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Previous Lecture




Today’s Lecture

KV-Cache recap
VLLM
DeepSeek Models

- MoE and MLA (mixture of experts & Multi-head
latent attention)




Inference Without KV Cac

Assume “Quick Brown Fox jumped over....”
T1t2t3t4 t5
Need to predict t6
| only need hidden state h5 of last layer to predict t6.

But that requires knowing the keys, values at every single
LIamaModeI

Layer!

KV-cache-input KV-cache-output

Decoder-D-1

LM_Head

Without KV cache

Every generation step recomputes the entire triangular matrix:

Q1 -» K1

Q2 -» K1 K2

Q3 -» K1 K2 K3

Q4 -» K1 K2 K3 K4
Q5 -» K1 K2 K3 K4 K5




KV Cache usage

token embedding (t_n)
!
tayer 1 K 1,K_2,....K_(n-1)

compute Q_n,K_n,V_n V1V _2,...V_(n-1)
attend to cached K,V —_— -

l
h_n~(1)

Current Cached Memory

layer 2
compute Q_n,K_n,V_n
attend to cached K,V
l
h_n"™(2)

KV-cache-input ecoder- KV-cache-output

layer L

h_n”~(L)
l
LM head -» predict next token




Inference With KV Cacl

Assume “Quick Brown Fox jumped over....”
TIt2t3t4t5
Need to predict t6
| only need hidden state h5 of last layer to predict t6.
But that requires knowing the keys, values at every single
Layer!

With KV cache

Only the new row is computed:

KV-cache-input ecoder- KV-cache-output

Q5 - K1 K2 K3 K4 K5




KV Cache compute exan

NPU i Self- Feedforward | . Self- Feedforward OUTRUT
Text tokens embeddings : attention network ! : attention network ! Text token

AUTOREGRESSIVE DECODING

KV-Cache Memory consumption:
#layers x #heads/layer x dim/head x seq length x bytes/parameter x 2

(one for K and one for V)
E.g. Llama3-70b model
MOdel ram Size at fp32 -> 70*4 bYteS (fp32 preCiSion) = 28OGB (OI’ 4 H1OO SOGB KV-cache-input KV-cache-output
ram GPUs)!

80 layers, 64 heads, 128 head dim, 8k hidden dimensions, 8k context window

Mem consumption = 80*64*128*8k*2*4 =




KV Cache compute example (Long C

NPU i Self- Feedforward | . Self- Feedforward OUTRUT
Text tokens embeddings : attention network ! : attention network ! Text token

AUTOREGRESSIVE DECODING

KV-Cache Memory consumption:
#layers x #heads/layer x dim/head x seq length x bytes/parameter x 2

(one for K and one for V)

E.g. Llama3-70b model
MOdel ram Size at fp32 -> 70*4 bYteS (fp32 preCiSion) = 28OGB (OI’ 4 H1OO SOGB KV-cache-input ecoder- KV-cache-output
ram GPUs)!

80 layers, 64 heads, 128 head dim, 8k hidden dimensions,

Mem consumption = 80*64*128*128k*2*4 =




KV Cache Efficien

NPU i Self- Feedforward | . Self- Feedforward OUTRUT
Text tokens embeddings : attention network ! : attention network ! Text token

AUTOREGRESSIVE DECODING

Assume “Quick Brown Fox jumped ....”
Tt213 14

Need to predict t5

Without KV-cache
Compute K1,K2,K3,K4 and V1V2,V3,V4 at each layer! And then finally with the last
hidden representation of token 4, h4 -> Pass into the LM_head to get the new
prediction t5

KV-cache-input KV-cache-output

K1...K3 and V1..V3 are already cached into memory for each of 64 layers of Llama3.
Just compute attention for 4th token in each layer. Get h4 -> Pass into LM_head
and get new prediction t5




Inference phase

NPU Token | Self- Feedforward 1 | | Self- Feedforward OUTPUT
Text tokens embeddings : attention network ! : attention network ! Text token

AUTOREGRESSIVE DECODING

Assume “Quick Brown Fox jumped ....”

LlamaModel

Tt2t3t4 [ EmbeddngLaver |

Need to predict t5

Pre-fill phase for KV-cache build KV-cache-input KV-cache-output
Compute K1,K2,K3,K4 and V1V2,V3,V4 at each layer by passing all tokens at once

Predict next token given K-V cache + add new Key, Value at each layer for the new
token and repeat




&

Parsing Inference Meti

NPU Token | Self- Feedforward 1 | | Self- Feedforward OUTPUT
Text tokens embeddings : attention network ! : attention network ! Text token

AUTOREGRESSIVE DECODING

Assume “Quick Brown Fox jumped ...."
T1t2t3t4

Need to predict t5

It's time to generate first token, which in this case is t5 (over) V-cacheinput V-cache-output

Time between successive tokens t5->t6, t6->t7, etc




Parsing Inference Metri

NPU Token | Self- Feedforward .+ . | Self- Feedforward . OUTPUT
Text tokens embeddings ' attention network ! ' attention network ! Text token

AUTOREGRESSIVE DECODING

Typical TTFT and Time-per-Token (Llama-3)

Typical TTFT (prompt ~100-
Model 500 tokens) Tokens/sec (generation) Time per token

KV-cache-input KV-cache-output

Llama-3-8B ~04-12s ~80 - 150 tok/s ~7 =12 ms

Llama-3-70B ~1.5-4s ~15 - 40 tok/s ~25 - 65 ms




Inference Pipelin

- Prompt -> Tokenization -> Transformer -> Next

Metric

TTFT

TPOT

Throughput

Latency

Token -> Repeat

Meaning

Time to First Token

Time Per Output Token

Tokens/sec across requests

End-to-end response time



LLM Serving



LLM Serving

KV-cache explosion. For lama3-8b - 1 request can consume 2GB
ram for 2000 token request. With 100 requests - peak KV-cache

memory can go to 200 GB




VLLM

vLLM is a high-throughput LLM inference engine that efficiently manages KV cache memory and

batching.

Key innovations:

Feature Purpose

PagedAttention Efficient KV memory management
Continuous batching GPU always busy

Fast scheduling High throughput

Prefix caching reuse prompt computation

Speculative decoding faster generation




Paged Attentior

Instead of contiguous memory:
Split KV cache into blocks/pages.

Example:

Page size = 16 tokens

Memory layout:

Pagel: tokens 1-16
Page2: tokens 17-32
Page3: tokens 33-48

Pages stored anywhere in GPU memory.
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Continuous Batch

Traditional batching:

Batch fixed requests together.

Batchl = 4 requests
walt until finished
Batch2 = next 4

Bad for latency.

vLLM: Continuous batching

Requests join and leave batch dynamically.

Example timeline:

Stepl:
Step2:
Step3:
Step4:

Batch constantly updated.




Prefix Cachi

\3
)

Many prompts share prefixes.

Example:

Userl:
Explain reinforcement learning

User2:
Explain reinforcement learning with examples

User3:
Explain reinforcement learning in robotics

Shared prefix:

Explain reinforcement learning

Instead of recomputing:

vLLM caches prefix KV.
New request reuses it.

Huge speedup.




Speculative Decodir

ldea:
Use a small draft model.
Example:

Small model predicts:

tokenl token2 token3 token4

Large model verifies.
If correct - accept all tokens.

Otherwise = recompute.

Benefit:

Large model runs less frequently.

Speed improvement.




