
head, = Attention (QWS, KWX, VW},) K € RT*9model
V € RT*4model
MultiHeadAtt(Q,K, V) =
Concat(head,, ..., heady)

Multi-Head Attention (MHA)
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Attention: Efficient Attention Mechanisms

Standard Multi-Head Attention
head, = Attention(QW_, KWK, VWY)
head, = Attention (QWS, KWX, VW},)

MultiHeadAtt(Q,K, V) =
Concat(head,, ..., heady)

Multi-Head Attention (MHA)
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mmﬂﬂﬂﬂﬂﬂﬂﬁ

Inputs and outputs of each layer
are the same dimensions:

Q e RT* dmodel

Huge memory consumption during

K e RTdeodel
Ve RTdeodel

—> inference. Needs to keep one K, V for

each layer and each position
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Attention: Efficient Attention Mechanisms

Grouped-Query Attention: Divide Q in G groups, and share K, V in the same group [4]

head, = Attention(QW_, KWK, VWY)

head, = Attention (QWS, KWX, VWY)

MultiHeadAtt(Q,K, V) =
Concat(head,, ..., heady)

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA)
Multi-Heaa A = Q2 La
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Attention: Efficient Attention Mechanisms

Grouped-Query Attention: Divide Q in G groups, and share K, V in the same group [4]

head,; = Attention (QWQ,KWf,VW{/) Inputs and outputs of each layer
. are the same dimensions:

Q e RTX dmodel

— ; Q K 1%
head, = Attention (QW,, KWE, VW() KeR' /)X dmoder

H
MultiHeadAtt(Q,K, V) = V e R/ (@*dmodel
Concat(head,, ..., heady)

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA)
Multi-Heaa A = Q2 La
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Attention: Efficient Attention Mechanisms

Grouped-Query Attention: Divide Q in G groups, and share K, V in the same group [4]

head,; = Attention (QWQ,KWf,VW{/) Inputs and outputs of each layer
. are the same dimensions:

Q e RTX dmodel

H
K € R7/(@*@model Reduce K, V cache storage

H .
MultiHeadAtt(Q,K, V) = V e R7/(@)*dmodel to group sizes
Concat(head,, ..., heady)

head, = Attention (QWS, KWX, VWY)

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA)
Multi-Heaa A = Q2 La
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Attention: Efficient Attention Mechanisms

Multi-Query Attention: Single K, V for all Q heads [5]

head,; = Attention (QWQ,KWK,VW{/) Inputs and outputs of each layer
. are the same dimensions:

: Qe RT*@model
head, = Attention (QWQ, KWk, vw/ ) K € RT/HXdmodel

V € RT/HXdmodel
MultiHeadAtt(Q,K, V) =
Concat(head,, ..., heady)

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA)
Multi-Head A & Query A Ll Ll
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Attention: Efficient Attention Mechanisms

Multi-Query Attention: Single K, V for all Q heads [5]

head,; = Attention (QWQ,KWK,VW{/) Inputs and outputs of each layer
. are the same dimensions:

: Qe RT*@model
head, = Attention (QWQ, KWk, vw/ ) K € RT/HXdmodel

V € RT/HXdmodel

— Further Reduce K, V Cache Size

MultiHeadAtt(Q,K, V) =
Concat(head,, ..., heady)

Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA)
Multi-Head A & Query A Ll Ll

NARNNSRNANR N N N N N
NNNNNNNN N N N N N
NNNNNNN N N N §

—.
—
I—

—
— .
"
—

—J 0000008

CMU 1667 Fall 207




Attention: Efficient Attention Mechanisms

Multi-Head Latent Attention: Project K, V into a lower dimension latent vector [6]

k, = WUK KV

v, = WUV KV Recovery of k, v can be merged

with q in attention layer operations
cXV = WPKVR,  Only latent vector to store

NN Cached During Inference
Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
- - - 1~ - - 1~ - - 1= - -
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Attention: Efficient Attention Mechanisms

Multi-Head Latent Attention: Project K, V into a lower dimension latent vector [6]

k, = WUKCIl’fV KV Cache for Generation (KB/Token)
Ve = WUVC?'V DeepSeek 67B 1
V= WP%h, Only latent vector to store DeepSeek-V2- _IL‘ reducing KV cache by 93.3%
0 100 200 300 400

NN Cached During Inference
Multi-Head Attention (MHA) | Grouped-Query Attention (GQA) | Multi-Query Attention (MQA) ! Multi-Head Latent Attention (MLA)
- - - 1~ - - 1~ - - 1= - -
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Attention: Efficient Attention Mechanisms

How to use efficient attention mechanisms:
e Pretraining directly with updated architecture
e Oruseitasacompression method to speed up a rich multi-head attention model
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Attention: Efficient Attention Mechanisms

How to use efficient attention mechanisms:
e Pretraining directly with updated architecture
e Oruseitasacompression method to speed up a rich multi-head attention model

dmodel

dy, Key Projection K
d, Key Projection K, diodel
Mean Key Projection Kyq dy,
Pool
d, Key Projection Ky
. J

Mean Pooling Multi-Head Attention to
Grouped-Query Attention [4]
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Attention: Efficient Attention Mechanisms

Performance:
e Recovering similar effectiveness as multi-head attention

e Significantly improve generation speed
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Performance of Grouped-Query Attention
Adapted from Multi-Head Attention [4]




Attention: Efficient Attention Mechanisms

Performance:
e Recovering similar effectiveness as multi-head attention

e Significantly improve generation speed
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Performance of Grouped-Query Attention Generation Efficiency with Grouped-Query

Adapted from Multi-Head Attention [4] Attention [4]




Places for Improvements
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Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

i 1
LN(xi)_(T gis u—deua—jEZ(xi—u)z

Learnable parameter Align the outputs to standard distributions to
started from 1 improve training convergence and stability




Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

i 1
LN(xi)_(T gis u—deua—jEZ(xi—u)z

Learnable parameter Align the outputs to standard distributions to
started from 1 improve training convergence and stability

X141

Multi-Head

Attention

X1

Post-LN: After
Residual Sum




Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

(L 1 2
LN(xi)_T i #_dzxua_ EZ(XL'—H)
i

Learnable parameter Allgn the outputs to standard distributions to
started from 1 improve training convergence and stability

X141

Layer Norm

2.0
addition _9
\ -o(—ul ./.\./.\.
30
- e
) %51.0
Layer Norm “—
[
addition % 05
© —&— Post-LN
s o
0.07% 8 10 12 14
- #Layer
X1
Post-LN: After Large gradient L2 norm, leading to
Residual Sum unstable training at large scale [6]
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Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

(L 1 2
LN(xi)_T i #_dzxua_ EZ(XL'—H)
i

Learnable parameter Allgn the outputs to standard distributions to

started from 1 improve training convergence and stability
X141 i
t s 2.0
\ E ./.\./.\.
[ ] E
- e
) %51.0
Layer Norm “—
[
addition % 05
© —&— Post-LN
s o
0.07% 8 10 12 14
- #Layer
Xy X
Post-LN: After Large gradient L2 norm, leading to Pre-LN: Before
Residual Sum unstable training at large scale [6] Residual Sum
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Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

(x; — 1) 1 1
LN(x) = ———9u #=szi,0= EZ(XL'—H)Z
T~ i T~ i
Learnable parameter Align the outputs to standard distributions to
started from 1 improve training convergence and stability
X141 41
gt 5
S B, T To0.4 —— =
pEm @ 30 P
e g g |-
) %51.0 ) \
Layer Norm E "E 02 °
addition @ 0.5 o \e ® °
© ©
© —&— Post-LN ©
e o o
0.07% 8 10 12 14 0.0%5 8 10 12 14
- #Layer #Layer
X X
Post-LN: After Large gradient L2 norm, leading to Pre-LN: Before Lower gradient L2 norm, improved

Residual Sum unstable training at large scale [6] Residual Sum training stability [6




Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

- 1 1
LN(x;) = (x . #)gi; u =szi’a - \/Ez(xi — W?




Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

- 1 1
LN(x;) = (x . #)gi; u =szi’0 - \/Ez(xi — W?

RMSNorm: Only rescaling, no recentering [/]

1
LN(x;) = RMS( )gu RMS(x) = ’E(xi)z

CMU 11 67




Layernorm: Simpler and Stabler Layernorms

The Layer Normalization Layer [5]:

25

LNGry) = =8 o Zx G = lZ(x-—y)z o
i o ll d 1 d ' L § 20 1
' S 154 Baseline
RMSNorm: Only rescaling, no recentering [7] & — LagerlNorm
M 10 1 —— RMSNorm
1 2 E 5 | —— L2-Norm
LN(x;) = RMS( )gu RMS(x) = E(xi) < — ORMSNorm

0 T T T T
0 10 20 30 40 50
Training steps (x30k)

Better Convergence Rate on Machine
Translation and Many NLP Tasks [7]




Places for Improvements: Recap
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Most Transformer architecture upgrades are for
efficiency and large-scale learning stability.
Simplicity is often the winner.
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Most Transformer architecture upgrades are for
efficiency and large-scale learning stability.
Simplicity is often the winner.

Why??
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Places for Improvements

Output
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Linear
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Position Encoding: Capturing Position Information

Transformer itself is position agnostic: Mathul

T
attention output at position j = Z score (1, k;) - v
i=1

score (1, k;) =

CMU



Position Encoding: Capturing Position Information

Transformer itself is position agnostic: Mathul

T
attention output at position j = Z score (1, k;) - v
. i=1
score (1, k;) = 4;
Jx
In comparison Q K Vv
CNN has locality prior:
BVARN "
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Position Encoding: Capturing Position Information

Transformer itself is position agnostic: Mathul

T
attention output at position j = Z score (1, k;) - v
, i=1
score (1, k;) = 4%
vk
In comparison Q K V
CNN has locality prior: RNN has sequential prior:
hidden layer 3 O O O O O O??(ID\O\O O O O O O @ Unfold @
tdnr2 00 00000 O cI> 000000 V@ :> - ~ N . -
hiddenlayer 1 O O O O O/CI)XCI)X(I)XCI)X(L\O O0O0O0 éj @ éj éj
S IRIXIXIXT XX

input




Position Encoding: Capturing Position Information

Transformer itself is position agnostic: Mathul

T
attention output at position j = Z score (1, k;) - v
, i=1
score (1, k;) = 4%
Vi
In comparison Q K V
CNN has locality prior: RNN has sequential prior:
hiddenlyer3 O O O O O o_vc?/é\o 00 oi 00 é @ Unfold %
ddenloyrz O O O O O O oxo cl>\o 00000 VCEE] :> - ~ N . -
hiddenlayer 1 O O O O O/(I)XCI)X(I)XCI)X(L\O O0O0O0 éj @ éj éj
IR

input

Position encoding adds positional information which is useful for language




Position Encoding: Absolute Position Information

Additive Position Encoding: add the positional information in the token embedding layer
x' =X+ Ppos
Position Embedding at position pos

Lz
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Position Encoding: Absolute Position Information

Additive Position Encoding: add the positional information in the token embedding layer
x' =X+ Ppos
Position Embedding at position pos

Sinusoid position embedding

Ppos 2i = sin(pos/10000%/4)
Ppos 2i+1 = €0s(pos/100002/%)

” . - o —
: 77 G e, = 7
LI TS =PI AT T T 7
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Position Encoding: Absolute Position Information

Additive Position Encoding: add the positional information in the token embedding layer

x' =X+ Ppos
Position Embedding at position pos

Sinusoid position embedding

Ppos2i = Sin(pos/10000%/4)
Ppos 2i+1 = €0s(pos/100002/%)

pO p1 p2 p3

| 0.000 | ‘ 0841 ‘ |—o.544| | 0961 ‘ i=0
| 1.000 | ‘ 0540 ‘ |—o.839| | 0275 ‘ i=1
| 0.000 | ‘ 0388 ‘ | —o.744| | 0466 ‘ i=2
| 1.000 | ‘ 0922 ‘ | »o.sss| I 0885 ] i=3

Positional Encoding
PE(pos,2i) = 81 {5500 )

o pos
PEposi+1) = €08( {5050 mma)

Settings: d = 20

Even if the dimension (d) has changed, values for i=0
and i=1haven't. That's because PE formula has a
divisor equal to 1in both cases, despite the value of

CMU 1‘1‘-667 Fall 2024



Position Encoding: Absolute Position Information

Additive Position Encoding: add the positional information in the token embedding layer

x =x+
Ppos Adding different values based on positions

Position Embedding at position pos 1
el | po p1 P2 p3
Sinusoid position embedding of \_ / \_ / \ / i Il -
g2 : ¢ j : i g * \ ® © [0 | [osa0| [ome] [o02rs] i=1
; 2i/d s ° [ooo | [58] [ore] [ome] i-2
Ppos,2i = Sin(pos /10000 ) &t = | ' | ' | : i ' | i
_ 2 i d Ez 1.000 0.922 -0.668 0.885 i=3
ppos,2i+1 - COS(pOS/lOOOO / ) 55 ° Positional Encoding
Different wavelength at E% yA P Biposi) = sin o )
. . i o 08
different embedding B PE(posair) = €0 i)
dimension to capture ] o o
different relative positions | =i * * ¢ ¢ F F settings: d =20 .
o8 % Even if the dimension (d) has changed, values for i=0
10 and i=1 haven't. That's because PE formula has a
;?’ o o divisor equal to 1in both cases, despite the value of
06 d.

CMU 1 667 FaH 2024



Position Encoding: Absolute Position Information

Additive Position Encoding: add the positional information in the token embedding layer
x' =X+ Ppos
Position Embedding at position pos

Fully Learned Embeddings (e.g., in BERT)
Ppos = Embedding (pos)
One embedding vector for each pos

CMU 11-667 Fall 2



Position Encoding: Absolute Position Information

Additive Position Encoding: add the positional information in the token embedding layer
x' =X+ Ppos

Position Embedding at position pos found found

in\in
Fully Learned Embeddings (e.g., in BERT) taiwan\taiwan
— Embedding (pos) Y g
Ppos = g\p [SEP]>[SEP]
One embedding vector for each pos the the
wingspanswingspan
is\is
24 24
_\_
28— 28
mm\mm
[SEP]>[SEP]

Learned some strong
position-based attention patterns [8]

CMU 11-667 Fall 2



Position Encoding: Relative Position Information

Lang'uagelfr'g& ozr Eaé|ve4%o§h|gr’1,sarpﬂt;ersi1nIau}gau'zige

Distance=5

N
N
Distance= 5

Blablablabla...l took my dog, Ftklo, to the park for his 'walk




Position Encoding: Relative Position Information

IS LG B0 RIS TN RS R

Distance=5

N
AN
Distance= 5

Blablablabla...l took my dog, Ftklo, to the park for his 'walk....

Encode relative position information in attention mechanism:

Attention score(;,k;) = g( .k, i — )




Position Encoding: Relative Position Information

NGBS TRy F6Y, BRI RIS BT ER I RRRES.
| >l

<
I‘

Distance=5
N
AN
Distance= 5

l< |
Blablablabla...l took my dog, Fido, to the park jfor his walk....

Encode relative position information in attention mechanism:
Attention score(;,k;) = g(7;, ki — )
Using relative position embeddings [9]:

q;k;

Attention score(;,k;) = + b;

\/d—ka

Trainable Relative
Position Bias

Y7777
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Position Encoding: Relative Position Information

IS LG B0 RIS TN RS R

Distance=5

N
AN
Distance= 5

Blablablabla...l took my dog, Ftklo, to the park for his 'walk....

Encode relative position information in attention mechanism:

Attention score(;,k;) = g(a;,k;, i — ) Model Position Information EN-DE BLEU EN-FR BLEU
. ) o ) Transformer (base) Absolute Position Representations  26.5 38.2
Usin g relative pOS|t|O n embeddi ngs [9] Transformer (base) Relative Position Representations ~ 26.8 38.7
Transformer (big)  Absolute Position Representations 27.9 41.2

Transformer (big)  Relative Position Representations ~ 29.2 41.5

K.
Attention score( j,ki) =4 +b;_;

Jax

Performance of Relative Position Embedding on Machine Translation [10]

Trainable Relative
Position Bias




Position Encoding: Rotational Position Embedding

Geometry of dot product in attention mechanism
j K

Vi

Attention score(1;,k;) =

A

Attention score roughly as cosine of the
vectors, assuming unit-lengths.

CMU 11-667 Fall 2



Position Encoding: Rotational Position Embedding

Geometry of dot product in attention mechanism

Attenti k) = K
ention score(1;,k;) = =
VvV Yk
A A
k ~ k
e ‘\
& - >
Attention score roughly as cosine of the Lower attention importance if positions

vectors, assuming unit-lengths. are far: rotating away

CMU 11-667 Fall 2



Position Encoding: Rotational Position Embedding

Geometry of dot product in attention mechanism

Attenti k) = 2K
ention score(;,k;) = —=
VYK
A A A
k -~ Kk K
//
e ™
> - > - >
Attention score roughly as cosine of the Lower attention importance if positions Higher attention importance if positions
vectors, assuming unit-lengths. are far: rotating away are close: rotating close

CMU 11667 Fall 2024




Position Encoding: Rotational Position Embedding

How to make the rotation only depend on relative positions?

Attention score(;,k;) = g(7;, ki —J)

Attention score roughly as cosine of the
vectors, assuming unit-lengths.

CMU 11-667 Fall 2



Position Encoding: Rotational Position Embedding

How to make the rotation only depend on relative positions?

Attention score(;,k;) = g(7;, ki —J)

A N\ A
| N\
pd k \
& - >
Attention score roughly as cosine of the Rotating vectors together for the same
vectors, assuming unit-lengths. disagrees based on positions changes

CMU 11-667 Fall 2



Position Encoding: Rotational Position Embedding

How to make the rotation only depend on relative positions?

Attention score(;,k;) = g(7;, ki —J)

k ~ \\
o7 k \
Z f
> ) = =) >
Attention score roughly as cosine of the Rotating vectors together for the same Position based prior holds the same at
vectors, assuming unit-lengths. disagrees based on positions changes new absolute positions




Position Encoding: Rotational Position Embedding

Incorporate the vector rotation in the attention mechanism (2d space) [11]:

0 —sinjoy 4) 6 —sinig) ki ~
fala) = (509 oIy Rtk = (e S””)(;2) 6 = (1/100002(-1/d)

sinjf  cosj@ qJ? sini@ cosif / 'k
| ik | Kk
i0
\ '% Ry
Rotate q by jo Rotate k by i@

7 . s y—
: 77 s e, = 7
LI I I = I I AT T T 7
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Position Encoding: Rotational Position Embedding

Incorporate the vector rotation in the attention mechanism (2d space) [11]:

1 . . 1
0 —sinjo\ 4j 6 —sinif\ ki .
fi() = (COS] sin j )(QJ fo(ky) = (COSI. sin i )(kZz) 6, = (1/1000020-D/d)

sinjf  cosj@ qf sini@ cosif
[ fik Kk f(k !
i0
\ ? Ry ~
Rotate q by jé Rotate k by i@ Attention only depends on i —j

177 I %
LA AT IIE =TI I I TS 7
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Position Encoding: Rotational Position Embedding

Incorporate the vector rotation in the attention mechanism (2d space) [11]:

L . . 1
0 —sinjo\ 4j 6 —sinif\ ki .
fi() = (COS] sin j )(QJ fo(ky) = (COSL sin i )(kZz) 6, = (1/1000020-D/d)

sinjf  cosj@ qJ? sini@ cosif
[ fik Kk f(k !
i0
\ ? Ry ~
Rotate q by jo Rotate k by i@ Attention only depends on i —j

Attention score by the dot prod of rotated vectors:

sinjé  cosj6@

k2

sini@ cosif :

1\T . T . . 1
L — — k;

Attention score( jrki) = fa (q,-) i (k) = (Zé) (COSJH sm]0) (cos i —sin 10) iy
J

117777777 A7,
LI T I eI I AT T 7
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Position Encoding: Rotational Position Embedding

Full form in the high dimensional space [11]:

1 Partition dimensions
0 ("3)| into pairs and do the 2d
x

(cos 160y —sin iel)
L rotation on each pair

sinif; cosibf,

fq,k(xi) =

0 cosify/, —siniby x4/?
l
sinifg/,  cosify/ xd/z)
i

With different wavelet lengths: 8, = (1/10000%(~1/a)

CMU 1




Position Encoding: Rotational Position Embedding

Full form in the high dimensional space [11]:

1 Partition dimensions
0 ("3)| into pairs and do the 2d
x}' rotation on each pair

cos ifg/, —sinify; x4/?
L

sinifg/,  cosify/ xd/z)
i

(cos 16, —sin i91)
sinif; cosib,

fq,k(xi) =

With different wavelet lengths: 8, = (1/10000%(~1/a)

Rooted in the sinusoid absolute position embedding, but does multiplication (rotation):

X' =X+ Ppos Ppos.2i = Sin(pos/100002/4)
Ppos2i+1 = €05 (pos/100002/4)

“We chose this function because we hypothesized it would allow the model
to easily learn to attend by relative positions”---Transformer Paper

CMU




Position Encoding: Rotational Position Embedding

Putting it all together:

]
| m [ |
] ) X' |

Cconstant 2
: ™ :
|
: [ 1] X3 1 :
(X1, X3) i
' v > . S O '
: e X 1 X]- Position Encoded Qt K :
| |
| | |
e N e e ,Z ........ :
Enhanced | RS - -- (Bl B (W W o
Transformer | | [ [ [eee [ [ [ 1] 2 R - - - kel
witn [N --- (DI 3 — (W W L L) B B W
O e R 1 [R O -+
Position [ T T [ Jeee[ T T T7] LI T T d--LILITT]
Embedding | | | [ [eec[ | [ ]| 6 (9 S o e
Query / Key Position Position Encoded Query / Key

RoPE Embedding [11]

CMU 11-667 Fall




Position Encoding: Rotational Position Embedding

Performance with RoPE

valid_loss loss
= performer without rotary = performer without rotary
= performer with rotary = performer with rotary
2
2
Step Step
1k 2k 3k 4k 5k 6k 7k 8k 9k10k 1k 2k 3k 4k 5k 6k Tk 8k 9ki0k

https://blog.eleuther.ai/rotary-embeddings/




L LaMA3's Choice

Output
Probabilities

Add & Norm

e

» Feed Forward: SwiGLU

Forward

Add & Norm  Je=
Multi-Head

Attention

Add & Norm

» Attention: Grouped-Query Attention

Nx

i

Masked
Multi-Head
Attention

At
—__ ——

Output
Embedding

!

Qutputs
(shifted right)

» | ayer Norm: Pre-Layernorm with RMSNorm

@-®-E%i§qﬂ%' Positional Encoding: RoPE
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