LLM 29,
Red Hat2 2 A 6}7]

OpenShift AIRE vLLM7IIX|

ol &l
Openlnfra Days Korea Team leader of Specialist Solution Architecture
2025 Red Hat Korea



Agenda

ZH &AM

> Red HatO| Al 2|AIRI7IR?

» RedHatAIE E¢t =&l LLM 29: Inference

. DXE 22 AU QDY X2 45 PN ORY YRS @OFE XY T



1. Red Hat2 Al Z|AIRI7IR?

Red HatO| Al E|AIRIVIR?




1. Red Hat2 Al 3| AIRI7IR?

OpenStackO]| CHSt Red Hat2| 7|0

Commits by Company

Show entries

DMp

@ Red Hat

Search

® Rackspace

@ Canonical

® [BM

® Mirantis
*independent
HP

® NEC

® Huawei

Intel

Showing 1 to 10 of 454 entries

Source

- Stackanalytics, last updated on 19 August 2025 https://www.stackalytics.io/?release=all&metric=commits

2010
2012
2013
2015
2017
2019
2020
2021
2022
2025

Previous Next

NASA and Rackspace Hosting launches OpenStack
Red Hat launches preview with “Essex”

Red Hat launches commercial support with “Grizzly”
Red Hat enables enterprise cloud with Cloud Suite
Red Hat powers flexible, scalable hybrid clouds

Red Hat launches Red Hat OpenStack Platform 15
Red Hat brings long life support with version 16

Red Hat extends OpenStack to the edge

Red Hat helps enhance private cloud security

More to come!

i

Red Hat OpenStack Services on OpenShift

Pressreleases > Red Hat OpenStack Services on OpenShift is Now G...

Red Hat OpenStack Services on OpenShift is Now Generally
Available

Open source leader brings modern approach to OpenStack deployments, helping organizations build future-ready networks at
massive scale

RALEIGH, N.C. - August 26, 2024 — Red Hat, Inc., the world's leading provider of open source solutions, today announced the
general availabmtack Services on OpenShift*, the next major release of Red Hat OpenStack Platform. This
is a significant step forward in how enterprises, particularly telecommunication service providers, can better unify traditional and
cloud-native networks into a singular, modernized network fabric. Red Hat OpenStack Services on OpenShift opens up a new
pathway for how organizations can rethink their virtualization strategies, making it easier for them to scale, upgrade and add
resources to their cloud environments.

OpenStack?)
HEE

Safelgt

Red Hat OpenStack services pods i

000 0K

' ! in}
i| Nova, Neutron, Keystone, Cinder, Glance | | \ Pod 2 J|;I'E|

Physical machine (Compute) Physical machine (Compute) Master Node
Red Hat OpenStack Red Hat OpenStack Red Hat OpenShift
compute nodes compute nodes Container Platform
Red Hat Enterprise Linux Red Hat Enterprise Linux gicr'e"gé Enterprise Linux
Red Hat & RedHat
OpenStack Platform OpenShift

OpenShift and OpenStack bare metal resources
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2015\ 20194 | 20241
QI O|0|E 5{E(Open Data Hub) 24 FH|IE 22 (Kubeflow) ZHE 2|5 H =2 0 &l (Neural Magic) 212

'(

V- .
. T &N : % g :
SSELDON s mmd Spark : Training Operators :
Jupyter g : Jupyter :
r @Gquno Labs : @T Training of ML models in Kubeflow through operators : . nm-viim
‘ : o - : -

Enterprise inference server for LLMs

[ oo ] . TensorFlow Training (TFJob) /
2 cuberion B e : N NEURAL on GPUS,

Blafka. 9 «

Training (
Using Paddlejob to train a model with PaddlePaddle

: ‘ Neural Magic Compress
PyTorch Training (PyTorchjob) . It :
U;ng;;m;;gy;‘gm;;,;‘Dd;;w i : Developer subscription for enterprises
: aiming to build and deploy efficient
GenAl models.

MXNet Training (MXJob)
Using MXJob to train a model with Apache MXNet

XGBoost Training (XGBoostjob)
Using XGBoostjob to train a model with XGBoost .

5 ’ DeepSparse
MPI Training (MPljob) : . R
oty Instructions for using MP! for training : Sparsity-aware inference server for

LLMs, CV and NLP models on CPUs.

ATA

REAKTHROUGH
ANARD

2022

OPEN DATA HUB

Job Scheduling
How to schedule a job with gang-scheduling

OperatoHub

5 Source:
- Driving Innovation with open source Al/ML, Red Hat Blog (April 22, 2022) ‘ Red Hat
- Open source Al at Red Hat: Our journey in the Kubeflow community, Red Hat Blog (March 19, 2024)
- Red Hat Announces Definitive Agreement to Acquire Neural Magic, Red Hat Press releases (November 12, 2024)



https://www.redhat.com/en/blog/driving-innovation-open-source-aiml?utm_source=chatgpt.com
https://www.redhat.com/en/blog/open-source-ai-red-hat-our-journey-kubeflow-community?utm_source=chatgpt.com
https://www.redhat.com/en/about/press-releases/red-hat-acquire-neural-magic?utm_source=chatgpt.com
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5 & 0§ 2! (Neural Magic): OSS GenAl Inference 2|5

2018 MIT H7|H A ARESSH(EECS) 2 F0A 2TO0MR :
FEZOUHE Y
oSN GPU 202 it g

1ds dRE(HPC) B= #4d "a{d CPU
20239 QEAA | MO SH1

MES

S vLLME| TOP HEEZ|REHZNM, vLLME| 11 Y

ZIHAE| Al O|L|ME|HE FE

Neural Magic Community Contribution

600 Commits By Organization
400

200

g . N

2023-07 2024-01 2024-07

Optimized Model Hub

N

Google +#+Ai2

Llama Qwen Gemma

1
h & 8 Microsoft ~<Invibia
Mistral DeepSeek Phi

LLM Compression Tools

All Other

NM/ RHT

UC Berkeley

2025-01

Model
Accurate Model Faster and Cheaper
Compression Deployments
o
M LLM Compressor Compressed Tensors vLLM
Your HF Model
HF Model Hub
NM Pre-Compr: d
Compression Compressed Model Performan t
Framewor! k Checkpoint Infer:
Dataset
%“ Algorithms Application
GPTQ, P
Your Dataset, ‘ SparseGPT @ HTTP,
HF Datasets, . L 7 Python
NM Curated Datasets Sacothouant
@ Neuai Magic supported
0 vser input N Neural Mag
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Our First

vLLM Korea
& RedHat [E&

128 =

Together with B SqueezeBits O PyTorch [mtes

Our First
vLLM Korea
Meetup

with Red Hat and Rebellions

—

Our First
vLLM Korea
Meetup

with Red Hat and Rebellions

Registration
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The Power of Openg:

. I No OSS RedPajama, Mistral, Mixtral, Llama 3, DBRX,Granite3 o . o
p———— il HOW A models MPT, Falcon Granite 2 Phi-2 Qwen?2 Qwen2-VL P
e  CHANGIN
g 'l’he AI revolu(mn and : =
o :i&'&;“ﬂﬁ“ﬁﬂ::;’éﬁ?'wm — il = =
@ - = —
:r;l Alwllchage

Llama Llama 2 Zephyr DBRX, Gemmaz2, Nemotron Phi-3,
Phi-3 Arctic

00 Meta S:; ' MISTRAL < databricks ZE=2: @t Microsoft

w=A12 nVIDIA “~  Hugging Face >o<SnowﬂOke Go gle &deepseek
e 20231} 2024H X0l = E2XE(Closed) 220| 2E(Open) &S 3 A A2
e X|h214(202414- 2025L=I)% QI AA A9 Si2f0| EHIH O 2 X7}t



1. Red Hat2 Al S| AF2I 7R ? Red HatO] EIZBt Q= AA Al-First 7|210] E|2{= 0|9

The Power of Openc

Closed-source vs. open-weight models

Llama 3.1 4058 closes the gap with closed-source models for the first time in history. 2 n Ei u I A 7 I H} 2 n * A :*I A g o x*x*
MMLU (5-shot) [— I — [ L el E E I [=) _I Q ==

Claude 3.5 Sonnet

L
GPTAo
- Cloide 3Bt
87% GP.T4 bl 5 P T0 Llama 3.1 405B
Closed-source models Lilam3 3 4058
Gemini Ultra
84% . i
Gemini 1.5 Pro 5ha'3396¢
81% ® Lama 3 R 2 728
Claude2 DeepSeek-V2
L .
78% Claude 1.3 N =5
: b= =
Qwenl.5 728 : P}
: Bl & (Cost 2 = 2h(Customization
75% e el Command R+
emma 2 278 . .
DBRX Instruct 1328 ([ gE 'T'|I_|-E-| (g ?_I EE-I- ® TaSk —2" T OI QE
72% .
U-PaLM GPT-3.5 Turbo Mixtral 8x78 Gemma 2 98 :
PaLM : i ~ = = | | feX=]
o s ’ L : (infrastructure) Mot E =0|1 HIES
Chinghilla Oama 3.1 88 .
L]

Liama 3 88 : bl
66% . lB 405B -H'E Z!‘ (=] =0
LL MAsSb : L—I-OlEO.” DI-I_ E” AI_1E_I|.I

N
v" v o @

o 2024WE0| 650MLIREE g =
e 85,000 Llama It 4 2 5

00 Meta . =
[ ]

=

1B, 3B, 8B, 70B, 405B variants
Multilingual, Multimodal, Mobile

X|0{(Control) Hok(Security)

R, o DHal0|ZAIS (I|E o ohH%Oo|E
QY deepseek E;’gg’ﬁ;;:t;'rg!;mggﬁ == Do) 7 gig) zaL0|#A| (no 3rd
e  Global market pandemonium? e 2|2A (noratelimits/ party APIs)
APl downtime)

& RedHat



1. Red Hat2 Al S| A1 7127 Red Hato] ZIEBE QZ AA Al-First 7]210] E|2d= 0|9

[ V) g

) Ep17. Welcome Jensen Huang | BG2 w/ Bill Gurley & Brad Gerstner
o1 Watch Later Share

In the beginning... It was all about
training and fine tuning

right it's about up by a billion times
right

MORE VIDEOS

P o) 58:27/1:21:13 « Inference Time Reasoning and Its Importance B £~ Youlube =-

“[Inference] is about to go up by
a billion times.”

https:/www.youtube.com/watch?v=bUrCR4jQQg8


https://www.youtube.com/watch?v=bUrCR4jQQg8
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Ad™ AZEALER 70| Choll w210 F=fot SH

Al H AL X}

Z=Z(Inference)0| gt7?

fjo

Al Model2 inference

@ AEXE7t request M&

> server2t &7H answerE X 2|

Al7t response 2| Al

Source:
Al Inference Market worth $254.98 billion by 2030, Feb 2025, PR Newswire
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https://www.prnewswire.com/news-releases/ai-inference-market-worth-254-98-billion-by-2030---exclusive-report-by-marketsandmarkets-302388315.html#:~:text=DELRAY%20BEACH%2C%20Fla.%2C%20Feb,new%20report%20by%20MarketsandMarkets%E2%84%A2

2.Red Hat AI&

X2

o

Fine-tuning2 MZ2
Hlo]E{ol| =] 2{3H

FI|MoZ uhz 2HELICt

Inference= AA| M| H,

AFR X QA0 et
AHEO = SHRFELICE,

Source:

R%&!O._l LLM —S—%:' InferenceO|Zt?

FE(Inference) 2| XMzl= O S RELICY.
oz

H| S SAloll X sfoiofF &

Environment 1

—
|= MME A9 BHAl CHA0|7|0f, MSa}

Environment 2

Environment 3 or N

Accelerator A
o TME
°
o H[E
= o HIHZ
°
o TS

Al Inference Market worth $254.98 billion by 2030, Feb 2025, PR Newswire

Accelerator B

ML olﬂx“__lo.l I:I_DF_. EE—II 7C|
OS 22 Hij I X|AH
I*O_l GPU Ar
S ATt HHE Xt
3HAM 2

—|OO_|'__

_ 1=

HI% St

GPU xr_ %,HI

L5 XS 2|23 57

Accelerator C or N

of-HiZE O3 Z



https://www.prnewswire.com/news-releases/ai-inference-market-worth-254-98-billion-by-2030---exclusive-report-by-marketsandmarkets-302388315.html#:~:text=DELRAY%20BEACH%2C%20Fla.%2C%20Feb,new%20report%20by%20MarketsandMarkets%E2%84%A2
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Z=E(Inference) = & 3}J

P
Ul RS 2™ = ME|5H| fletHZe 2=d oy 8 24 e 7|=0| 58

1000 GPT-MoE-1.8T*

= - MT-NLG 1800B

S 1000 _
0 5 L N
W e D& 37 Y& HIs 25T GPU
gy = T-NLG A100 192GB
B @ V100 TPUV3 A100 o 22F O s ASH
e e 222\{32 e s WE L en 80GB H22] 82 ZHE &5t
9 E 10 s = 2280l g Sat

3+

i Megg‘_t:;%”LM AAHI0] 2 ELICE

o GPT GPT-2

T 0.11B cerT 158 |

o 0.34B O Model Size

= Transformer GPU Memory

0.05B
0.01
2017 2019 2021 2022 2024

-2 37| 7} tiH| GPU M2 2|2 7t H|E -
*: Jensen Huang, NVIDIA GTC 2024

Source: ‘ Red Hat

Al Inference Market worth $254.98 billion by 2030, Feb 2025, PR Newswire
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e e i i e i e e e e R 1 - -
; | > A3 AD2|ES SBE QIEE0|AR HZ
e ol A
| | BEEE /X8t A&-X{H|E l (GPTQ, AWQ, SmoothQuant X|2)
l oHl A=T|s Sl o I
I I
= Clokst i Aol of K|
 =d | co oty P L FP8, INT8, INT4 & Crdet HEE L 3 X[
~ | Hugging Face — I
CED BN B - L I » Hugging Face AutoModelztQ| OfT12{2 HE
Pre-compressed & | / I
| 210 280l I
I otz majole|3 ofxEmE HIEOIE K24 I » vLLMI} S2tE|[= safetensors 7|8
: : HIAEQIE YA X[
= ) I HTTP I
w | Hugging Face — "E'EEJE
LHEL | O|E{ A : e : » Hugging Face accelerateE S0t E2 22
& 2H0] A G|o[E{ A : 50 ——— : x| s
FHME Curated HOEIY | S I
: GPTQ :
I SparseGPT I
I SmoothQuant |

& RedHat
Al Inference Server & RedHat
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vLLM 7R
Gen AlO|| 2ot LLMEZ X|H35t 0 GPU 2[AAE HUANFE 2

rlH

AA EE MY

e VLLM, = Virtual Large Language Model2 NVIDIA Stackz} vLLM H| !

VLLM HRJLIE|7} RX[E0t= QLEAA TE

1 2 3 4 5 6

F= (Inference) MH

Queries Per Second

E Llama3 708
: w= TRT-LLM == VLLM
o [LH72 Q0] RE(LLM)7} HME HClEE8X0|T | ®
EH'H'EE AoIIIOI-J'" °|. A OIO i 2 15
e GPURFAIZIS E0|1, H|=2| A8 |
or*u|9lﬂ1 Gen Al OHEEIﬂIOI*‘IOI A = | 55
=0 SAl0f O B2 QM2 Ha|stA| st |
X 0
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Continuous Batching

GPU AH3 &&= Sthsiotl X|H S 2[5}

e Batching3&{

=23k vLLM

0 T2 Ts Tq To Tg Tp Ty
B' S' g' -_%_: Sé
Sa {8y
S'j S’J 3) 55 95
Sq | 5y 154 Vi b7
7Y 49 3 A Iy
Static S20IHETI o2 R¥E Me| ete = 8H, 2|1
Batching 02| KoM M| & HEZ 8
Dynamic MEZHLE AlZHwindow) oLt st Zo| @A
Batching = X7101| ot ¥ RS | Mg
Continuous | T ZQl ijx|et M @HS Al g8 3os, 28 4R
Batching SHo=z Ag WX 37| =2 | EE M2, XA F2a3

Paged Attention

GPU M| Eze| tHHe S S0 H|22| 2 S0t H|E BHE &=
Ztet HE2E| 22| 7

7 L External frag.
M Token states Reservation ® Internal frag.
frag. ™ & others

KV cache usage (%)

Orca Orca orcai vLLM
(Max) (Pow2) (Oracle)
L

KV Cache: Transformer 29| Self-Attention 2t 0f| A MM =l Key2}
Value HIE1E XZSHY, = AIMS E0| D aE2HCZ EZS WdY +
UEE 5= HEE| A 7=

KV Cache O|#:
7|12 LLM A|A”RIS2 KV WAl HE Al GPU B2 2|2] 60-80%E tHH =}
S ELUQHMfoZ HH|T

Paged Attention2 H|22|E H|O|X] tie| 2 2o ERot 220t
GPUO| 22| S H22| AF2S ¥

M ED}: GPU M2 2| THH 3} (fragmentation
(over-reservation)2 ¢
o GPUHEZZ ZEZUF &4
o O ZI HEHIAE (Context) length X|& 75
o H|E 2 X+ g 24
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VLLM 8 A= o

Prefix caching, FP8 KV Cache, Spec decoding S X|X3l2 &3 £EQtHIE &2

Without Optimizations vLLM

1[0

<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
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vVLLM 85 XIE o

SIEQIO]-GPU- 2 EE FP8 2|0|0] STt QAR E A| X352 XL 40% A 2| 2F ShAF SHA

Offline Batch Use Case H100, L40 Speedup vs OSS

Throughput Optimizations
Llama-3-8B-Instruct | 1xH100 | 2000 Input Tokens | 128 Output Tokens H100 Speedup vs OSS L40 Speedup vs OSS
20 VLLM 0.6.3 | ShareGPT Throughput VLLM 0.6.3 | ShareGPT Throughput
8% 30%
30%
o 19
+40% Speedup
15 6%
20%
T
5 13
5 o
E 10
3 10%
8 2%
©
5
0% 0%
Llama 8B FP8 Llama 70B FP8 Llama 8B FP8 Llama 70B FP8
0
Default Config Optimized Config
o [ o —_— = — L =
YIRE M5 EUS S5 AT M2lY 57t 21t S L40 GPUOIIA 22 2 (LIama 8B)2| 5 BH4t0] £

20
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Model parallelism
[ RS 2] GPUO|| LIF HIE X = CHEZF HA

fjo

7t

ofr

Model parallelism O]}

o RHEIZ 02 GPUY| 2LIA[H X 2|StH= B4 oruo M
o UBEOlBAlS DEO| 20]0jS GPUOY 2Bt K2 A T 1 T I
o 0|2 SRR RUS FTSHOSZ T + U ~
e I 5: Tensor, Pipeline, Expert, Data, Disaggregated Serving Model with 4 layers Tensor Paraleism with2 dogrees
Tensor parallelism0| 2%t 0|7
o OILIO GPUR ZEHT 4= Q=Y 2RI AAME 2| GPUTL Input Tensor — rGPU 1 rcpu 2 j| GPU 3 I| GPU 4 i
L M SAl0f £330 20, 22| $71E H1, Ha| 4=2 -
§O|U:|, HI% §%§E -‘Z!'Eaél'-)l\- 9;17'” 6H§ Partial Y, Partial Y. Partial Y, Partial Y.
* El:él 37' -ﬂ-j:" E'Lg’ ﬁlﬂ%l: thE#X-I El’ Hl%gjﬂl- Fina110utput (éum of Al{ Parts) |
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Kubernetes &t 80j|M 185, HE 22X HAE LLM FEZ X|Hot= &58M

S|
ctot MEQ QEAA TRHEQI
Kubernetes | .
° Kubemetes JIEt S0 T = HE TS
nference Gateway . _— o
e Reasoning REQ SHCE FE &% 2+7=HE F7t
2 = :
nference scheauiler ariant autoscailer ° g#gl GPU %8 A_IH_l ?_PKV Cacheg _gjgrol'j-ll-—l'otlg!(l:)refl”):—ll' %E!(Decode)% _E_El
infSionde podt i pol o EY U= FE(scalable inference)E 7+t 8H0] Latency?t ThroughputE 32|
A
= (i = [ A
== e e Google, AMD, NVIDIA, Hugging Face S0| &0

| |

Variant 8 Variant B g Y /;:'. i
(Decode) ln (Dscode) l“ AMDn ' C|IS. clo‘ €Y/ CoreWeave GO gle 53 Hugging Face

TPUs, GPUs, CPUs

== . Mistral Al @z
=35 intel. A| Lambda &' Mistra NVIDIA.

Block, File, Object Storage

Global Network

22

Source: ‘ Red Hat

- Red Hat Launches the lIm-d Community, Powering Distributed Gen Al Inference at Scale
- llm-d: Kubernetes-native distributed inferencing | Github - llm-d



https://www.redhat.com/en/about/press-releases/red-hat-launches-llm-d-community-powering-distributed-gen-ai-inference-scale
https://developers.redhat.com/articles/2025/05/20/llm-d-kubernetes-native-distributed-inferencing#?source=sso
https://github.com/llm-d/llm-d
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.RedHat AIE S8t S 2XQI LLM 2F ond =2 4= 34t

Sl 2HEAEH(Key Observations):
[ ]

g Um-d

L2 24 =22 22t Iim-d

Kubernetes 280f|A| 185, H|IE 22X 2 LLM FEE XNJ5t= &F4
e e o IGWEIIm-d2| vLLMO| Bt KV FHAIS
O|AI"'|.|— **I:I"'l. HM’(EE HH En_'lél)**j'—l' preﬁx

en (s)
en (s)

cacheE QIAlGHE= IR E WA S 2.5 Il

Time to First Tok
Time to First Tok

e 0| 7|52 HAESH| €3 LMbenchmarkzt=
. - T2 2042 8 GPU(H100) =E(& 16 GPU)
’ Llama 3.1 70B - 4 replicas, TP=2 - Scenario 3 (S3) %75' O'”A-I OI:I%E—':! T-I ZIEE = 7|H|-9§ %7|-

TTFT vs QPS
DR o KVIHAIS ZHALE, 2tRE(2H) SR HIAE
; Model Configuration ISL OSL LatencySLO

S1 LIaMA 4 Scout FP8  TP2, 2 replicas 20,000 100 None

S1: 4 QPSOl| A lim-d= 7|& Cd| oF 38 H2 B TTFT(Z = S2  LlaMA4ScoutFP8 TP2,4replicas 12,000 100  P95TTFT <= 2s
EZNX|Q AZHE EMet
° 52 Im-d= SLO(MH[A & SH)E UHESHHA| 7| CHH| 50% O S3  Llama3170BFPI6  TP2, 4replicas 8000 100  P95TTFT <= 2s
2 QPSE Hla&

o S3. lim-d= SLO H|ef =21 50| A 7] & Chl] 282 QPSE

X 4xoR 9x|gt @ RedHat
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Quantization
LLMZ MY E Hetol A H 22| S S0|0 H|E4 (25 74M
oktle . . Quantized model:
ZXteH(Quantization): Llama-2-70B, Format FP8
° C|X|& AMSo| MO E LA A F 22 =0|= **QFX| 3} Base mosiel : :
(Quantization)** = Al/ML, A= H2|, &= Sof| =8 24,43
o LLMOIME £X| HALS ZHA SIS M2 M2 X2 ST SFAE sEuRolE S
L ml2to|E 2 E3ste|
il Ete g e AFRE|S bit 2
o LTI}
O Welght %|:I|'§|-' X-I él- _g?_} E;ltl D-”EEl'l XE-I?ZII- (¢ Co‘lor) g oo

e.g. 100B 2 _ BFloat16(200GB) — FP8(100GB)
o Activation ¥X}s}: HAF & E SFA

o KV Cache ¥X}e}: FHA| E2F 8l Attention & X A3}

Source:
- What is quantization?

O LLM Compressor

Model Size:
70GB

v
Dds 2EsH=0|
Zastoza|.
Serving H22|[1]
L

24 Bit
(256 Color) (16,77,216 Color)



https://www.ibm.com/think/topics/quantization
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LLM CompressorgE £

== M ZES LLM Compressors Sofl 2Atet ot RH AIO|Z2E S0| 1 £t &S 50S

] Zoy D AlO|X* | Serving HZ2|** | && Hg | Hac
~ \
Llama 3.1 Llama 3.18B (Lean Llama) FP16 16GB 40GB Fast ¢ Good
o H ~
Llama 3.170B (Bulky Llama) FP16 140GB ~280-300GB Slow & e | SOTA
Llama31 | Llama3170B-FP8 FP8 70GB ~120-140GB Fast »&  SOTA-equivalent
AE= (Optimized Llama) O 9
Models Tl Sort: Most downloads
N neuralmagic/Meta-Llama-3.1-70B-Instruct-F.. N neuralmagic/Mistral-Small-24B-Instruct-25..

*Model size = just model weights

**Serving memory = model weights + KV cache + activations + runtime (vLLM) overhead
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e - °° DEl SE AL 2 X H Eaot Z2 XXM
HF Model Hub Model Depl t
B A = LEPUSE R 12 Q7 HES e
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. Compressitn Pipelines { Skt | BN x E - O-I -?_l EIE AOHé-)l 0:1 _I?l_, zIl-cl)zl-l %8 ‘lel—lﬁ Dxi.goo:l ,OEI IIH
I = | Moz = x| o A
3 Fine-Tuning Pipelines W evaiuate 1S ‘ —-> VLLM ocoo= o T
@ Pre-Training Pipelines I Benchmarking and Performant I}”E | AI__Q_E_': EA' x_l |E_F
Evaluation Inference E_ E_
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Red Hat Al Inference Server
LoE| T HEHHE SSH AR F=E2 XS

Inference runtime for the hybrid cloud Compress Models
MEfot DS O Sk o220 E{Lt Ofrfet : | HeldE |RISHHAM ALzt H| 88 e/t

SFME MY = ASLIC

] Red Hat Al Hugging Face repository Certified for all Red Hat products
|_—{b— 20| ERtE AT = X HotEl HE Z Mo ( 5 Red HatO| OF! 2[5 A 3! FHU|E|A ZZ 0| M = HiZ I}

UM A FHSBILICE 7tSEiLItt.
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Select an optimal LLM An efficient inference runtime Broad support for hardware
Red Hat AI2| M ETL}E|Of| A HABStAHLE f =5t GANVIDIA. ==t
/LLM AMDY o

E':'”ESH Ek_g_js'c;l-LE. .
AE2 HIE AR 7} |CF Google intel.
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