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Lecture Overview

* Vacuums to tokens

* Intro to modern day Al datacenters
» Al factories

» Datacenter architecture

» System architecture

* Open challenges

o Al inference
* How it works

* KV caching

* Inference at scale using Dynamo
* Aggregated approach
* Disaggregated Inference

» KV aware router, Planner, and others

* Open challenges F—
PROGRAMMERS WHO DON'T

 Fault tolerance

* Load balancing

Credits: Wen-mei Hwu, Junda Chen
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Al Today

Vacuums to tokens in <122 days ©
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xAl 100K Cluster = 200K soon

>150MW Datacenter

Electric substation
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Al factory - xAl 100K Cluster = 200K - ???

4 data halls, each data hall is 25K GPUs, liquid cooled racks, each rack with 64 GPUs
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Al Success

Industry transformation is happening

Business functions in which respondents’ organizations are regularly using Al, by industry,’
% of respondents

L L A
~ Path to 1 million users* (# of days from launch) Q 5 '%,/-) ’50%
2 o 8 &
< A & A B % <
,%O /%’“0 ’0’5& ),:? 3 0@@ /0% OO@O’ ’5990 000’@
. % () S &/ (8% P (o4 o
ChatGPT @ Instagram Spotify Ve 4 »@o A% OO\;\Q /Ooe y G”o' ‘90%) Q/% %/f ‘o, ’Q;{o
pA 7 Ay
~5 days ~75 days ~150 days i fé,@ ~*‘<,, ’5%, %, '>o;_ %,,7 % % % %, %, ’b%
K% % & B % % % %
Knowledge

Marketing
and sales

n
. . n
or service ISy 32 40 49 33 21 33 34 28 29 30 23 41
development
Software |
engineering 26 33 39 58 292 30 292 19
Human -

Service
operations

Sources: Google, Subredditstats, Media Reports
Product and/

WAYMO ONE

Risk, legal,
Now and compliance

serving over

Strategy and
corporate finance

Supply chain/
inventory 00 05
pai d trips management
er week |
Use in at least
1business 88 96 95
function, %

https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ait/ < NVIDIA I



Al Flops outpacing Moore’s law
4.2X flops growth per year for LLM models. What about inference needs???

Training compute (FLOP) (%) 422 estimates out of 862 models
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Power is THE primary limiter for Al training beyond 2030

-~

Training compute (FLOP) 5 EPOCH Al

33
- —— Median

. 2e30 FLOP 3e31 FLOP
10

Median
101 Median 9e29 FLOP
2e29 FLOP
1030
2030 compute
1029 projection
102°
1027 10,000 50,000 80,000 1,000,000
times greater times greater times greater times greater
10%°
---------- T R el LR e ]~y |

10%°

Power constraints Chip production capacity Data scarcity Latency wall

https://epochai.org/blog/can-ai-scaling-continue-through-2030 <InVIDIA I



NVL72 GB200 Pods
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TWO BLACKWELL GPUs
AND ONE GRACE CPU

BUILDING BLOCKS OF THE GB200 SUPERCHIP

384GB of HBM3e
72 Arm Neoverse V2 CPU cores
900GB/s of NVLink-C2C bandwidth
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Al Inference




Parallelism strategies
Failure and resiliency
Weak and strong scaling
Topology awareness
Preprocessing data
Optimizers

Al Inference

Different beast compared to Al Training

Central coordinator or
master node based single
job execution

LLM Training

<ANVIDIA. I



Parallelism strategies
Failure and resiliency
Weak and strong scaling
Topology awareness
Preprocessing data
Optimizers

Al Inference

Different beast compared to Al Training

Central coordinator or
master node based single
job execution

) e )
J \ J

) e )

\.

Several small jobs with rapid
scale up and down
requirements

LLM Training

LLM Inference

<ANVIDIA. I



Al Inference

Different beast compared to Al Training

e \ 2
| | _ &
Pa.raIIeI|sm stra.t.egles - . - Inflight batching
Failure and resiliency KV cache optimization
Weak and strong scaling . 5 i o L
uantization
Topology awareness - - - Parallelism strategies
Prepcr)oc.ess.mg data - - User-defined scheduling
ptimizers .
Central coordinator or \ ) | . _
master node based single Several small jobs with rapid
job execution scale up and down
. ) requirements

LLM Training LLM Inference

* Unique challenges and lot of pending optimizations in both stack

<ANVIDIA. I



Al Inference

Different beast compared to Al Training

~ \
| | _ 20O
Pa.raIIellsm stra.t.egles - - n n Inflight batching
Failure and resiliency KV cache optimization
Weak and strong scaling . i g Q N
uantization
Topology AWAreness - - - - Parallelism strategies
Prepcr)ocgss.mtg data [ ] - - User-defined scheduling
ptimizers .
Central coordinator or J
master node based single Several small jObS with rapid
job execution scale up and down
. ) requirements

LLM Training LLM Inference

* Unique challenges and lot of pending optimizations in both stack
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Input Prompt

A

LLM Inference

Typical workflow of LLM inference

System Prompt

User Prompt

» System prompts are instructions to language model that constraints the output generation in a specified manner

» System prompts are common across several user prompts (from the same user or different set of users)

* Input prompt = system + user prompt and can consume even upto 32K tokens.

* Trend is towards longer prompts with “prompt rules” = leads to better quality response from the model.

* Input prompt processing accounts for a significant-to-dominant fraction of the overall processing time

Output

<ANVIDIA. I



LLM Inference

First output token
Dependency

\

You are CUDA expert. Write a CUDA program for vectorAdd. Certéinly! Here is the ...

! |

}

P(Xptes1llX1, oo Xnye)

Prefill - Matrix multiplication Decode - Matrix-vector multiplication

<ANVIDIA. I



P
[ Linear projection (Q, K, V)

l

Tokenizer

Transformer Computation

Y
Embedding

Linear projection

Y
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Credits: PMPP textbook v5.0 (yet to be released)
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Summarization

The title of this book is Programming... |

l

Next token prediction
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Transformer Computation

* Five matrix multiplications are performed in
each transformer layer

Linear projection Attention
* Seqg len (N) can grow to millions y " 5 0 (T y Y
* GEMM becomes expensive ! \\ ol e s
. \ . O 0 |0 |~o|-mo |- e
* Observation: N+1 \ X d = N+1 | softmax( X I+ o[afofof=[=[=]) x =
Q|0 |D|0 |0 |-eaf-=
* one additional row in the input matrix X ; — —— A LALAL LN L e
from one iteration of the decoding phase to i o d
the next X Wy K S M V
! ey oo | | |- |-
* Avoid repeating the computation exploiting i d st i
GEMM property N+1 X d = a1l = sn-tha}{( E z E::::} - _
O Q0 (0|0 |- -
O/Q 0|3 |0 |0 |-o=
d d
X W, v V
!
M+1 / X d = N+l = —
|
’ i EEEE
¥ . o

Credits: PMPP textbook v5.0 (yet to be released) SANVIDIA I



Transformer Computation

* Five matrix multiplications are performed in

each transformer layer

* Seqg len (N) can grow to millions

* GEMM becomes expensive

* Observation:
* one additional row in the input matrix X

from one iteration of the decoding phase to

the next

* Avoid repeating the computation exploiting

GEMM property

Linear projection

Wy

MN+1

N+1

X
d
X
H+1* X d
d
X
d

e - e -

MN+1

MN+1

Credits: PMPP textbook v5.0 (yet to be released)

Attention
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KV Caching

* Reusing the computation saves a lot of Generation
compute at the cost of memory (executed once per output token)
Linear projection Attention
* We move from GEMM -2 GEMV K and V of all previous tokens
X’ . ‘ KT NV
 Compute = memory bound o Q < _
17 X d = HEEE softmax( R x =
d d
* But memory needs to be allocated and )
managed efficient|
g y K* and V' appended to K and V
» PagedAttention (vLLM) X’ Wi K’ -y v
» RadixAttention (SGLang) across requests
14 X ¢ = = softmax( NN ) -
d d
d
V
X’ Wy v’ D 0’
14 X d = = NN X = [N
d
d L]

< NVIDIA
Credits: PMPP textbook v5.0 (yet to be released) I


https://arxiv.org/abs/2309.06180
https://arxiv.org/abs/2309.06180
https://arxiv.org/abs/2312.07104
https://arxiv.org/abs/2312.07104

LLM Inference Framework

An example using SGLang

APl server (entry point)

Tokenizer Scheduler

Detokenizer Model Mem
cache NEGEEES

ChatGPT@

Naive K8s based
autoscaling approach

o
"

Radix tree KV datablocks
based KV

metadata

<A NVIDIA. I



Good Model = Success

Good Model + Good System == Success

<A NVIDIA. I



Program

Credits: Junda Chen

Applications have Diverse SLO

TTFT = Time for First Token, TPOT = Time Per Output Token

TTFT

Low
(< 1s)

Very Low
(~ 200ms)

Very Low
(~ 200ms)

TPOT

Match read speed (~
100ms)

Match read speed (~
100ms)

Very Low
(~ SO0ms)




Measure Serving Cost

Throughput = # Requests / sec

= (3) per request

Throughput as a proxy of dollar per request

Credits: Junda Chen
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Measure Serving Cost

Throughput = # Requests / sec

~ (§) per request

Throughput as a proxy of dollar per request

Goodput

Credits: Junda Chen

2,000,000

P i
NVLS gro—
Dynamo
0
0

1,000,000

10,000,000

9,000,000

8,000,000

7,000,000

6,000,000

5,000,000

4,000,000

3,000,000

Blackwell 25% Hopper

FP4, NvL72, Dynamo, and TRT-LLM Continuous Optimi

IKISL /2K OsL

Blackwell

Hopper FP4

100 200 300 400

Smart Al
TFS for 1 User Fast Response >

Jensen, GTC'25

= ## Requests / sec satisfying the SLO constraint

= @ per good request

NVIDIA.



Higher Al Factory O

1

Throughpu
(TPS per GP

Pareto Curve

i

utput

High throughput
e.g. Post training

DEP2

EP2 & DEP4

Low latency
e.g. autocompletion

TP8

Interactivity
(TPS per User)

https://developer.nvidia.com/blog/nvidia-blackwell-leads-on-new-semianalysis-inferencemax-benchmarks/

—

Better Experience

NVIDIA.



How would you build an inference service at scale?

-

Linear projection (O, K, V)

Il' 1

'

Tokenizer &

|

Em I:h:d:lin_g a_]

¥
FPositional ne-n-l::-|:|-|:l'l‘|EIEII_:3I

0,

(

) o
O x KT Ma Lrise
| | Softmax
—t - =
S5xV Multi-head attention
) -
; ; - Add & Norm
St P
=+ | ﬂ [
. ;-" Feedforward
2 .t — B |
‘ Layer Norim(x) =—I:'|‘j ¥+ 8 ‘ _ ¥
J - Add & Norm
_._ ¥
[ Linear projection @ (: Transformer layer
RelU . '
X,
Lingar projection Transformer layer

S
-

¥
[@ Un-embedding |
¥

numberof ransformer layers

Maodel depth
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Challenges Serving Al Inference at scale

Need to vary the parallelism strategy for hitting performance S| As

Multiple requests with varying degrees of ISL/OSLs
* Some doing multiturn

* Some from agents

Heterogenous hardware

* Different generations and across platforms

Need for fault tolerance
Multiple models to serve

Al factory TCO is key at scale
* Optimize for goodput
* Optimize for power

* Optimize for maximizing KV cache hit rate

Inference Demand Analysis — Broad Estimates

Measure

Global (Ex China) Population

e ————— -
e —— g, Ak
e ———

2025 2028 2030

The Internet | Analysis Method

ior | 6,770 6,852 6,906
WAU Penetration Rate | % . 129%  355% @ 443% :g;:a
Year End Weekly Active Users (WAU) M 875 | 2435 | 3081 | 4468 | OpenAlDataDisclosures
MAU to WAU Ratio | %  80.0% 800%  800%  80.0%
Monthly Active Users (MAU) o M 1094 3044 3826 5,585
ChatGPTMTokensperMAU ~ MToMAUMonth 195 290 374
ChatGPT Tokens Per Day  Trillion Tok/Day M1 303 aT7 S Snoncs Madel
API Tokens Per Day ga&-/, ww’ | TrilionTokDay 12 237 482
. - | e | < InferenceMAX™
1298905 = 3918757 3,666,803 Benchmarking

. . Tiw e -

Al Datacenter Model

Source: Semianalysis OCP’25

A NVIDIA. I



LLM Deployments in 2025

Scale Never Seen Before

Input Length Output Length Model Size
1M+ with RAG, Video Reasoning, Agentic O(100B) — O(1T)
understanding, Code... Workflows... parameters

Users + UX

Fast tokens served =
Revenue generated

Deployment Constraints

HW availability, power,
rack space, cooling...

A NVIDIA. I



Memory
Management

NVIDIA Dynamo: Distributed Inference At Scale

Systematic approach to Al inference at scale

Scheduling

Disaggregated
Serving

Data
Transfer

System level optimization

Supports all

inference engines

Modular Components

Production grade serving

A NVIDIA. I



NVIDIA Dynamo: Distributed Inference At Scale

Modular design, independently scalable yet highly efficient

O O O API Server

D Compatible With OpenAl API, Llama Stack API, and More

User Requests

Real-Time

KV Cache-Aware Routing With Specialized KV Cache Insertion and Eviction Algorithms

Performance Tuning

Prefill Engine

Distributed KV Cache

—

‘ Disaggregated Serving
Prefill Worker

Decode Worker

Decode Engine

Distributed KV Cache

Event Plane

Metric Transfer

NVIDIA Inference Transfer Engine (NIXL)

Low-Latency Interconnect-Agnostic Multi-Node Data Transfer

Across Dynamo
Components

KV Cache
Manager

KV Cache
Offloading

A A

L]
S

Object Host
Storage n Memory

<A NVIDIA. I



Disaggregated serving

Scale prefill & decode independently
on separate GPUs

Prefill
Compute
bound

KV
Cache

" oue )

Decode

Z Memory bound Apply suitable parallelism for prefill and decode
separately

A NVIDIA. I



Why do Disaggregated Serving?

Q1. Prefill and decode interference. Q2. Resource and Parallelism Coupling

TTFT TTFT

Time wasted for decode

p A
——T T
o
-

“ .__’rime
f Time wasted for prefill
Regues’r R2
arrival arrives  /  / .
TPOT TPOT l Both time get shorter due to
speedup with more GPU
. . dd GPU
Incoming prefill request elongates the decode il x1 &}
- ; : | - | - ] | ¢ Prompt phase Token phase
o NI | Z8wne| W AR L .
g2 I =< | 0 T [ . -
v | | |
g3| NI | A L . S
+ SN0 | im0 | S 2 400
0 2 4 6 0 2 4 6 0 2 4 6 E
Time (100 ms) = |as* HH“-HH‘M“EEE
(a) Request-level.  (b) Continuous. (c) Mixed. =00 BLOOM-176B model size
Fig. 2: Batching mechanisms and their latency impact on the o 1ot 10t 10 107

t and tok h Number of Batch Tokens
prompt an OKCIl Pnascs.

Fig. 7: Required memory with batching in prompt/token phases.

. . . . . < NVIDIA.
Credits: Junda Chen from DistServe. Some figures from Splitwise I



Implementing Disaggregated Serving

GB200 NVL72 Rack-Scale System

Good proxy example for learning

16 Blackwell GPUs
dedicated to

NVLink bandwidth

generation ontex : 56 Blackwell
i~ GPUs dedicated
N VL - E to context
. Link |
Use for production 190 Y tatay Switches
!

Disaggregated Inference is one feature of Dynamo

At scale inference needs solving the Al factory TCO optimization problem

NVIDIA.


https://docs.vllm.ai/en/latest/examples/online_serving/disaggregated_serving/
https://docs.vllm.ai/en/latest/examples/online_serving/disaggregated_serving/
https://github.com/ai-dynamo/dynamo/blob/main/examples/backends/vllm/deploy/disagg_kvbm_2p2d.yaml
https://github.com/ai-dynamo/dynamo/blob/main/examples/backends/vllm/deploy/disagg_kvbm_2p2d.yaml
https://github.com/ai-dynamo/dynamo/blob/main/examples/backends/vllm/deploy/disagg_kvbm_2p2d.yaml
https://github.com/ai-dynamo/dynamo/blob/main/examples/backends/vllm/deploy/disagg_kvbm_2p2d.yaml

KV aware routing archives 2X TTFT, 1.5X TPOT and 1.6X TPS for Qwen3 480B at Baseten

Router

Scheduling

KV hit
rate = 209

Worker

KV

V hit
ate = 50%

-Worker

KV hit
rate = 90%

Worker

= baseten
Qwen3 480B Coder KV aware routing

performance at Baseten

TTFT

TPOT

TPS

RPS

0.0

0.5

1.0

B KV routing off M KV routing on

1.5

2.0

<ANVIDIA. I



Online perf optimizer

LLM traffic can change rapidly Planner autoscales in real time w.rt SLA(TTFT & TPOT)
@ D A @ D A
< X k / : o < X / :

: » v v
Alibaba ACK

Load Predictor
ARIMA/Prophet

80% reductionin TTFT

Metrics Collection Interpolator : 0
TTFT/ITL With profiler info With 5 /O less GPUs

Initial profiling

\ Scaling logic <y

Based on performance benchmarks presented by Alibaba at APSARA conference on 2025.09.24.
Source: https://yunqi.aliyun.com/2025/session?agendald=6062 at 2 hr 50 min mark <Anvibia I



https://yunqi.aliyun.com/2025/session?agendaId=6062

Offline Perf Configurator

AlConfigurator

Find best config for disaggregated serving
Compare projected perf gain

<1 min using laptop vs 2 days using GPUs

Generate yaml to deploy with Dynamo
Modular and standalone

aiconfigurator cli

--model QWEN3 32B
--total gpus 32
--system h200 sxm
--isl 4000
--osl 500
--ttft 300
-—-tpot 10

SLA requirements

Pareto Frontier:
QWEN3_32B Pareto Frontier: tokens/s/gpu vs tokens/s/user

1688 . Disagg
Agg
~x Best
1333.
1866.7
808 . X
233.
266.7
8.
I I I
B 58 1686 158 208
tokens/s/gpu tokens/s/user

<ANVIDIA. I



G1

3 1
G2

L
G3

3 1
G4

Use cases

 Multi-turn conversations
* Code generation

 Agent calls

 Generative recommender

Memory Management

Leverage all memory and storage available in the data center

Mean TTFT (seconds)

4.5

4.0 -

o
U

i
o
]

o
9y
]

2.0

1:2

4.388s

KVBM Performance (Qwen3-32B, 2P2D TP2, H100, 20K/100)

4.342s

3.938s

2.033s v

1.910s

.850s

=@= With-kvbm
sl Without-kvbm

8 16 32
QPS (Queries Per Second)

A NVIDIA. I



Local Registered
Memory Info

NIXL cross-node
& cross-mem

buffer list primitive

l

NIXL

NIXL Transfer

Handles with repost
capability

North-Bound NIXL API

Memory

Section

Transfer Agent

Metadata
Handler

South-Bound Backend API

Remote Agent
Info

UCX

Moon
cake

GDS

POSIX

3FS

Custom
Plugin

A NVIDIA. I



Topology Optimized Dynamic K8 Scheduling

Gap in scaling disaggregation

LeaderWorkerSet

ScalingGroup “Prefill”
(replicas=1, min =1)

ScalingGroup “Decode’
(replicas=1, min =1) '

______________
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Fault tolerance

Ensure detection, resilience, and recovery

High availability Request cancellation Request migration
Automatic restart with shared Cancel request to avoid Migrate partial response at token
router state computation level to avoid Decode

Decode Worker
Prefill Worker Prefill Worker

Fronter. ' .outer

Prefill Worker Prefill Worker

Decode Worker

Prefill Worker Prefill Worker

Frontend + Router
Decode Worker

Prefill Worker Prefill Worker
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Challenges and opportunities

We are barely at the start of large-scale Al inference deployment

Heterogenous model deployment is least explored at scale
End to end agentic tasks need multiple models to closely exist together for performing the task
KV cache and other efficiency management
Fast data transfer mechanism

Fault tolerance and performance measurement tools for inference at scale do not exist
AlPerf — a stab at performance measurement at scale from APl standpoint of view
Agentic performance modelling?
Multimodal performance characterization?

Fault injection frameworks for inference?

Dynamo is working towards building something here but it is quite a task itself
Speculative decoding, diffusion-based reasoning model, ... all open for exploration
Enterprise RAG with CAG (cache augmented generation) at scale is unsolved issue

How to evolve the stack fast with rapid innovations in model development?

NVIDIA.



Conclusions

* Al inference is unsolved problem, and you can contribute and learn with us!

o https://github.com/ai-dynamo/dynamo (5% )
* Join the discord group: https://discord.com/invite/DS2uqZR|CZ

# Create a virtual environment and activate it
uv venv venv

source venv/bin/activate

# Install Dynamo from PyPI (choose one backend extra)
uv pip install "ai-dynamo[sglang]==0.6.1" # or [vllm], [trtllm]

Getting started with Dynamo: https://www.youtube.com/watch?v=1bRmskFCnqgY

Disaggregated inference demo: https://www.youtube.com/watch?v= UDJy 5 Czw

KV Aware router demo: https://www.youtube.com/watch?v=PRCZZKQirN8

AlConfigurator demo: https://www.youtube.com/watch?v=KuzZXeolOfKk
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https://github.com/ai-dynamo/dynamo
https://github.com/ai-dynamo/dynamo
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https://discord.com/invite/D92uqZRjCZ
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