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Today’s focus: Attention 

High level intuition: adjusts token embeddings to 
account for context clues from earlier text. 

“…REFORM…machine 
learninglearning ”

“…school… learning ”



“   Today’s    REFORM    presentation    is   ”

Βackground: Attention 

Query: what words 
might be relevant to this 
token?

Key: Should a future 
token attend to this 
token?

Value: Direction to shift the 
embedding if future token 
attends to this token.
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Βackground: Attention 

Query: what words 
might be relevant to this 
token?

Key: Should a future 
token attend to this 
token?

Value: Direction to shift the 
embedding if future token 
attends to this token.

 Attention:

K^T ( d x n)Q ( n x d) V ( n x d)
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Βackground: Next-token generation

“   Today’s    REFORM    presentation    is   ”

“   about   ”

Add new token to the context and repeat!



Βackground: Next-token generation

“   Today’s    REFORM    presentation    is   about   ”

“   quantization   ”
What does the new attention computation look like?

K^T ( d x n + 1 ) V 
( n + 1 x d)

Q 
( n + 1 x d)
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Much of these matrices overlap with last step.

Naive: recompute                                    , etc. 
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Βackground: Next-token generation

“   Today’s    REFORM    presentation    is   about   ”

“   quantization   ”
Much of these matrices overlap with last step.

K ( n + 1 x d) V 
( n + 1 x d)

Q 
( n + 1 x d)

Naive: recompute                                    , etc. 

Cached: Store K, V from previous step, append

Cached from past rounds

Computed for token n+1:



Next Token Generation: Details!

Attention scores:

Next-token probabilities:

The distribution of n-th token depends on

a single query vector but n key vectors and n value vectors

KV-cache



Context Lengths n are Growing
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How do we reduce 
the memory footprint 
with large n?



Compressing KV-Cache



Compressing KV-Cache

Goal: Find a compression function f

 such that for “most” keys k and values v, it holds that



Examples of Compression for Images



Compressing KV-Cache

Goal: Given distributions Dk and Dv , find function f

 that minimizes for “most” keys k and values v, it holds that



Compressing KV-Cache: Example

Suppose x ~ N(0,1), then:

Optimal quantization for B=1 Optimal quantization for B=2



Recent Quantization Ideas

Hidden dimension d ≈ 4096

First, convert a vector        to  

Then, quantize the magnitude and the direction separately 

… and other works 

To quantize the direction, apply a random rotation Π 

> Regardless of v’s distribution, Π v has uniform distribution on sphere

Use “optimal function” to quantize v



Results: Computational Speedup



Results: Performance Degradation



Is L2 norm the right objective? Which other properties to preserve?

Should the quantization scheme adapt to the model’s weights?

Can we combine quantization schemes with error correction?

Future Directions


