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Security

Your data never 

leaves  your VPC. 

Sensitive prompts 

stay inside your trust 

boundary

Privacy

No vendor telemetry 

on your prompts. No 

mystery retention 

policy. No black box.

Control

Your model. Your 

routing. Your SLAs. 

Your own pace on 

upgradings and 

policy.









Hardware constraints in vLLM serving

● Compute power
● Memory bandwidth
● Memory space

Memory 

bandwidth

Arithmetic bandwidthRidge point

Bandwidth bound Compute bound



What is consuming VRAM

● Model weights

○ e.g. Llama-3.1-70B with BF16 weight: 141GB
● KV cache

○ e.g. Llama-3.1-70B with BF16 KV cache: 2.56GB with 8k sequence
○ SSM or hybrid models

● Static memory
○ CUDA graph
○ Pytorch memory pools
○ Kernel workspace buffers



KV Cache

● Skip costly KV recalculation
● Paged attention divides sequences into blocks
● LRU eviction policy



How to make the most of your GPUs

● Quantization
○ Model weights
○ Activations
○ KV cache

● Improve cache hits
○ Attend to prefix caches

● Workload optimization
○ Balance compute and memory bandwidth



Model weights/activations quantization

○ BF16 -> FP8: saves half the space
● vLLM supports quantized model weights

○ GGUF, GPTQ, AWQ, llm-compressor, bitsandbytes, etc
● Online quantization at model loading

○ --quantization [fp8|...]
● Faster hardware tensor/matrix arithmetics for 

quantized workloads

Radeon RX 9070 XT



KV cache quantization

● Store more tokens in memory
○ --kv-cache-dtype fp8
○ --calculate-kv-scales # Calibration
○ Also supports calibration with external datasets

● Less memory traffic for bandwidth bound workloads



KV cache quantization



Automatic prefix caching

● Re-use KV cache across requests
○ --enable-prefix-caching

Request A You are a helpful assistant gives detailed and 
polite answers to the user's questions. User: Hello!

Request B
You are a helpful assistant gives detailed and 
polite answers to the user's questions. User: How’s 
the weather?



KV cache offloading

● In multi-turn agentic workloads, context can get very long and 
re-computing kv cache can be expensive

● In combination with LMCache, vLLM’s KV cache can be 
offloaded to CPU DRAM, NVME, or remote storage

GPU HBM CPU RAM Local Disk
Remote 

Storage

Fast Cost efficient

> 288GB per gpu > 2TB per node > 8TB per node > 100 TB



KV cache offloading
MiniMax-M3 TP4 on MI355X

VRAM for KV Cache capped to ~50GB/rank

Multi-turn 12k base context, grows by 1k each turn up to 25 turns, C=16
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HBM

+ DRAM offload (128GB)

+ NVME offload



KV cache offloading
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Turn index (each session’s n-th turn)





Speculative Decoding

● Reduce ITL in low-medium concurrency workloads
○ Pushing workload from memory bound regime more towards compute

● Separate draft model or weights
○ MTP, EAGLE, DFlash

● Accuracy guaranteed



Speculative Decoding
Qwen3.5-27B TP=2 on MI355

with z-lab/Qwen3.5-27B-DFlash



Sleep mode

● Reducing cold-start time for multi-model switching on the same 
hardware

● Level 1: Weight Offloading - Offloads weights to CPU RAM, discards KV 
cache
○ Memory allocator, process state, CUDA graphs, and compiled kernels retained
○ Provides the fastest wake times
○ Best for frequent model switching when CPU memory is sufficient

● Level 2: Memory Optimization - Discards both weights and KV cache 
from CPU RAM
○ Best for limited CPU RAM that can’t hold all served models
○ Avoids reinitialization overhead, still much faster than a cold restart



Sleep mode
A4000 TP=1
Model A: Qwen3-0.6B | Model B: Phi-3-vision-128k-instruct

58-203x faster than cold start

23-45x faster than cold restart

A

A

A A A

B

B

B B B

ABAB…



They are not free gains

● Quantization - potential accuracy drop
○ Be sure to verify with evaluation tools (lm-eval, lmms-eval, etc)

● Memory hardware
○ Additional memory spaces and devices

● Draft models and MTP layers
○ Require additional VRAM
○ Pushing batching and speculative decoding together can over-saturate 

compute



What to keep in mind in setting up vLLM

Know your workload
Before allocating system resources, analyze the 
demands of your specific deployment 
environment.

• Concurrency Requirements
Identify how many concurrent users or requests 
the system must serve.

• Task Characteristics
Determine the types of tasks (e.g., short chat 
inputs, massive document generation, structured 
extraction).

Choose strategies based on 
workloads
Tailor your model configurations and software 
optimizations to match your analyzed query 
patterns.

• Optimization Techniques
Select parameters such as chunked prefill, tensor 
parallelism, or speculative decoding based on 
traffic density.

• Resource Allocation
Balance compute budget against memory limits 
to maximize throughput without exceeding 
hardware bounds.





Thank you

–

If you are serving LLMs in 

2026,

you’re either using            or 

explaining why you’re not.
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