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Al ENGINEER | NLP RESEARCHER | DATA SCIENTIST

EXPERIENCE

e Al Engineer — Ascend Group

e Senior Data Scientist, Health Link Special Project — BDI

e Al Software Engineer Intern — BOL

 Analyst - Bangkok Bank

e Data Scientist — OSN

e Nuclear Medicine Technologist — Bumrungrad International Hospital

EDUCATION

e M.Sc. in Statistics, Data Science — Chulalongkorn University
e B.Sc. in Radiological Technology — Mahidol University

RESEARCH & PUBLICATIONS

e WiML @ NeurlPS 2026 | Where You Put the Space Matters: Boundary-Conditioned
Whitespace Robustness

e |[EEE JCSSE 2023 | Conference Paper | Improving Pre-Trained Models for Multi-Label
Classification in Stack Overflow: A Imbalanced Data Handling Methods
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Mixture of Experts
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is1uuvlulaa TPvsEP
vy GPU ag1vls?

TENSOR PARALLELISM (TP8) EXPERT PARALLELISM (EP4)
wuv layer 1dgouu 8 GPUs ns:D18 Experts uu 4 GPUs
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NVIDIA x vLLM Open-Source Community

60+ 110+

Nvidian vLLM contributors PRs merged during past 3 months

=X YO XX 1
ORTPODD

< LM
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Day O Support vl LM

savsulutaatkuavucsuacn aaLaisamssavsululaa .
VLLM (Bvrulutoadulddouaiduusn yelhlsSunadaula: Deploy [A1SHdu

Day 0 support for 12 models so far

e
Q2 2025 Q3 2025 Q1 2026 Q2 2026 Q3 2026
GPT-0SS Mistral 3 Kimi K2.5 Gemma4 31B Kimi K3

Step 3.5-Flash MiniMax 2.7 Muse Glimmer

Qwen 3.5-397B Mistral Medium 3.5

Mistral Small 4 MiniMax M3
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Bottleneck 4 s-qQuuovs:=uu Al

Level 4 (Macro) NVIDIA Dynamo

System Orchestration
JAMUDLIANSIDIYVIUADSUU

Level 3 DeepSeek RI

Memory & Hardware
DANISKUDIADIUILLA=TISALDS

Level 2 MiniMax M2.5

Cross-GPU Communication
aqnaldoanss:k31o GPU

yauLwaUayrKI

Level 1 (Micro) Kimi K3

Kernel Compute
IsvAIsAuduAgiu GPU
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The Full-Stack Optimization Matrix
MoE Models

Kimi K3 %  Bottleneck: MoE Tail Collectives Solution: Kernel Fusion

MiniMax M2.5 %  Bottleneck: Tiny Payloads, Big Syncs Solution: One-shot All-Reduce

. Solution: Disaggregated Serving &
DeepSeek R1 >  Bottleneck: P/D Memory Imbalance Offloading

Dynamo > Bottleneck: Request & State Chaos Solution: KV-Aware Routing
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Kimi K3

Latent MoE Optimization
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N1y MoE tail navius ?

[ Hidden statesj

i/ Router | | Shared Expert ﬂ |
L _

> ' ' >

a0

-1 28] (n]) PO—|2]

|

Routed Expert | B
L S n—) 7168

J.

e Shared 7,168
* Routed 3,584
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yuravanaluimau

Shared

Experts

1!'1””,"1'1 '1“'1!1!"“”""

Dimension Size: 7,168

Routed

\AAAAALALL)

Experts

Dimension Compressed to: 3,584

Bottleneck : MoE Tail Collectives



Kimi K3

2anaav Optimize wa aa latency uav MoE tail

Shared branch
All Reduce

Routed branch
RMSNorm + Up Project
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nouni Kernel Fusion

Input Tensor

»-

1ISgnKalsy Kernel ugnau

GPU Kernels nviuugaau

Kernell
All-Reduce

(soudioyamiakans GPU)

!

Kernel 2
RMSNorm

(Usuanadioya)

}

Kernel 3
GEMM

(Up Projection)

}

Kernel 4

Element-Wise Add
(soufiu Shared Branch)

Output Tensor

& ==p €

@ == @

kavni Kernel Fusion

soukale operation lu Kernel 1d9> (aan1ssa)

Input Tensor

ro-

Fused GPU Kernel

Reduce-Scatter
dodisuivadu

+

RMSNorm
(Usuanadioya)

+

Up Projection (GEMM)

(wlavuuna wu 3,584 — 7,168)

+

All Gather
(soudisya GPU du)

+

Element-Wise Add
(sounAu Share Branch)

Output Tensor

ad



RESULT AFTER OPTIMIZATION

BEFORE ' AFTER

— R ——— J \ J

Split All Reduce \ Overlap communication + compute Fuse All Gather + GEMM
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Kernel Fusion a># Flashinfer

MOoE tail Daraaav

il O
l 9 o 5 /0
AllIReduce
+
AllReduce (routed) + RMSNorm (shared) “

=13.2 ys !

- AduUsu

(1) Routed All-Reduce + RMSNorm + Shared Reduce-Scatter
@ Shared All-Gather + Up-Projection + Add (multicast store) & Lamport copy

=~10.6 ps

2 fused stages + copy sou 3 kernel launches
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72 to 111 Tokens/sec

Us=3nsnwuwudu 19.5%

111 Tokens/sec
72 Tokens/sec

il

Before and After Kernel Fusion
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MiniMax

AswuUs=ansnw Full Heads RMSNorm
028 One-Shot All Reduce
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Bandwidth wWSguldaidaundiunadvuavauu

N GPU kahgaavioyanaulkeyuiuluniau e
\ y

wa MiniMax M2.5 avdayanidnuin LAWYLLAUAII0gI02RD tkduavas:aryluaunwuldne UNULGY)D
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Latency wa: iAiamnduaaulku ?

lUavayatanaululu Bandwidth UeykikandvikaoIwev Sync Barrier

ausgidlkuavnis Optimize Ad

| "9rudunsvin GPU davkagasanu"
I 'V

Data Aze
Latency ~ Sync Waits + ————
D 4 . 141,
baxawilidtn

UayagnUulkaaun Scalar
USureunisasiosuutnSauigdvunuildurug

WlawgrauaNuAdvYavRadY (Bandwidth)
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|

QK-Project

'

Per-head
RMSNorm

ni

Standard Architecture

|

QK-Project

l

'

QK-Project

Per-head
RMSNorm

'

v

Per-head
RMSNorm

v

ludavdvAvIu GPU

u MiniMax

|

QK-Project

v

Per-head
RMSNorm

avav

l

D

MiniMax M2.5 Architecture

l

QK-Project QK-Project
Full Heads Full Heads
RMSNorm RMSNorm

N

|

|

QK-Project QK-Project
Full Heads Full Heads
RMSNorm RMSNorm
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A :

davgvAdayann Head o GPU

lAsvasvuav MiniMax UVAUIKADVKIATWASIUMALADL (Squqre Sum) »1ana Head nﬂs ed8uu GPU
aa=ad milkiaa All-Reduce Operation kavduaau Attention 2evKaNEevILIA
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UJsymrlulaogn ‘vunradonya’ uaagn ‘a1ssa’
Bottleneck: Tiny Payloads, Big Syncs

Head 1 Head 2 Head 3

Q. Q. Q.

50| | S50 | 5O
00| |00 |0~

==

Square
Sum

avndavdvATWevA1 Scalar (Square Sum) iduada Head dksuldudmisiu RMSNorm
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auns RMSNorm

T (duwa):
12ALODSBUWQ / hidden states
uu GPU 1pdovd

Us:=uoawalaluuaa: GPU oo
(Local Compute)

RMSNorm(z) ==
d (D6dou): J (Zl‘? (oKas): \  cosao

yunauoviadsgou (hidden dimension) Wasoufnavaov (Square Sum)
n{3lunisrin normalization dovlkwasounnn GPU

(Network Bottleneck)

x
© 7Y

v (uAL):

wis dinasananizousla
(Learnable scale parameter)
AfULLUUS189VAUSNDU
(Element-wise)

AYAVYNLAN €|
IWDADWIFdDYSITVAIIAY
(Numerical Stability)

isTlusdudovadv Vector x NVKUQ REVLAAIUIA Square Sum [WERD AV
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Bottleneck uov RMSNorm

MIlucovso?

@ QK Projection uuvoiu Rank

@ RMSNorm (gaaasounu

@ All Reduce U Barrier

ou Normalize

.

Q

I

IWS1:=Ka18 GPU Govsoud
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wuuavLan: Two-Shot All-Reduce

AStUJIUNIS:

| |
| :
s T Reduce-Scatter -
= _ umm -
GPU 1 = > - T All-Gather
<C / <C
= = Usuneudoua (Traffic):
GPU 2 oo —NEEY s — AGENY,
- N
e i 209 (Sync Barriers):
GPU 3 L _mEm > M —  |2ASY
(o < s
o o Latency sou:
GPU 4 o > & — [15.5 ps
el R \
! |
! )
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uwuudsuuav: One-Shot All-Reduce

AS=UDUANIS:
All-to-all = Local Reduce

Jsueudaya (Traffic): n*=n

2059 (Sync Barriers): 1 ASY

Latency sou: 7.4 |.IS

[BARRIER 1: WAIT]
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Heuristic Rule Base aixsu Dynamic Routing

if batch-size < 40:
protocol = One-Shot All-Reduce' # Optimize for Latency (1 Sync)

else:

protocol = 'Two-Shot All-Reduce'# Optimize for Bandwidth (2 Syncs)

1o Batch Size < 40:
USuneaudsiostoyauag (N2-N)
laon One-Shot
dvdayaasv (1 Sync)
UszKkgaldalkuow

o Batch Size >> 40:
JSuneaudoyaukiAia
‘dauls Two-Shot nun
IW2aQN1SPS19SIKkao 2N-2
goullan 2 Syncs

Batch Size = 40

Flashinfer Us:lduanid:uavaouda (Bandwidth vs Latency)
lasdauoanosnuaaluuduuu Real-Time laglucov Hardcode
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Two-shot vs One-shot

rakO rak1 ak2 rak3

Reduce Scatter + All Gather I I

One shot All Reduce

Barrler

Emﬁﬂimm1§mﬂ2§m“3§

HBEET
EI'Eléing el " H"H"H"E
1 B A el 1 0 H B |
1 i ¥ L § 1 " H - H - H K

Barrier

wﬂi

§om§

rank 0 rank 1 rank 2 rank 3

i| out2 |!
: | out3 |!

T

Barrier

ankﬂ akl akz ak3 akO rak1 ak2 alr.3

-III

3

§mmo§mm1§mm2§mm3§
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All-Reduce

Two-Shot One-Shot
WLAUUIA donoya
J GPU | " GPU 2 GPU | GPU 2
B2 3 4 2 4 5 il (20 150 & 2 3 4 5
L . s ) 2 [ B (B
|2 B | dengmumeE
GPU 3 GPU 4 GPU 3 GPU 4
3 s B .455 ; 4 5 HEER BEBY ,
6S - so 2 ASY 12S - so1ASY
mwiaan - doyadosou - S =tensordu 1 o
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Compare Results

Two-Shot One-Shot
Traffic Size 2(n-1) [WINNER] nZ-n
Sync Barriers 2 ASL 1 ASv [WINNER]
Latency 15.5 ps 7.4 us [WINNER]
Tiny Scalars
Use Case Large Tensors (Batch 5n)
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Latency aaav 52 %

Two-Shot 15.5 ps iy
—, -52%

One-Shot 7.4 pus T Latency

-] I i
i
|
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DeepSeek R1

PD Disaggregation
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SOA)D

doAUD

(= 5 r_‘

Prefill: Uszudana prompt

- |TL
Token1

2

Decode: (v KV Cache asiv token ad

Token 2 Token 3 Token N

]

y

Ji |

LLLA

a1nlasu Token usn

TTFT souai1sofdlazAIUKUIvIU
lulsoan Prefill og101G08d

LLM Inference niviuagivlis?
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Genheration time

1Da11A token usndiv token gome

TPOT = pa1taagco token KavodLsa
AS22UgUUIVIASOYUDNEIQ

@ 2n2tomy.of sn Al Stack: il Inference Engloe fiufualh, ) sackc

ot : ck:
<6~ 27w iilu Inference Engine fioiluraia

&

aigade Usiminigds I
CEOPCRA, alicatet o'l Iz maws]




Bottleneck : P/D Memory Imbalance

Prefill Workers
(Compute-Bound

/J (L Decode Workers
\

(Memory-Bound)

Prefill (EwavAudauukIAa Lalaus | |
Expert Parallelism (EP) &vs=au EP4 mslkaa Weights vovluinalkay
dorikiAa Latency goév 4,900 MiKiAanaikyaso
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aa Bottleneck arg NVFP4 Quantize aou All-Gather

andaanssuyov DeepSeek R1 (6 Data Parallel soufiu Expert Parallel mikdovidnism
All-Gather Uoya Tokens naudviisu MoE

pawasudrAey: 1ovoINs:UUMUIUSEVSUAIIVAIBIaLUU NVFP4 1d 1s3vudav
Hidden States 91n BF16 Ju NVFP4 ‘Aau’ duiiulnsoule

Old Way Compute |mmp OBU;%:) gt =y Ar;ll'fg;?r::r m)| CQuantize |[mm)| Process

Quantize to Network
o d NVFPa locally BTN BT

| g1eUuaau Quantize LI3nau Network IWadvdayanianaw

New Way Compute | mmp OBul;cia gt
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Traffic Network av 4 \n1 Us:kga Bandwidth

NVFP4 Quantlmtlon aauumIV\laImaﬂa\) 4 \N1AdDUNQEL uaaaoUsmfuuaua (Trafflc Slze)
NCoVIVUIU GPU wa: Node avav 4 1n1 lwlauugv Bandwidth \)1ua\maualaslasab

Data Plpe

AT

"""

.........

h‘_ e s e — e —— a—

aqsIUdULASEVAGILATAUALDIN 4 1ASOVIKED 2 1nSV angdvAlaviu uaus:kga Bandwidth Tanvs:zuu
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V2 Weight Offloader & NVFP4

GB200 NVLink

(5 Bandwidth a>1uiScavuavnivasulgada NVLink {u
AsSudvdayas:kd1v CPU ua: GPU mMikawwisadaunis
[kaa Weight 1awasaalu (V2 Weight Offloader) TU
wsSaue AunIsAtudaulGagviUs=ansnw

aauvuia Expert Parallel (EP)

Wous:kgakudeAIUD lagaasuduLlASavnaavAg
AUaLIN 4 LASIVIKAD 2 LASIVL WIAEYUIULASIVUDY
av aeavAlaviu uazus:kga Bandwidth nvs:uu

aa Latency 1au 50%

Prefill iUu Compute-bound

msaa EP ¥heaa Overhead asdaaisavagiv
u1n Latency aaavoin 4,900 ps tkaowew
2,000 ps (acavuinnii 50%)



lkaa Weight uuu overlap

nislkaaunkun (Weights) vovialwasdall douru (Overlap) fiunisus:udana (Compute)
vovlalgosUvauulasauysal Us:kga VRAM ukimalagliina Time Penalty 288151
aunsavenguuna Expert Parallel (EP) avldluguaauciolu

Idle Time (Latency)

Traditional

Tlmelﬁlntli.‘ :} Compute Layer 2

Ikaalasonou

flvD:ISUAUDLU : i
. 1Dan

:]E Compute Layer 1 8 Wait: Load Layer 2 Weights

b

Ll

Overla
Timelinpe :} Compute Layer 1 ::]E Compute Layer 2

1Dan
IkaauauzAUDTU >
(Gounula) Load Layer 2 Weights gou Latency

[UtAa Time Penalty
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NCCL Reduce Scatter Latency

DeepSeek R1 — V2 Weight Offloader
NCCL reduce_scatter Latency (NVIDIA GB200)

; - | 4998
—e— 2 GPUSs

- 4 GPUS 2537 4203

103.

Latency (us)

102_
59

>3 2'5 2'7 2'9 211
Per-GPU Data Size (MB)

Wada NVIDIA GB200 - .USguULNgU 2 GPUs AU 4 GPUs WU Per-GPU Data Size
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1 Decode Worker (EP8)
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Prefill-Decode Optimization
DeepSeek R1 - PD Disagg Opt

4 Prefill Workers (EP2)

1 Decode Workers (EP8)
DS-R1 Performance - Timeline

30

M
wn

(]
o

[ -
o

Tokens/sec per GPU Type
=
ol

o

26 Nov 3 Dec 10 Dec 17 Dec 14 Jan 21 Jan

B Prefill I Decode M E2E

DeepSeek R1 twu Throughput dxan1s Optimize Prefill ua: Decode Lonau
1asusu Worker Allocation au Expert Parallelism (Kikuizaulcia: Phase
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-50 % Latency

nisaanisdoansilusduluzov Prefill goalk Latency acavegvdaou
ua:aanaudquavs:uulduin

6,000 |-

4,900 us
E aaavuinnil 50%
% 4,000 - |
= .
e
& v 2,000 pus
- -
0
EP4 (4 GPUs) EP2 (2 GPUs)

Overhead Latency aau1an150 %



10,000 tokens/sec
09 1 GPU
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All-to-All Backend Options

-=all2all-backend -=all2all-backend

allgather_reducescatter
deepep_high_throughput allgather_reducescatter

deepep_low_latency deepep_high_throughput

deepep_Vv2

flashinfer_all2allv deepep_low_latency
flashinfer_nvlink_one_sided

flashinfer _nvlink _two_sided flashinfer _all2all

mori_high_throughput
mori_low_latency, naive

Nnixl _ep
ppIx
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Take Away

K, We can split All Reduce into Reduce Scatter + All Gather, and hide their latency separately

K, We can fuse All Gather with GEMM
u][ﬂﬂ Use one-shot all reduce kernel when traffic is small

(" Better use smaller parallel size in Prefill workers; consider weight offloading
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NVIDIA Dynamo

Distributed Serving
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NVIDIA Dynamo

OPENSOURCE Framework {0ud LLM serving wiori Scaling Taviadu

e Dynamo aaaindovsadiksums Responsetisnuav Al As19:59a31 "time-to-first-token” kéa TTFT

e dunsasavsumsaunul Al kargsrtgmsiunandednulaslu Delay KSaiilog

e JamskudgANUFIGE Tmsdedoyanduins:ki® CPU, GPU, Storage walklulaalu@iadandovse
nsSwenns

o rhviula:tdounu Tools Tdkankae (supports OPENAI Compatible Frontend udaA Backends: TRT-
LLM, VLLM, SGLang or others)

e ms optimize KV cache iatsiagAu Al 619 Dynamo s=anunsamudeutia:dvdonnu lu Server Addo
nadiagudd Miknas Request 1$H53u 3 1M

e Dynamo awisatfudayaBlukudeadnusikareus:ian (makudeanus GPU AdTUsudvWuniiudoyan
g1n31087v Storage) mikanuisasavsumsaunuine1ddulagll da bottleneck

== 7uuTéin Python by AGICAFET

Nvidia Wiaan OPENSQURGCE Fr'ar'r'ue:'-m'-::nr I

s ivdufidraulaasu ¥a Dyname Failu.
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Idavwanisus:=udana Inference vovs=uu NVL72

Intro to Dynamo — Push InferenceX Result

240M ~ @® GB300 NVL72 (Dynamo TRTLLM)
@ GB200 NVL72 (Dynamo vLLM)
220M - S @ B300 (vLLM)
GB300 NVL72 (Dynamo vLLM)
@ B200 (vLLM)
220M ~ Date: 2026-08-14
Image: viim/vlim-openai:nightly-dev-arm64-cul3.0.1-426e59f ® FP4 (O FP8
200M + P90 Interactivity (tok/s/user): 38.775 & KV offload ON
Total Tokens per $1 USD (tok/s): 202,742,321.034 . . ,
180M T oA » Inference optimizations enabled D)
— otal Chips: 28
-
E 160M _ A ZxDEI::ti 1 EEME Deployment: Disaggregated
0 2 Prefill: 16 Chips, TP: 8, EP: 8, DPA: True, Workers: 2
7
2 140M - ¥ Decode: 12 Chips, TP: 12, EP: 12, DPA: True, Workers: 1
— J
H:r 1xDEP8+IxDEP8 Concurrency: 1152
S 120M - 2 Precision: FP4
w DEP8
s C=192 Offload Type: DRAM
-t ® S - -
© 100M - Aepa KV (ransled Engine: Mooncake 0.3.1.post1
-g c”?zzotk\)nspa KV Transfer Engine: NIXL DeepSeek V4 Pro
A =22
2 80M 4 )\‘D\JSB 4 Router: dynamo-router 1.3.0.dev20260720
C=2‘5€,§ Theoretical Cache Hit Rate: 96.7%
= Speculative Decoding: MTP
A0M Prompt Tokens: 13,194,017,677
S Generated Tokens: 100,789,363
20M == =% GitHub Actions Run TP8 TPa
b — o C= C=1
0 o 1S E—— O
I ] I ] ] T ] ] ] 1
0 20 40 60 80 100 120 140 160 180 200

P90 Interactivity (tok/s/user)

InferenceX — github.com/SemiAnalysis/Inferencex

nsl§ PD-Disagg (Prefill-Decode Disaggregation): gasszuu (Recipe) nlkUs:ansmwavaauu NVL72
Fwsulutaaward unun\)huolaaﬂlumsuaﬂaauUs sudawas:=kIv Prefill ua: Decode



Intro to Dynamo — Push InferenceX Result

@ GB300 NVL72 (Dynamo vLLM)

22M
@® GB200 NVL72 (Dynamo vLLM)
TPB/DCP8
20M 1 G° GB300 NVL72 (D LLM) P o )
, namo v
: L X @ B200 (VLLM)
Date: 2026-08-18
1o Image: vilm/vlim-openai:nightly-dev-arm64-cu13.0.1-75c2eef O FP4 [ FP8
1aM - Pa0 ]ntEfaCtiVity (tokfsfuserj: 82.85 @ KV O.r.ﬂoad ON
‘?{%TQF'EB\%DPB Total Tokens per $1 USD (tok/s): 9,729,131,252 , s
&5 2 : “Inference optimizations enabled (i)
- TP8/DCP8 Total Chips: 24
@ 14M - o Uk
~ . T
& TP8 .-'Déﬁﬂ 1xTPB/DCP8+1xTP8/DCP8 LEPIOYIENE Disaggi et ng
a  12M - C-32 %\ C-64 Prefill: 8 Chips, TP: 8, DCP: 8, EP: 1, DPA: False, Workers: 1
%) \ :
= ”e‘;‘ E Decode: 16 Chips, TP: 8, DCP: 8, EP: 1, DPA: False, Workers: 2
@ 10M - TFBP([:‘?;ECPB TP8/DCP8+1xTF  Concurrency: 48
? z e Precision: FP4
6 TPREP2 TP8/DCP8 _
S 8M- *LC:B{\ c-8 Offload Type: DRAM
& ) s
3 TPBPP2/DCPS @, KV Offload Engw_we. Mooncake 0.3.12.post1 . :
T 6M- c-16 \'\ KV Transfer Engine: NIXL Klml K3
© N, ia Router: dynamo-router ba830alecd3d1ce9f8559e576d3c5bc9e092f11
ol ‘coa  Theoretical Cache Hit Rate: 97.4%
@™~ Speculative Decoding: DSpark
aM - Prompt Tokens: 64,183,413 ;‘J?Pﬁ TPS{$CPE
- e
Generated Tokens: 3,747,952 ¥ e
. - = .
2M - GitHub Actions Run PEPP2
c-1
D | | I I I 1 I | I 1 I 1
0 20 40 60 80 100 120 140 160 180 200 220 240

P90 Interactivity (tok/s/user)

InferenceX — github.com/SemiAnalysis/inferenceX

Mo81vwu Dynamo-vLLM waaviktkuinisid Dynamo Suite 10hu19an1Sszuu
souAU VLLM voelhinsvamduazaods:ansniwuav Kimi K3 uu NVL72 milagvaa
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Open-Source Activity

Intro to Dynamo

to 2,428 ﬁ? 8,902

COMMITS STARS
In the last 52 weeks and counting! 3¢

COMMITS PER WEEK (Last 52 weeks)
120

90

: i I|IlI||I||II“I|||I|
o et it I

My23 Jul 23 Sep '23 Nov 23 Jan May 24

[ O github.com/ai-dynamo/dynamo }
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Serving Ecosystem

Intro to Dynamo

vLLM
v SGL

<A TensorRT-LLM

lu Ecosystem U 1s1anw1sals Dynamo sounu Engine 9810 vLLM, SGLang KSo TensorRT-LLM ua:{g Kubernetes @>gvan1sns Deploy
Inference Engine rikdnsululaa d@u Dynamo yoguds=aiuviutlazvanis Requests s:kd1v Workers
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Supporting Repositories

aiperf | Public

AlPerf is a comprehensive benchmarking tool that measures the performance of generative Al models served b /\A
your prererTEd inference solution.

@Python Yy 556 B8 Apache-20 % 150 (&) 35(1issueneedshelp) I9 56 Updated 2 hours ago

nixl  Public

NVIDIA Inference Xfer Library (NIXL) MW

®c++ Yri1201 Y a0 oﬁﬁ 11 197 Updated 3 hours ago

modelexpress  Public

Model Express is a Rust-based component meant to be placed next to existing model inference systems to speed e /NM
up their startup times and improve overall performance. R

@ Python w127 5I5Apache-2.0 Y 66 O 23 11 34 Updated 34 minutes ago

Al Perf lsdrksSula Performance, NIXL u:alsa\)mssua\)uauas.mw Workers lagiawa: KV Cache ua: Model Express vygaavanasguluaalkwsaurimu
2:1Kku31msii1 Distributed Serving fiidus: AnsmwdavarfokargavAus:nausiuau IilduAd GPU Ausvksa Inference Engine ft$iadv1deo



NVIDIA Dynamo

ssuullUUAYLIGUaaUlisID:=Us:udana request Al nvkualuas@ed svludus=ansnw

Dynamo ilaisuuv workers agvijus:ansmw
laguuv workers 29aLlu 2 du

- Prefill msUs:udanadanduisudu (tEarsAudaunin)
- Decode misaswintau/Mmikuudazasv (Govsiais))

=== #uiTfn Python by AGICAFET

Nvidia Wapan OPENSQURCE Fr'ame:w-::url-:

i wdufidiaulaasy Ta Dynamo dailu.
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Distributed Serving

Optimize Request Routing + KV Cache

wd1seun Cache ua: Load

Compatible with OpenAl API, LlamaStack APl and more

KV Cache-Aware routing with specialized KV cache insertion and eviction algorithms

NIXL 8>05udv KV Cache —

s:Kk31v Workers

-: Context Engine

Generation Engine

Distributed KV cache Distributed KV cache

Us:udawa Prompt ua:zasiv KV Cache a1 Output Tokens datiiov
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Prefill / Decode ugnau
Scale worker uca=nauau workload

| Compatible with OpenAl API, LlamaStack API and more |

KV Cache-Aware routing with specialized KV cache insertion and eviction algorithms

PREFILL | | KV TRANSFER | | DECODE

Prompt — KV Cache | KV Cache Transfer |1 Generate tokens
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Dynamo 13aa Worker agvls?

Bottleneck: Request & State Chaos
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Fault Tolerance

NORMAL

KV-aware Router Decode Workers
Route to the best worker Process requests in parallel
based on KV cache state with KV cache

Distributed KV Cache

KV blocks across workers
(high cache hit rate)

RAY SUMMIT 2026

' FAILURE STATE

Distributed KV Cache

KV blocks across workers
(degraded cache hit rate)

KV-aware Router Decode Workers
Route to the best worker

based on KV cache state

Process requests in parallel
with KV cache

N
High availability Cancellation
stuugvaoula gnldanviunlucdoavm

Migration
g1 Request WalUeyk




Dynamo 2.0

Original Roadmap

-

Multimodality

-

Diffusion

«{F - 5-’&% o § Gl DIFFUSION

& v vLLM-"Dmni

%

Slime Prime RL Nemo RL

r 5
RL
S, v <3

J/
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asumwscuaardagnssu

lutaa/ s:uu inalinkan (Core Technique) asawds [ aina naaws (Impact)
(Model/system) (Hardware/Scale)
Full Heads RMSNorm
MiniMax M2.5 (Reduce Square Sum Scalar) + s:Qu Tensor Parallel aa Latency av 52%
One-Shot All-Reduce
NVFPA Quantize nau All-Gather + V2 .
) Traffic 4x, n:a >10k
DeepSeek RI Weight Offloader GB200 NVL72 T tokens [sac [oPU
(aa Prefill EP 3o EP2)
Latent MoE Kernel Fusion oUW LR 72
Kimi K3 (Fuse All-Gather 11 Up-Proj, GB300 (TP8)

Fuse Reduce-Scatter)

-> 111 tokens/sec

Dynamo Suite

RAY SUMMIT 2026

KV Cache-Aware Router +
Prefill/Decode Disaggregation +
Fault Tolerance

s=QuU Cluster

Zero Wasted Compute /
High Availability



Full-Stack Optimization wiaaa Latency [auindu
[a Token nasivdu asvwadilsla AuAInawavviuadalad

COMPUTE IS REVENUE

EXTREME CO-DESIGN — TTFT, TOKEN/WATT
SCALE & EXPERIENCE — TTFT, MTBI
CUDA ECOSYSTEM & INSTALLED BASE — USEFUL LIFE

Al FACTORY
REVENUE

) Anctomy of an Al Stack: sl Inference Englne S, ) stack:
2687 i Mlu Inference Engine fiviluraih

= - )
aigads Usidiaiads
CERCAD, AGAcalet o ¥l mwniny
AGCAFTS soateSmi b tralir raw bisonm Wils d
st iiedh T aViteon daploy 1 b
o o vl LA i Dosptaarrin e A mhaxiacdion
sl |Vekyn S0 1R

UnNEDAY

Jensen Huang believes that in the era of Al factories, every token generated can bring profit.
Performance per watt, reliability, and system lifespan are the core financial levers.
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