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Project last stretch
• All students:

• Submit a 10-14 minute video presentation on your project. These are due Monday, April 20 at 
11:59 PM, no exceptions.

• Write a project report. These are due Thursday, April 30 at 11:59 PM. The usual late penalty 
applies.

• Complete participation activities in class on Tuesday, April 21 and Thursday, April 23. Rather than 
PollEverywhere, participation will involve you submitting feedback for 2+ other projects one ach 
of the data.

• Applied track: demo session on Tuesday, April 21. This will be in this classroom.
• Present a live demo to your classmates and instructors.

• Research track: spotlight talks on Thursday, April 23
• ~6 projects will be selected to give live talks to the class.
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Deployment



So you’ve finetuned a model, and want 
to build an app that makes inference 
calls to it. What do you do?



A naive solution
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A naive solution

 ★ What makes this solution bad for a real-world deployment?



What makes the solution bad for a real-world deployment?

A. ✅ If two users were to ask for generations at the same time, the second will have to 
wait until generation finishes for the first.

B. Reducing the model’s precision from float32 (the default) to float16 will severely hurt 
performance.

C. Tokenization is happening on the CPU rather than on the GPU.
D. ✅ The default batching behavior of model.generate is very inefficient since it 

doesn’t batch queries together. 
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★ What traits do we want from a real-world LLM deployment?
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★ What traits do we want from a real-world LLM deployment?

• Efficient continuous batching of users queries
• Rate limiting and user authentication
• Robustness to adversarial attacks
• Dynamic scaling up to handle utilization surges
• Whatever we can do to make models small and inference fast (without sacrificing 

quality)
• Efficient decoding algorithms
• Optimized attention kernels
• Quantization
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An alternative solution with vLLM
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What does vLLM handle for you?

• State-of-the-art serving throughput
• Efficient management of attention key and value memory with PagedAttention
• Continuous batching of incoming requests, chunked prefill, prefix caching
• Fast and flexible model execution with piecewise and full CUDA/HIP graphs
• Quantization: FP8, MXFP8/MXFP4, NVFP4, INT8, INT4, GPTQ/AWQ, GGUF, compressed-tensors, 

ModelOpt, TorchAO, and more
• Optimized attention kernels including FlashAttention, FlashInfer, TRTLLM-GEN, FlashMLA, and Triton
• Optimized GEMM/MoE kernels for various precisions using CUTLASS, TRTLLM-GEN, CuTeDSL
• Speculative decoding including n-gram, suffix, EAGLE, DFlash
• Automatic kernel generation and graph-level transformations using torch.compile
• Disaggregated prefill, decode, and encode

https://github.com/vllm-project/vllm



An even simpler version

• This gives you an OpenAI-style API
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Let’s go into more detail on some of these 
traits we want for efficient deployment.
• More efficient attention
• Quantization
• Prefix caching
• Clever batching
• Efficient decoding algorithms
• Multi-GPU parallelism

(all of these are handled for you by libraries like vLLM)
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More efficient attention

• 2023 work 

•  LLaMA 1: February 2023
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Main Motivation: Memory



Main Motivation: Memory



Main Motivation: Memory



Without paging With paging

Req A

Req B

Req C

unused but still reserved

common block pool

Paged Attention 
Improve memory usage



Quantization

• Most language models are trained with 
32-bit floating point precision

• One easy way to halve the model size is 
to quantize down to 16-bit precision

• Some information is lost since multiple 
32-bit numbers may map to the same 16-
bit one

Badshah & Sajjad. “Quantifying the Capabilities of LLMs across Scale and Precision’ 2024.



Prefix caching

https://developers.openai.com/api/docs/guides/prompt-caching



Prefix caching

https://developers.openai.com/api/docs/guides/prompt-caching



Prefix caching

https://llm-d.ai/blog/kvcache-wins-you-can-see



Prefix caching

https://llm-d.ai/blog/kvcache-wins-you-can-see



Continuous Batching
Clever batching

• High-level goal:
• maximize GPU utilization—-every token position in the inputs batch performs useful 

computation

• When a request finishes generating its current token, the scheduler can immediately 
insert a new request into the vacant slot.

• HuggingFace blog post below is excellent if you want to learn more.

https://huggingface.co/blog/continuous_batching



Static v.s. Continuous batching
Paged Attention

https://insujang.github.io/2024-01-07/llm-inference-continuous-batching-and-pagedattention/



e.g. speculative decoding (beta)
Efficient decoding algorithms

https://developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/



e.g. speculative decoding (beta)
Efficient decoding algorithms

https://developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/



data parallelism
Multi-GPU parallelism
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pipeline parallelism
Multi-GPU parallelism
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pipeline parallelism
Multi-GPU parallelism

Proposed solutions: GPipe, PipeFill, etc. see https://arxiv.org/abs/2401.10241 

https://arxiv.org/abs/2401.10241


tensor parallelism
Multi-GPU parallelism
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Metrics we care about

• When prefilling: 

• Measured by Time to first token (TTFT) 

• Cache hit rate 

• When decoding 

• Runs one step per generated token. 

• Reads the growing KV cache every step. 

• Measured by inter token latency (ITL), the delay between each new token

Prefill N tokens N+1 N+2 N+3 N+4 N+5 N+6



Things to look out for

• max_num_seqs  and max_num_batched_tokens: 
• balancing Prefill (TTFT) and Decode (ITL) latency
• Larger batch means more concurrency, more throughput, and less queuing, but increases ITL.

• tensor_parallel_size and pipeline_parallel_size
• Reducing the average model weight memory use per gpu, so as to have more KV cache
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Other optimizations
vLLM

• Chunked Prefill (beta) 

• Cross-gpu workers dispatch 

• Fine-grained quantization support / CUDA kernel / etc



Last advice for developing LLM applications
• How would you describe your task?

• Think about: simplicity, modularity, scale, efficiency 

• How do you plan to measure whether an LLM works for your application?
• Think about: offline metrics, online metrics, instrumentation, telemetry 

• Now that you know how to measure “success,”  does an existing LLM succeed at your 
problem?
• Think about: prompt harness, latency, adversarial users

• If no, do you have the resources you need to build a custom LLM?
• Think about: training data, infrastructure for deployment 

• How do you expect to maintain your model in a changing world?
• Think about: interface changes, market differences, tool deprecation, users



Q & A


