
L16:  Systems for LLM Inference

COS 484

Spring 2026



Inference: KV caching

https://jax-ml.github.io/scaling-book/inference/



Inference: KV caching

https://jax-ml.github.io/scaling-book/inference/



Inference: KV caching

Slide credit: Dan Jurafsky



Inference Math

• Decoding is memory-bandwidth bound: Need to load Params + KV cache to memory


• Model bandwidth utilization (MBU) = No. of bytes loaded per sec / Theoretical mem bw 


• Typical MBU: 30-70%

gpt-fast, A100 (max 2TB/s):

gpt-fast: https://github.com/pytorch-labs/gpt-fast

https://github.com/pytorch-labs/gpt-fast


Hardware



Background: GPU Compute model



Roofline model



Throughput and Latency Tradeoffs

https://jax-ml.github.io/scaling-book/inference/



Reducing KV cache with Grouped 
Query Attention

Ainslie et al. GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints



Reducing KV cache with Local (Sliding Window) Attention

Mistral 7B. https://arxiv.org/abs/2310.06825

https://arxiv.org/abs/2310.06825


Sharing KVs across layers

Character AI. https://blog.character.ai/optimizing-ai-inference-at-character-ai/



Inference: Weight & KV Cache Quantization

• Reduce no. bytes loaded, at the cost of slightly lower model quality



Numerical Formats: Microscaling Low Precision

https://huggingface.co/blog/RakshitAralimatti/learn-ai-with-me



Numerical Formats: Low Precision and Quality

https://developer.nvidia.com/blog/introducing-nvfp4-for-efficient-and-accurate-low-precision-inference/



Inference: Challenge with KV cache 
memory management

• Pre-allocates contiguous memory to the request’s max length 

• Memory fragmentation: 
Internal fragmentation due to unknown output length 
External fragmentation due to non-uniform per-request max length

Kwon et al. Efficient Memory Management for Large Language Model Serving with PagedAttention



Inference: Memory management with 
Paged KV

Kwon et al. Efficient Memory Management for Large Language Model Serving with PagedAttention



Inference: Speculative Decoding

• Use a small Draft model to predict what the Target model will output


• Verify with Target model multiple tokens in parallel (  same cost as processing 1 
token)

≈

Leviathan et al. Fast Inference from Transformers via Speculative Decoding



Multi-token Prediction

Gloeckle et al. Better & Faster Large Language Models via Multi-token Prediction



Inference: How to Schedule Requests

Naive batching: prefill and generate

https://jax-ml.github.io/scaling-book/inference/



Inference: Interleaved batching

Prefill at batch=1 and generate at larger batch

https://jax-ml.github.io/scaling-book/inference/



Disaggregated Prefill & Generate (Decode)

Different chips to do prefill and generate

https://jax-ml.github.io/scaling-book/inference/



Continuous batching

https://jax-ml.github.io/scaling-book/inference/

Prefill: variable context lengths and inserts results into a KV buffer 

Generate: takes in the KV cache, and performs the generation step for all currently active requests.



Prefix caching

https://jax-ml.github.io/scaling-book/inference/

Critical for multi-turn applications (chatbot, coding)



Concluding Thoughts

• Efficient training & inference for LLM is a wide open field 

• Intersection of model architecture, systems, and algorithms 

• Trend: close co-design of model, inference system, and hardware


