
after reviewing the fundamentals

LLM this note dives keep into some

of the more specific

knowledge gaps regarding (LMs

Edge

as for each (17+ 1)
*

token the model uses K previous rectors , regarding the unidirectional limitation of

paper argues for some challenging tokens , K + M vectors autoregressive models (referred on my notes about

might be needed. hallucination) , this paper proposes a forward

and a backward models that agree on a

even though this works , it's not known why : ))
token in the middle. This is great for infill

by appending dummy tokens to the input sequence , thegeneration of
tasks where you don't generate text from scratch.

tokens is Delayed.

bidirectional models while better for infilling
during pre-training tasks, are less capable of in-context learning.

<pauses inserted regularizer to agree on

at random an y training loss : same token
the associated

output is ignored
for calculating
the loss function. during inference , both the forward and

backward models generate sequences until

they meet in the middle . In the best case

they produce the same tokens. To

the pause tokens don't give the model more "time" to avoid false positive (both agreeing on

think ,
but rather more computation to work with pause

"the") n-gram
is used and not just

tokens manipulate the model to do more computation than a single token.

it normally does.

Note
,
that more tokens don't cause more activations or using more

"nodes"
,
The computational flow in the paper means that more tokens

provide more context or hidden vectors (token embeddings)



Infinite Context Window
how does demini manage a one million (w? WhyStore K&V in

the memory
?

The K are important to finding the relevant

↓ to a R ·

Without a K ,
the model

would not be able to retrieve.

introduces memory of past context Similar to how

RNNs work .

there is nothing directly learnable about

the memory matrix

Recap
the previous 1 and Vs are stored in a

un matrix like [KIV]
now each Q, is compared to the Ks

an overview of how by dot product (or something) and

self-attention works through the resulting attention

- weights , related vs are returned.

This is actually a weighted sun

of provious Us .

a piece of memory

(Anem) is retrievedThis could be key
from the memory matrix

M . Sis a non-linactivation to Gemini's 1M

Once a memory is retrieved
, the new memory is Context Window !

updated with new K and V . If the new info already
so the CW isn't 1M in reality , but

exists ,
no update is required & through a memory function ,

it effectively

& stores the previous a m tokens

the retrieved memory and the new Agor are

aggregated through a learnable & weight.



ROPE
Rotary Positional Encoding
So what is wrong with the original sinusoidal PE?

It's cheatic ! The model has to memorize all the PES
rather than figure out a pattern.

Sinusoidal is an absolute PE, meaning that

Position 1 vs . 87 have different PE relations

than 2 vs. 88 .

with relative Positional embeddings the PE between

two tokens of relatively same positions is the same .

the ROPE method uses

rotations to encode the

position of each token.

Also, the relativity
between tokens
of same distance

is preserved.

the formula breaks the dims to chunks of two dimension(
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let's see the practical difference of ROPEVS Sinusoidal .

The cose is in

my repo of "ml-retreat",

now we can see clearly that sinusoidal puts more emphasis on nearby tokens while ROPE

captures long-ranged dependencies.Why? The Sinusoidal , being an absolute PE

method assigns a PE score to tokens based on their positions. It puts more

emphasis on closer tokens because it understands local context where the

absolute positional difference is large enough . ROPE has the main idea to capture

how far tokens are from each other rather than their specific absolute positions .

There's a big -
Sens : Token Emb + PosEmb & ROPE doesn't directly modify token embs

difference in ② because of that,
the F is not modified

how they're applierX ROPE: Rotated G . Rotated 1

B ROPE is based on a RotationTransformation on the 2
,
K . so regardless of position.

the positional Encoding does not decry. The transformation also does not change

size of the token embeddings . Unlike Sinusoidal , RoPE doesn't mess with the embeddings.

my
the motel at this

name learns that point
my is each at nothing

John is John degree nothing point↑ &- relates
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KV Cache Mixture of Experts

(MoE) we have multiple
smaller models each

expert 1 expert in a set of

Inut tasks
1.. 2

Also theGating function
& 13 choosing the expert for

each in put

* it's not an entirely novel idea

during the process of calculating attention scores , many
operations are repeated . KV cache stores some

intermediate values and eliminate the need to perform

every calculations again.

optimizations
the output is a weighted sum

K = We . X is optimized as the K of previous tokens of all expert outputs. If G(u) is

is stored and concatenated to new 17. sparse , only one orfew experts are

knew = Wi . Y
new &(n) takes input , applies a

needed for computation.

K = concat( Keach > Knew simple classification via a FFlayer,
-

Select theTopi logits and applies normal feed forward
Softmax to normalize. layer

V= W . X is optimized the same way

new = Wr . new

V is Yach and
new

Concated

Scaled bot Product is performed for the new
it can outperform vanilla models of bigger size.

token only.

Attention Score = new x 1) T the assignment to experts is per token not input

Cach new meaning that a sequence could be handed over

multiple experts.

Also , the authors didn't notice any patterns of

expert assignments on a topic.

This wraps

ag
Ede


