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What are Large Language Models (LLMs)?
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An LLM predicts the next token

based on its training data and statistical deduction



More parameters means more capabilities

ARITHMETIC

LANGUAGE UNDERSTANDING

8 billion parameters

https://research.google/blog/pathways-language-model-palm-scaling-to-
540-billion-parameters-for-breakthrough-performance/
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Advantages of open weight models and serving stack

Open models play an important role in the enterprise Al landscape

Cost

o Self managed infrastructure
o 1B -1000B size - match task difficulty to
model

Customization
o Improve accuracy and costs with task
specific tuning

Control
o Model lifecycle (no changes to the model
in place)

o Resources (no rate limits / APl downtime)

Security
o Complete data privacy (no 3rd party APIs)

a Hugging Face — O

0O GitHub

leading advocate for

Open source Al

Discover and share Collaborate with other Al
cutting-edge Al models enthusiasts from around the wogd

Learn about the latest
advancements in ML

LLM

Access powerful tools to
build and experiment with Al




Inference (Model Serving)

Model Serving

- Run the model
- CPU/GPU Input (Prompt)  Model

-  Expose an API N @
Input ' l

Prompt (text) W

Output , &
Instructions to give to the model

Taming a model is hard GPUs gg
L 424




LLM Inference: a birds-eye view

Input prompt:

“Translate from

English to French: It's

nice to meet you.”

/

o)

Translate from

English to French:

S

Output text:

“Enchanté de faire

votre connaissance”

J

o

%




LLM \

vLLM: The De Facto Open
GenAl Inference Platform



vLLM Inference Server in Red Hat Al
Neural Magic Boosts Our Community Leadership & Enterprise Support

vLLM: #1 OSS Inference Server

Commits By Red Hat & Neural Magic

GitHub Stars

60K

50K

HOK

30K

20K

10K

>60K Github Stars

Star History

l ® vilm-pro ject/vlim ]

500K++ GPUs deployed 24/7

July October 2024 April

July October 2025 April July October
Date %} star-history.com

600 . . .
Commits By Organization
400
All Other
200
NM/RHT
N UC Berkeley
0 o~ N
2023-07 2024-01 2024-07 2025-01
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vLLM: The De Facto Open GenAl Inference Platform

VLLM has emerged as the Linux of GenAl Inference

00 @ @ Q Google H-'. EY\ B¥ Microsoft <JNVIDIA. ==

Llama Qwen GPT-0OSS DeepSeek Gemma Mistral Molmo Phi Nemotron Granite
<nvibia. AMDQ1 Google aws intel isim
GPU Instinct TPU Neuron Gaudi Spyre

= — I a &

. . Private Public
Physical Virtual Cloud Cloud Edge

LLM  && RedHat
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vLLM vs Ollama Performance Benchmark

Output Tokens per Second vs. Concurrency - Fixed Dataset

Inference Engine
VLM

800 s Ollama
700
200
"mm I
u R R B B B R B B
1 2 4 8 16 32 64 128 256

Number of Concurrent Requests

Higher is Better

Output Tokens per Second

w £ {1 [=2]

o o (=3 o o
o o o o

I=3

Model: Llama3.1-8B | GPU: Nvidia A100 | Dataset: Fixed Dataset

Throughput (Requests per Second)

25

20

Inference Engine
—=—— VLLM
e @===_Ollama

Throughput vs. Concurrency - Fixed Dataset

Higher is Better / ‘\.

»d

4 8 16 32 64
Number of Concurrent Requests

Model: Llama3.1-8B | GPU: Nvidia A100 | Dataset: Fixed Dataset

128

256



Fast, flexible and scalable inference

Red Hat Al repository on Hugging Face

Collection of third-party models

o\

Llama
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Mistral, Voxtral
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OpenAl
GPT-oss
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Qwen
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DeepSeek

Google
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B® Microsoft
Phi

<2 NVIDIA.

Nemotron
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SMOLI M3 3B

Choice of

Models

2%

Validated

models

B2

Optimized

models

B2

» Transformers (Dense, MOE), Multi-modal LLMs, Embeddings Models
Hybrid / Novel Attention, Vision

| » Hugging Face compatible (safe tensors), OCl-compatible containers

» Tested using realistic scenarios

» Assessed for performance across a range of hardware

» Done using GuideLLM benchmarking and LM Eval Harness

» Compressed for speed and efficiency

» Designed to run faster, use fewer resources, maintain accuracy

» Done using LLM Compressor with latest algorithms



LLM

What Problem is vVLLLM Solving?



What Problem is vLLM Solving?

Production Inference Serving

» Batch Size > 1& Data Center Hardwares
Not the same workload as on-device inference for a single user
» How do you?
Efficiently schedule requests into the next forward pass?
Manage KV cache context and runtime memory footprint?



Why Is This A Hard Problem?

> ALLMis afunction to predict the next
token in a sequence

P(X_n| X_0O..X_n-1)

» To generate text, we “chain together”
passes through the model

— A single request requires multiple
passes through the model

— A single generation request can
last multiple seconds

» Key Challenge: How to handle multiple
concurrent requests




Challenge 1. Batching

Naive/Static Batching & & &

T2 T3 T4 T5 Te T7 T8 To Tio0 Tia Ti2 Ti3 Ti4 Tis Tie
S S S

1 ik 1 S6e S6 Se6 | Se S11 | S11 | S11 B
S2 e S7 | S7 S12 e

S3 S3 S3 S3 S3 S3 S8 S13 | S13 e
S4 | S4 e S9 S9 S99 S9
S5 I S I S1Q4S10L 510 | S10 | S10
Continuous Batching Judad
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Challenge 2: KV Caching

cached
R T R T o
prefill decode decode
KV vectors
The quick brown fox — jumps —» over e
prompt output
prefill decode
<«— time to first token —» <«—> time per output token

Source: Blog by Benjamin Merkel



https://huggingface.co/blog/tngtech/llm-performance-prefill-decode-concurrent-requests

Challenge 2: KV Caching

KV Cache: Caching Key and Value vectors in self-attention saves redundant
computation and accelerates decoding - but takes up memory!

Step 1
Q KT QK" v Attention
Token 1 "
= Value Token 1 ‘ ‘ Token 1
~ <
S
S 4
‘ Artificial ‘Intelligence‘ is the future
(1, emb_size) (emb_size, 1) (1.1 (1, emb_size) (1, emb_size) T
______________________________________________________________________________________________________________________________________ KV Cache )
9 G K" v A ) Parameters | (12GB, 30%) KV Cache stores each request’s
ttention (26GB, 65%) token embeddings:
~ Value Token 1 ‘ l Token 1 * Each token embedding: 1 MB
S o % Others * One request: several GBs
§ LQ X ox = X =
& g 13B LLM on A100-40GB
(1, emb_size) (emb_size, 1) (1.1 (1, emb_size) (1, emb_size)

D Values that will be masked D Values that will be taken from cache

” [l a



vLLM's Original Innovation: Paged Attention

An attention algorithm that allows for storing continuous keys and values in non-contiguous memory space.

KV Cache
Block 1 [computer| scientist | and mathes
matician
Block table
Physical .
block nhumber i AL
5 4 Block 2 [renowned for
Query for < 0 4
2 2
Block 0 | Alan Turing is a

2’ /1 &



Automatic Prefix Caching

Re-use KV cache blocks across requests! Improves time-to-first-token by skipping prefill

Example: Multi-turn conversation

Prompt (round 1) Cached  Prompt (round 2)
Human: What's Al? » Human: What's Al?

LLM: Al is technology that
LLM Result (round 1) / simulates human intelligence,
LLM: Al is technology that like Siri or Google Maps.
simulates human intelligence, like Human: Cool, thanks!
Siri or Google Maps.

LLM Result (round 2)
LLM: No problem!

22

Throughput

B No Prefix Caching
n Prefix Caching

0%

Prefix Caching Benchmark
Llama 3.1 8B, 1xH100 | Input length 2048, output length 128

25%

Cache Hit Rate

50%

.

75%

v e



Speculative Decoding

Accelerate decoding phase with speculation - variety of methods: ngram, draft model, EAGLE, etc

Verification

Draft

{L

] N

famous songs

L

!

!

!

are J@ composed

!

Large Model

(#parameter: 10xN)

Several
[@Several @ famous @ songs @are] -=
TS S |
1
Small Model !
(#parameter: N) :
1
T \@ \J \4 :

<s> Several famous songs 1 T

<S>

f

Several

!

famous

f

songs

|

are

T
Autoregressive (sequential)

T
Non-autoregressive (parallel)
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request_latency ms
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—
o
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math_reasoning

~=— B_no_spec_gpu9

—e— B_spec_chain_eagle3
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Quantization in vLLM
Use low bit precisions (e.qg., FP8, INT8, FP4) to store and compute

. . . Llama 3.1 70B Time Per Output Token (with TTFT <5s)
1. Welght Quantlzatlon 4xA100-80GB-SXM4 | Input Len=500 | Output Len=150 | Chunked Prefill

INT8
® W8AS

Reduced storage & memory footprints 100

75

1. Activation Quantization

Faster linear layers with low precision
tensor cores

50

Mean TPOT (ms, lower is better)

25

1. KV Cache Quantization

Reduced KV cache footprint & faster
attention

Queries Per Second

24



vLLM Combines All Optimizations Together

Without Optimizations /LM

<SYSTEM> You are a helpful assistant. ... <SYSTEM> You are a helpful assistant. ...
Prompt Keep your answers precise and concise. Prompt Keep your answers precise and concise.

<USER> Generate a description for this item: ... <USER> Generate a description for this item: ...
Output Output

25



g llm-d

Distributed Inference At Scale



Fast, flexible and scalable inference

Enterprise GenAl inference platform

Holistic approach to optimize and operationalize deployment and scaling of open-source LLMs

Model as a Service

i3
‘ o llm-d?

<ANVIDIA.
GPU Instinct

Pod1 Pod 2

Instinct

Pod 2

Al Gateway/API Mgt

Distributed Inference
Framework

Models

Inference Server

Accelerators
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Tensor Parallelism (TP)

x

Input Weight Output

Input Weight Output

Expert Parallelism (EP)

Token Router

— 7N~

- ~
S 2N
- - Ve N ~~
- y N =~
Device O Device 1 Device 2 Device 3

Forms of Parallelism

Pipeline Parallelism (PP)

| DeviceN

_________________________

| Device N-1

Input

Data Parallelism (DP)

Request Router

-~ ~
-~ ~

Device O Device 1

Model
Replica O

Mixed Parallelism
7 wmm N e )

Device O (Device 7) (Device 8 ) Device 15
SE%fi%
Attn Attn Attn Attn
Replica O Replica 7 Replica 8| Replica 15
\. J A& / - By ;/

Disaggregated P/D

Request Output

Device O Device 1
Model
KV Cache Replica 1
Prompt Token
Processing Generation

(LLM & RedHat



Example: Mix Parallelism with Red Hat Al

iVersion: serving.kserve.io/vlbetal
d: InferenceService

le: RawDeployment
: external

: VLLM
: vllm-multinode-runtime
1: pvc://model-pvc/hf/instruction_tuned

erations:
"fect: NoSchedule
ey: nvidia.com/gpu

32

Tensor + Pipeline Parallelism
(e.g., Llama 3 405B)

4 )
4 Device 8 Host 1 /Device 15\
PP 1
TP 7
\\ o ? Yy =) ),
4 )
Device O Host O 4 Device 7\

PPO

TPO

~/

Na

PPO
TP7

~
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Scaling Inference

g Um-d

Distributed inference is essential for cost-effective GenAl at scale, but introduces unique

operationalization challenges

LLM inference workloads break traditional Modern HTTP requests:
Kubernetes scaling due to variable, resource- FeskuRitem, Siesp

heavy and hardware-affinity nature of requests

Ensuring SLO (throughput, TTFT, latency) while 5080
minimizing resource utilization and operational / DY M::>

complexity

Leveraging and managing heterogenous - - - - -

hardware for better cost-efficiency

Distributed KV cache management as key part 3-4 orders of magnitude more QPS

in inference efficiency

LLMrequests:
Slow, non-uniform, really expensive

I.-I-
/ LLM-Aware LB X

==

6-9 OoM more expensive per request

maximizing overall system throughput, while meeting SLOs

/@
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Why | should care...

Requests with significant variance in resource utilization

RAG Pattern

System Prompt —»| Document Retrieval — } User Query %“ Gen

[ reneor | ‘ o

Thinking/Reasoning Pattern

System Prompt ——‘ User Input

B S b R —— =

LLM inference requests vary in shape—different input/output
token lengths cause uneven compute demands.

RAG: long inputs (prompt + retrieved docs), short outputs.
Reasoning: short/medium inputs, long outputs.

These patterns create imbalances across instances, especially
during decode

Overloaded instances increase Inter-Token Latency (ITL),
creating a feedback loop of worsening performance.

g Um-d

| Target use cases

Routing to specific replicas with cached prior computation
can achieve orders of magnitude better latency.

Agentic Pattern

System Prompt

—

User %( Gen L'} Tool ;—*

‘ )
User — Gen r—' Tool Gen
|

AAAAAAAAAAAA
Pass 2
rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr I e

Prefix Caching

Prompt: “The capital of New Prompt: “The capital of
York is" California is”

e ™

Shared Prefix KV Cache

Compute once

¥

KV Cache for “The capital of”

Extend for request 1 Extend for request 2
KV Cache: "The capital of New KV Cache: "The capital of
York is" California is"

Qutput: "Albany"

|
gy
Output: "Sacramento” | |
||
I



Distributed Inference with llm-d

Maximize GPU Utilization for GenAl: Distributed Inference that Delivers SLOs

S Um-d
e Joint open source project by Red Hat, Google, NVIDIA, AMD, 2| Feauest
Hugging Face, and many more l
e Kubernetes-Native Architecture for simple deployment and li 2] nference sty —l
management of GenAl models @ Valdation O Promptiogging
e Optimized GenAl Inference to accelerate LLM’s and MoE
e Intelligent Resource Utilization to reduce inference costs iroi Prefil (] seheduer 47 Deas:

e High Performance and Scalability to meet demanding \—, @ <V cache 4—/

Service Level Objectives (SLOs).

e Supported on Heterogeneous Hardware like NVIDIA and AMD l l
GPUs (and many more to come in the future) .

1
. GPUs L N T T

1 1
35 35 b i



/LLM & Qg lLm-d ¥ &) kubernetes

Kubernetes
GET

Inference Pool

Variant A (e.g. Prefill)

_________________

<
=
Z

Nodes
<A NVIDIA.

/completions Select InferencePool
from model name
(OAI spec) Body b.ased
Routing
Inference Gateway
(e.g. Envoy)
Inference
Select optimal model Scheduler
Route to replica based on state
selected pods 4
-="" Load, KV

Cache Report

.................

‘: Shared Prefix Caching |

L VLI |
— eg.NIXL,DCN —» VL M :
) | el Variant
________________ S e | Autoscaler
Independent Prefix Caching Update
replicas
e.g. LMCache, Host Memory
Google AMDAU intel.

Operationalizability
e Modular and resilient architecture
with native integration into
Kubernetes via Inference Gateway
API

Flexibility
e Cross-platform with extensible
implementations of key
composable layers of the stack

Performance
e | everage distributed optimizations
like prefix-aware routing and
disaggregation to achieve the
highest throughput while meeting
SLOs

(LLM & RedHat



“Well-lit" Path: Intelligent Inference Scheduling

vLLM-aware load-balancing enables smarter request routing that improve SLOs

Prefix-Aware Routing Load-Aware Routing
l GET completions l GET completions
Prompt Prompt
QN Jenvoy > EPP QN Jenvoy o EPP
& - Pod A & - Pod A
Prefix-tree. Scrape metrics.
“Pod A has hit” “A has low load”
/LLM /LLM I /LLM /LLM /LLM .
KV Events /metrics
PodB PodC Pod A PodB PodC
Dramatically increase prefix-cache hit rate Load-balancing based on actual replica state

37

LLM  && RedHat
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Average Inter-token Latency (s)

1.0 1

0.8

0.6

0.4 1

0.2 1

Intelligent Inference Scheduling

Inference scheduling is a no-brainer optimization which can have huge impacts on repeated prompts

Average Inter-token Latency vs QPS

-@~ Round Robin
~@- KV Cache + Load + KVCache utilization scorers

0.0

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

Average Time to First Token (s)

12 1

10 A1

Average Time to First Token vs QPS

-@- Round Robin
-@- KV Cache + Load + KVCache utilization scorers

0.0 2.5 5.0 7.5 10.0 125 15.0
QPS

20.0

Throughput (tokens/s)

Throughput vs QPS

80000 -

60000 A

40000 1

20000 -

=@~ Round Robin
-@- KV Cache + Load + KVCache utilization scorers

0.0

2.5

5.0 7.5 10.0 12.5 15.0 17.5 20.0
QPSs

/LLM & RedHat



I Um-d
Request flow example...

Projects > Project details

GB Im-d @ Active

Inference
Scheduler KV Cache Indexer

Overview  Details YAML  Workloads  RoleBindings

Application: All applications v

Decode Prefill

L!!,! Display options ¥ Filter by resource v Y Name ~ Find by name... / (i ]

Prometheus

Routing
Sidecar

© m-d-.ateway $

LMCache

L Metadata yd

LMCache

@ Im-d-.master  }

Q llama-4-decode $ o llama-4-prefill | §
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B Ulm-d

Demo

@# KVCache Aware Routing Demo

. Chatl

System Prompt

LLM-D Inference Demo « 3 Parallel Sessions

.~ Chat2

System Prompt ~

. Chat3

System Prompt

This is application 1 system prompt, with a total of
10k words.

This is application 1 system prompt, with a total of
10k words.

This is application 2 system prompt, also with a total
of 10k words.

User Prompt

User Prompt

User Prompt

Explain the significance of KV-cache reuse in LLM
inference.

What is your favorite llm-d feature?

When will you become sentient?

g Um-d

(LM /@ RedHat
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Join Bi-Weekly vLLLM Office Hours [ Virtual]

:"W to Buily
nd Contripygg 2 o

tovi

Happening every other Thursday at 20:00 CET
Watch on-demand immediately!
Hear the bi-weekly vLLM update
Give feedback & ask questions
Deep dive into cutting-edge topics to accelerate your

vLLM inference

Signup —

LLM  && RedHat
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