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vLLM everywhere:
the fastest engine
on any hardware,

powering an interoperable,
federated Al utility.

VISION | | MISSION .

A federated Al utility powered by
vLLM: fastest on any hardware,
interoperable by design, and
aligned with the ecosystem so
contributors and partners all
benefit.



Different category of software

I N

Target Single user, laptop Concurrent, production

Batching 1 (batch size by default) Continuous batching

Scale-out TP (dependent on platform)  TP/PP/DP/EP, PD Disaggregated
Inferencing

Day-0 support Lagging Same day

Quantization GGUF FP8, INT4, INT8, MXFP4, NVFP4



Throughput Comparison: Ollama vs vLLM (Different Concurrency Levels)
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I Star History
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Most Popular LLM Serving Engine

® 91K+ GitHub stars, 800+ PRs/month
® 500K++ GPUs deployed 24/7
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Security

Your data never
leaves your VPC.
Sensitive prompts
stay inside your trust
boundary

o

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.



Artificial Analysis Intelligence Index by Open Weights / Proprietary

%7 Estimate (independent evaluation forthcoming)

Open Weights @ Open Weights (Non-commercial)

® Proprietary ® Open Weights (Commercial Use Restricted)

Artificial Analysis




Intelligence Index vs. Cost per Intelligence Index Task

Artificial Analysis Intelligence Index - Weighted average cost (USD) per Artificial Analysis
Intelligence Index task

Most attractive quadrant ---- Pareto line

® Anthropic ® OpenAl @ Alibaba @ Kimi ® MiniMax @® Google ® DeepSeek ® Meta ® ZAl ® Xiaomi @ InclusionAl @ IBM

Artificial Analysis Intelligence Index
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Consumer GPUs vs Datacenter GPUs

CONSUMER GPUs DATACENTER GPUs

RTX 4090 (24 GB) H100 (80GB)
RTX 5090 (32 GB) B300 (288GB)
VRAM
B200 (192 GB)

|| RTX4090 (24GB)  H200 (141GB) |
aY). GB300 (282GB) (M|
24 GB

VRAM H100 (80GB)
VRAM




Hardware constraints in VLLM serving

Compute power

Memory bandwidth

Memory space

Performance (FLOPS/sec)

| /s’
Ridge point , 7 Arithmetic bandwidth
Memory
bandwidth
Bandwidth bound Compute bound

Arithmetic Intensity (FLOPs/byte)



What is consuming VRAM

® Model weights
Memoryweight — Nparameters * Bytesweight
o e.g.Llama-3.1-70B with BF16 weight: 141GB
e KV cache
Bytesioren = 2 % L % Hyy * dpeqqd * Bytesy,
o e.g.Llama-3.1-70B with BF16 KV cache: 2.56GB with 8k sequence
o SSM or hybrid models
e Static memory
o CUDA graph
o Pytorch memory pools
o Kernel workspace buffers



KV Cache

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

Request | Prompt: “Once upon a time in a far” (on GPU DRAM)
A Outputs: “away” — “land” — ... )
Block 0 | in a far | away
Logical KV blocks Block 1
] Block Table
Block0 | Once | upon | a | time S TR Block2 | Once | upon | a | time
\ ve #filled
E number

Block 1 in a far | away \ > 7 Block 3 | land
Block 2 | fand — / Block 4
Block 3 - — Block 5




How to make the most of your GPUs

e Quantization
o Model weights
o Activations
o KV cache
e Improve cache hits
o Attend to prefix caches
e Workload optimization
o Balance compute and memory bandwidth



Model weights/activations quantization

Radeon™ RX 9070 XT

Peak Half Precision (FP16 48.7 TFLOPs
Memorywe@ght = Nparameters * Byteswewht Vector) Performance
o BF16 -> FP8: saves half the space Peak Halfprecision(fP1e  1e8TRLORS

¢ VLLM Supports quqntized mOdeI Weights Peak Half Precision (FP16 389 TFLOPs
o GGUF, GPTQ, AWQ, lim-compressor, bitsandbytes, etc g oomae

Structured Sparsity

e Online quantization at model loading Peak & b Preciion (FP8 389 TFLOFS
o --quantization [fp8|...] g o

e Faster hardware tensor/matrix arithmetics for pealcabit precision (778 775 T710ps
quantized workloads gﬁ%"u’,’;ﬁ*’s‘;ﬁ‘,‘;x&?ﬁl

Peak sbit Precision (INT& 389 T0Ps

Matrix) Performance

Peak 8-bit Precision (INT8 779 TOPs
Matrix) Performance with
Structured Sparsity



KV cache quantization

Bytestoken =2xL* Hkv * dhead * Byteskv

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

e Less memory traffic for bandwidth bound workloads



KV cache quantization

KV cache dtype vs throughput — Qwen3.5-27B
2x MI355X, TP=2, KV budget pinned at 19.7 GB/GPU. Capacity per dtype is in the legend.

I ::7
B S N 7336
C=% I 7113

I 2%
Long contex! I <105
oK, = N 7,170

0 2500 5000 7500 10000 12500 15000 17500 20000
Total token throughput (tok/s)

B BF16 - 0.56M tokens B FP8 - 1.05M tokens B TQ4/4 - 1.79M tokens

Capacity shown is from the throughput servers; the agentic servers ran with prefix caching on, which costs 6-18% of the pool (0.52M, 0.93M, 1.47M respectively).



Automatic prefix caching

e Re-use KV cache across requests
o --enable-prefix-caching

You are a helpful assistant gives detailed and

Request A polite answers to the user's questions. User. Hello!

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



KV cache offloading

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

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

GPU HBM H CPU RAM H Local Disk J—>-

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

Fast Cost efficient



KV cache offloading

MiniMax-M3 TP4 on MI355X
VRAM for KV Cache capped to ~50GB/rank

Time to first token — lower is better Multi-turn 12k base context, grows by 1k each turn up to 25 turns, C=16
4.75 4.70 statistic
HEEE mean E median s p99
4
0
< 1.16x
éé 3 Z:61 2.85 2.84
: 2.51 .
2
= 2
8
o 3.03x
E 1 5.39x 01 0.96 0.94
: i
HBM only HBM only HBM HBM
No prefix cache prefix cache + DRAM offload + DRAM offload (128GB)

+ NVME offload



KV cache offloading

Time to first token (s)
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TTFT by conversation turn
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+ LMCache / 128G DRAM / + NVMe
I

working set
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(to turn 4.9)

10 15 20 25
Turn index (each session’s n-th turn)



K Kimi K3 2.8T Agentic Total Tokens per $1TCO vs. P90 Interactivity

Cost Tier: 3 Year Rental Updated: 2026-09-04 Source: SemiAnalysis InferenceX™
TCO $/chip/hr: B300:3  MI355X: 21
Source: SemiAnalysis Market July 2026 Pricing Surveys & Al Cloud TCO Model
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Speculative Decoding

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

e Separate draft model or weights

o MTP, EAGLE, DFlash Verification
e Accuracy guarcmteed I ol I L
Draft once upon a time | ® there
[ @once  @upon  @a  @time | - -, ! ! !
R h A ) :
I
Small Model : Large Model
I
I
4 Ky Ky Ky :
|

1 | f I |

<s> once upon a )
- <s> once upon a time

T T
Autoregressive (sequential) Non-autoregressive (parallel)



Speculative Decoding

Output tokens / second

2,500

2,000

1,500

1,000

500

Qwen3.5-27B TP=2 on MI355
with z-lab/Qwen3.5-27B-DFlash

3.00x
Bl Target only (baseline) mM DFlash k=8 mM DFlash k=4
H Output tokens/s (bars, left axis) =e= Speedup vs baseline (lines, right axis)
2.50x
0\
[}
___—_______. 2.00x
°
.\ /.
°
1.50x
L)
——————————————————————————————— - = 41.00x
II I I I N
- -I. l —
1 2 4 8 16 32 64

Concurrent requests

Speedup vs target-only baseline



Sleep mode

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

e Level I: Weight Offloading - Offloads weights to CPU RAM, discards KV
cache
o Memory allocator, process state, CUDA graphs, and compiled kernels retained

o Provides the fastest wake times
o Best for frequent model switching when CPU memory is sufficient

e Level 2: Memory Optimization - Discards both weights and KV cache
fromn CPU RAM

o Best for limited CPU RAM that can’t hold all served models
o 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

ABAB...

Sleep Mode (Level 1) 58-203x faster than cold start

Sleep Mode (Level 2) 23-45x faster than cold restart

0 100 200 300
Time (seconds)

LA N N

A Load
B Load
A Wake
B Wake
A Sleep
B Sleep
A Prompt
B Prompt



They are not free gains

e Quantization - potential accuracy drop
o Be sure to verify with evaluation tools (Im-eval, Imms-eval, etc)
e Memory hardware
o Additional memory spaces and devices
e Draft models and MTP layers
o Require additional VRAM
o Pushing batching and speculative decoding together can over-saturate
compute



What to keep in mind in setting up vLLM

Know your workload Choose strategies based on

Before allocating system resources, analyze the workloads
demands of your specific deployment

. Tailor your model configurations and software
environment.

optimizations to match your analyzed query

. patterns.
« Concurrency Requirements

Identify how many concurrent users or requests » Optimization Techniques

theisystemimust serve., Select parameters such as chunked prefill, tensor

parallelism, or speculative decoding based on

e Task Characteristics : i
traffic density.

Determine the types of tasks (e.g., short chat
inputs, massive document generation, structured * Resource Allocation

extraction). Balance compute budget against memory limits

to maximize throughput without exceeding
hardware bounds.



Get Involved with vLLM

Building the fastest and easiest-to-use open-source LLM inference & serving engine together!

https://vllm.ai/
Explore vLLM and join Weekly SIG meetings

_adl

https://github.com/vilm-project/vllm
Star, file issues, send PRs

https://slack.vllm.ai
12.5K+ members and SIG channels

https://www.linkedin.com/company/vilm-project
Follow and connect to get latest news

https://twitter.com/vllm project
Follow and connect to get latest news

https://roadmap.vllm.ai
Follow the Q2 board




If you are serving LLMs In
20206,

you're either using vLLM or
explaining why you're not.

Thank

“embedded
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