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Why VLLM is awesome!!

Paged Attention
Optimized K-V Caching
e Optimized CUDA kernels

Speculative Decoding

e Chunked Prefill and many more



Paged Attention

An attention algorithm that allows for storing continuous
keys and values in non-contiguous memory space.
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10k feet view of the system

What are the core components of the system?

- Tokenizer

- LLM Engine

- KV cache manager
-  Worker

- Scheduler

- Model executor....

- .. Let’s SEE in detail
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[Enlrypnh\ts (AP server, offline inference, cuﬂ

Client Responses: Requests
"Hiy my name is John"
“Today is...perfect”

“Hello there friend”

Requests_in

LLM engine

Example Requests:

prompts = [
“Hi, my name is’,

“Hello there”,

Requests_out

“Today is a beautiful summer day’,
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Worker 2 Input processor
Custom CLOA - Tokenization: prompts +
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Request 2:

execute_nodel token_ids=[1,12,13],
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Output processor

Model outputs sampled tokens:
[14, 15, 16] for the 3
sequences

Detokenization:

* Token 14 » " John"
(appends to "Hi, my name is")
- Token 15 » * perfect"
(appends to "Today is a
beautiful summer day®)

* Token 16 » " friend"
(appends to "Hello there")

Final RequestOutputs ready for
return to client
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KV Cache Memory Layout
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Block operations during execution:
* copy_blocks: GPU — GPU for sequence continuation
* swap_blocks: GPU « CPU for memory management
* reshape_and_cache: Store computed KVs in paged format
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Let’s see some Advanced features

Chunked Prefill

Prefix Caching

Guided decoding (FSM)
Disaggregated PD

and more...



Chunked Prefill

Chunked Prefill is a
technique for handling long
prompts by splitting their
prefill step into smaller
chunks

Examp|e:

long_prefill_token_threshold = 8 toks
block_size = 4 toks
prompt_token_ids = [1,2,3,4,5,6,7,8,9,10,1112,13,14,15,16,17,12]

1st fwd pass

LM

¥
11213]4|5]|6 b1
i GPU

KV cache eageol memory
after 1st fwd pass 2 blocks contain KVs (8 tokens)

- T
blk 1 blk 2 blk 3 ‘ blk 4
4 4 4
.
blk 5 blk 6 blk 7 blk 8
\ 4 4
2nd fwd pass
LM
afo|n|12{13]1415|16 GPU

after 2nd fwd pass 4 blocks contain KVs (16 tokens)

r v
blk 2 J blk 3 blk 4 }
4

blk 1

=

<

blk 5 blk 6

blk 7 blk 8 1

)

\* A

10



Prefix Caching

Prefix Caching avoids
recomputing tokens
that multiple prompts
share at the beginning
- hence prefix.
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Guided Decoding

Guided Decoding is a
technique where, at
each decoding step, the
logits are constrained
by a grammar-based
finite state machine.

Example:

let's say we have 8 bit integers,

and our vocab size is a|so/3/- __this is an efficient

le wewm representation
example .

_grammar_bit mask
=00800000

we tixpcmo'. to an array
with € elements

0naanoao

values in the expanded
logits | 323 | 1.22 | 0.02 | 033 | 229 | 2.2 | 15 |-203| grammar bitmask tell us
which logits will be set to -Inf!
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Disaggregated PD

Prefill and decode have very
different performance
profiles (compute-bound vs.
memory-bandwidth-bound),
so separating their execution
is a sensible design. It gives
tighter control over latency —
both TFTT
(fime-to-first-token) and ITL
(inter-token latency
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Decode instance [~
(cudail)

step4:

decode instance reuses KVs

from the Prep‘“ instance

and computes (Paged attn) the next token
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THANK YOU
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