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Input Embeddings

For a sentence with
tokens x,.xs. ... 2,
each token is
embedded into a
vector of dimension

‘!Irl.l.' wlel

Attention(Q, K, V') = softmax (

Linear Projections

Project each
embedding to create
queries, keys, and

values:
Q=XWY
K=Xwh
V=XW"

Attention Scores

Compute attention
scores with scaling to
prevent vanishing

gradients:

S
V;

QK™
Vdj,

)v

Attention Weights
Apply softmax to get

attention weights:

A = softmax(S)

Weighted Values

Compute weighted
sum of values:

4 =AV
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MultiHead(Q, K,V) = Concat(heady, ..., head,)W° Concat

i

where head; = Attention(QmQ, KWE, VWY) [_I_ I I )
Scaled Dot-Product
. h
Where: Attention

o WZ WK WYV: Linear projections for queries, keys, and values

e  WO: Output projection matrix
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Input embedding

Original sentence
itokens)
Input IDs (position in

the vocabulary)

Embedding
ivector of siza 512)

We define d__ .., = 512, which represents the size of the embedding vector of each word
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Positional encoding

Original sentence

Embedding
ivector of size 512)

Position Embedding
ivector of size 5312).
Only computed once
and reused for every
sentence during
training and inferenca.

Encoder Input
ivector of size 512)

.l.+- I

.I.+. I
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Positional encoding

Sentence 1
0s
PE(pos,2i) = sin P T
10000%modet
0S
PE(pos,2i + 1) = cos B .

100009model Santance 2

We only need to compute the positional encodings once and
then reuse them for every sentence, no matter if it is training or
inference.
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Self-Attention

Self-Attention allows the model to relate words to each other.

In this simple case we consider the sequence length seq = 6 and d

The matrices Q, K and V are just the input sentence.

Q ¥ KT

softmax
{5 512) (512, &)

v512

* for simplicity | considered only one head, which makes d ;4. = d..

a=d,=512.
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* all walues are random.
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Self-Attention

0.24E
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(4, &)

Q143

ons?

LIREE!

LR [k}

2119

A5

2145
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174

v

(6, 512)

. QKT
Attention(, K, V) = softmax ¥V

Attention

(6, 512)

/.

Each row im this matrix capturas nat only the
meaning (given by the embedding) ar the positicn
in the sentence (representad by the positional
encodings) but also each word’s interaction with
other words.
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Multi-head Attention P
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| T et
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are computed from Positional 3 Positional
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Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

T

— o\ yrrie / Decoder-encoder attention:
(—~(oas om)

target token looks at the source
queries - from decoder states; keys
and values from encoder states

T

Decoder self-attention (masked):
tokens look at the previous tokens
queries, keys, values are computed

from decoder states

Pl{
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Key Concepts

* Number of Query Heads (H,): The total number of distinct query projections.

 Number of Key/Value Heads (H},): The number of shared Key and Value projections, where Hy, < H,.

* Group Size (G): The number of query heads that share a single Key and Value head, calculated as G = H,/Hj,.
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Attention(Qr, , K, , Vi, ) = softmax Vi,
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Next Token Prediction Task: Inference

Output Love

Inference

T=1

Input [SOS]
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Next Token Prediction Task: Inference

Output Love that

Inference

T=2

Input [SOS] Love
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Next Token Prediction Task: Inference

Output Love that can quickly seize the gentle heart [EOS]

Inference
T=9

Input [SOS] Love that can quickly seize the gentle heart
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TOKEM 7

(7, 4098) (4098, 7)

) .S,

QK"

V Attention
TOKEM 1 ATTEMNTION 1
TOEEN 2 ATTENTION 2
TOEEM 3 ATTENTION 3

o X TOKEN 4 o ATTENTION 4
TOKEM & ATTENTION 5
TOEEM & ATTENTION &
TOKEM 7 ATTENTION 7
TOKEMN B ATTENTION B
TOEEMN % ATTENTION 9
(9, 4094) (9, 4096)
QK o

Attention(Q, K,V) = softmax

(9,9) Jx

4
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| TOKEM 1 |
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(1, 4094) (4094, 1)

Inference

T=1

(1,1

.S,

T

a3

|74 Attention
| TOEEM 1 | I ATTENTION 1 I
(1, 40%4) (1, 40%4)

T

Attention(Q, K, V) = softmax (Q

Jax

K)V

42



Njizd \po d3' @, , °

TOKEMN 1
TOKEN 2
(2, 4094)
Inference
T=2

—zm=ao-

Rz m= o -

(4094, 2)

Az 9P 7 AU 0@

QK"
V Attention
TOKEM 1 ATTENTION 1
TOEEM 2 ATTENTIOM 2
X —
2, 4096) (2, 40946)
. QK"
Attention(Q, K, V) = softmax v
(2,2) Jdi

h = 4
LI |

AU
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Q

TOKEM 1

TOKEN 2

TOKEM 3

(3, 4094)

Inference

T=3

—zmmoA

RZEm®o -

wZzm®EQoA

(4094, 3)

QK"

(3, 3)

Az 3P

V

A

TOKEM 1

TOKEN 2

TOKEM 3

(3, 40%4)

K
Attention(Q, K, V) = softmax (Q

AU O

Attention

ATTEMTION 1

ATTENTIOM 2

ATTEMTION 2

(3, 4094)

alk

h = 4
LI |

AU
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TOKEMN

TOKEM 2

K’T

TOKEM 3

TOKEM 4

(4, 4096)

Inference

T=4
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Rz Mmoo -
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MmO

(4096, 4)

<

Az 3P

QK"

(4, 4)

|4

A

TOKEM 1

TOKEM 2

TOKEM 3

TOKEM 4

4, 4094)

Attention(Q, K,V) = softmax

AU O

Attention

ATTENTIONM 1

ATTEMNTION 2

ATTENTION 3

ATTEMNTION 4

(4, 4098)

QK"

Jax

/4

h = 4
LI |
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45

<



Njisd \p o o8 @, .~ A3 P, " 1 AUBIOp A

1. We already computed these dot products 2. Since the model is causal, we don't care about the attention
In the previous steps. Can we cache them? of a token with its successors, but only with the tokens before it.

3. We don't care about these, as we want to predict the
next token and we already predicted the previous ones.

Q KT /4 \_ Attention
|

TOKEN 1 TOKEN 1 A

TOKEM 2 T|T(T]T TOKEN 2 A

TOKEM 3 E E E ? TOKEN 2 A

TOKEM 4 E|E| E| E TOKEN 4 ATTENTION 4

X Ml M| M N - X -
11 2] 3| 4
4. We are only interested
In this last row!
(4, 4096) (4096, 4) (4, 4096) (4, 4094)

KT
Attention(Q, K,V) = softmax Q

Inference 4, 4) Jdi
T=4

46
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Q
| TOKEM 1
(1, 4094)
Inference
T=1

—lZI_|7T.|:|—||

(4094, 1)

QK"

(1.1

IV Attention
| TOEEM 1 | I ATTENTHION 1 |
(1, 40%4) (1, 4094)

. QK"
Attention(Q, K, V) = softmax V
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QK"
Q KT -' v Attention
| TOKEN 2 | TOKEM 1 | ATTENTION 2 |
T| T TOKEM 2
o] O
K| K
E| E
X |n|n = X =
11 2
(1, 4094) (4096, 2) (2, 4098) (1, 4096)
. QK"
Attention(Q, K,V) = softmax 4
Inference (1,2) Jdg

T=2
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| TOKEM 3

(1, 4096)

Inference

T=3

=Fm=xO=A

Rz Mmoo -

wZzm&AO -

(4096, 3)

QK"

(1. 3)

V Attention
TOKEEM 1 | ATTENTION 3 |
TOEEN 2
TOEEM 3

(3, 4094) (1, 4094)

KT
Attention(Q, K,V) = softmax (Q )V

Jax
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QK"
Q KT SRR Vv Attention
| TOKEN 4 | TOKEM 1 | ATTENTION 4 |
TIT|T|T TOEEM 2
E E E E TOKEMN 3
X E| E| E] E _ X TOEEM 4 .
Ml M| N N = —
11 2| 3| 4
(1, 4096) (4096, 4) (4, 4096) (1, 4096)
. QK"
Attention(Q, K, V) = softmax 4
Inference (1,4 Jdi

T=4
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Multi -Head Attention Grouped Multi -Query Attention Multi -Query Attention
milc RNDG Whue ¢ G Ra! W ml WRYYT WARYAGI YORY DWH s 1J31J WillweaYd ¢ ROR UWLEnE T¢ L
MW YUl GeqcaqRYUcGO! Wt GYs MWO YU GeqgqcaqRYUCcHT
Multi-head Grouped-query Multi-query
Values

- Juoubbid g U b 0 i
(10000000 00BO000D  DOODDoan

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.

Joshua Ainslie et al. GQA. Training Generalized Mu@uery Transformer Models from MultHead
Checkpoints hitps.//arxiv.org/abs/2305.13245 54
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Figure 1: End-to-end time consumption. The output token
length is 50. TranSQL™ shows 10x faster end-to-end (Prefill &
Decoding) performance than production-ready frameworks.
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Grouped-query
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Number of attention heads =32

So, per head dimension 4096+ 32=128
Forkeys (K)

Where eachw N T

Forvalues (V):
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Benefit: avoid redundantcomputation at inference time
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