Session 5

Quantizing KV-Cache



Today’s focus: Attention
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Today’s focus: Attention

Text Task
Prediction | Classifier

— High level intuition: adjusts token embeddings to
1 account for context clues from earlier text.
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Background: Attention
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Background: Attention
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Background: Attention n>>d
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Background: Next-token generation
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Add new token to the context and repeat!

4, [Today’s] {REFORM} [presentation} [ iS} "




Background: Next-token generation

“ [quantization} "
X What does the new attention computation look like?
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Background: Next-token generation

Much of these matrices overlap with last step.
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Naive: recompute K = T1:n+1 Wy, etc.
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Background: Next-token generation

Much of these matrices overlap with last step.
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Next Token Generation: Details!

Attention scores: ay = Attention(q t K1t Ul:t)

softmax(qik,., )v1.

Next-token probabilities: Pr( Xyl = w| xl:t) o e tWoWuew

The distribution of n-th token depends on

a single query vector butln key vectors and n value vectors

KV-cache



Context Lengths n are Growing

Evolution of LLM Context Window Sizes (2018-2025)
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Compressing KV-Cache
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Compressing KV-Cache

Goal: Find a compression function f
f:R* — {0,1} B
such that for “most” keys k and values v, it holds that

f(k) =~k and f(v)=v




Examples of Compression for Images




Compressing KV-Cache

Goal: Given distributions D and D _, find function f
f:R* — {0,1} B

that minimizes fer“most—keyskandvaluesvitholdst" -

Eron IfK)—Kl, and E, 5 [f(0) 0

YATA
TSSOl

) i\ 3
methodsg theory

&




Compressing KV-Cache: Example

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

fx(@) fx()
1 -0.982 0 0.982
0.4 041 ' '
0.3 1 0.3+
0.2 1 0.2
0.11 0.1
0.0 +— 3 —> T 0.0 > T
o . A . 4 :
-0.798 0.798 -1.510 -0.453 0.453 1.510
Optimal quantization for B=1 Optimal quantization for B=2



TurboQuant: Online Vector Quantization with Near-optimal
Distortion Rate

... and other works
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Hidden dimension d = 4096

First, convert a vector v = (01,02,03, - ,Ud) to v = {||v||, (v/|v|: i)lgign}

Then, quantize the magnitude and the direction separately

To quantize the direction, apply a random rotation I1

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

Use “optimal function” to quantize v



Results: Computational Speedup
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Results: Performance Degradation

Method KV Size SingleQA MultiQA Summarization Few shot Synthetic Code Average
Llama-3.1-8B-Instruct

Full Cache 16 45.29 45.16 26.55 68.38 59.54 46.28 50.06

KIVI 3 43.38 37.99 27.16 68.38 59.50 44.68 48.50

KIVI 5 45.04 45.70 26.47 68.57 59.55 46.41 50.16

PolarQuant 3.9 45.18 44.48 26.23 68.25 60.07 45.24 49.78

TURBOQUANT (ours) 2.5 44.16 44.96 24.80 68.01 59.65 45.76 49.44

TURBOQUANT (ours) 3.5 45.01 45.31 26.00 68.63 59.95 46.17 50.06
Ministral-7B-Instruct

Full Cache 16 47.53 49.06 26.09 66.83 53.50 47.90 49.89

TURBOQUANT (ours) 2.5 48.38 49.22 24.91 66.69 53.17 46.83 49.62

Table 1: LongBench-V1 [10] results of various KV cache compression methods on Llama-3.1-8B-
Instruct.



Future Directions

Is L2 norm the right objective? Which other properties to preserve?
Should the quantization scheme «adapf to the model’s weights?

Can we combine quantization schemes with error correction?



