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DL Inference

• Paged Attention

Objective: Learn why KV cache is important for LLM inference and 
how to manage KV cache efficiently

Today
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Serving LLMs is Expensive
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• A ton of GPUs are required for 
production scale LLM services

• Nevertheless, each GPU only serve 
a handful of requests per second
• For LLaMA-13B and moderate-size 

inputs, 1 A100 process < 1 request 
per second



Throughput Improvement from Continuous Batching

https://www.anyscale.com/blog/continuous-batching-llm-inference



KV Cache

5



Self-Attention
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Self-Attention
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Naïve Self-Attention
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Naïve Self-Attention
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Naïve Self-Attention
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Naïve Self-Attention
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Naïve Self-Attention
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Question: Issue 
with naive 
attention? 

output



Self-Attention with KV Cache
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Self-Attention with KV Cache
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Self-Attention with KV Cache
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Self-Attention with KV Cache
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Self-Attention with KV Cache
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Question: Time 
and memory 
complexity 
without and 
with cache?

output

S: sequence length
H: model embedding size

output



Self-Attention with KV Cache
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O(S2H) Time

output

output

S: sequence length
H: model embedding size



Self-Attention with KV Cache
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O(S2H) Time

output

output

S: sequence length
H: model embedding size

O(SH)Time

O(SH) Memory



Inference Challenge: Large Memory Increases Cost

• KV cache
• Sequence length

• # Hidden

• # Layers

• Batch size

LLaMA-13B on A100 40 GB
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Inference Challenge: Large Memory Increases Cost

LLaMA-13B on A100 40 GB
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How about we allocate some 
contiguous memory per request: 
max-seq-len * hidden-dim * num-
layers?

• KV cache
• Sequence length

• # Hidden

• # Layers

• Batch size



Motivation: Memory Waste in KV Cache
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Motivation: Memory Waste in KV Cache
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Question: Where is memory being wasted?



Motivation: Memory Waste in KV Cache
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Motivation: Memory Waste in KV Cache
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Motivation: Memory Waste in KV Cache

26



Motivation: Memory Waste in KV Cache
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• Only 20-40% of KV cache is used to store the actual token states



vLLM: Efficient Memory Management using PagedAttention
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• PagedAttention algorithm allows for 
storing attention key-value pairs in 
non-contiguous blocks in the memory

• Each KV block is a fixed-size 
contiguous chunk of memory  that 
stores KV cache from left to right

• Attention for each new token is 
computed across all tokens in the 
non-contiguous KV block
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vLLM: Efficient Memory Management using PagedAttention
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• PagedAttention algorithm allows for 
storing attention key-value pairs in 
non-contiguous blocks in the memory

• Each KV block is a fixed-size 
contiguous chunk of memory  that 
stores KV cache from left to right

• Attention for each new token is 
computed across all tokens in the 
non-contiguous KV block



Block Table For Managing KV Cache Blocks
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Memory Efficiency of PagedAttention
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• Minimal internal fragmentation

• # of wasted tokens per sequence < block size

• No external fragmentation



Memory Efficiency of PagedAttention
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• Minimal internal fragmentation

• # of wasted tokens per sequence < block size

• No external fragmentation



vLLM Performance with Basic Generation
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Handling Multiple Requests
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Application to Other Decoding Scenarios
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E.g.

- Parallel sampling

- Beam search

…



Parallel Sampling
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Parallel Sampling with PagedAttention
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• Dynamic block mapping enables sharing of KV blocks

• Reference count keeps track of the number of logical KV blocks that are mapped to 
each physical KV block



Parallel Sampling with PagedAttention
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• At the generation phase, copy-on-write copies info to a newly allocated 
physical KV block when reference count > 1



Parallel Sampling with PagedAttention
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• At the generation phase, copy-on-write copies info to a newly allocated 
physical KV block when reference count > 1



Parallel Sampling with PagedAttention
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Parallel Sampling with PagedAttention
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Beam Search
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Beam Search with PagedAttention

44



Beam Search with PagedAttention
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Limitations?
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Main Takeaways

47

• Reduces memory fragmentation with paging

• Reduces memory usage with KV block sharing

• Enables batching of more requests, increasing the throughput of LLM 
inference



G R A I N G E R  E N G I N E E R I N GC O M P U T E R  S C I E N C E

Questions?

48
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