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Al Scaling Laws Drive Exponential Demand for Compute
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Demand for Al inference

Will overpass Al training by next year at the hyperscalers

Inference workloads could make up more than 40 percent of data center
demand in 2030, growing 35 percent CAGR until 2030.

Global data center demand by workload, 2025-30, gigawatts

Alcompute [l Non-Al B Al inference [l Al training

+22% p.a.’ CAGR,
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2025 2026 PO 2028 2029 2030
Mote: Includes all provider types.
Fer annum.
source: Mckinsey Data Center Demand Mode
McKinsey & Company

https://www.mckinsey.c:om/industries/technology-media—and-telecommunications/our—insights/the-next-big-shifts-in-ai-workloads-and-hyperscaler-stratggigénvmm I



What about supercomputing centers in Europe?

Al Factories and Gigaftactories

Al Factories

==

@ A'F Hosting Countries New Al-optimized supercomputer for a growing HammerHAI
) AIF Partner Countries service portfolio
i e ,(i?:ntrties with The Al Factory HammerHAI opened in April 2025, and has already bequn offering Al computing and services to
antennas
European startups and SMEs on existing infrastructure. This includes providing:
Siem AIFA ICE
— HUNATFA
1 Alu,:' (RL-Antenna . Test access to existing, Al-optimized computing systems currently hosted by HammerHAI consortium partners
HEARTS - End-to-end support by HammerHAI Al experts, including guidance on relevant tools, services, and expertise
37- '_-' gil-g\m . Access to inference services for large language models
) UKAIFA . Professional training courses for Al skills development
i f XFFZ;:E&AT . Consulting and Al-adoption support, including Al capability assessments and quidance on Al ethics and risk
= « Pharos-CY management
P "l CALYPSO
< Bl SKAIAT
& - . ol PIAST Al e ¥k s%a
SR JAIF ™= . Remaining EuroHPC
v Gaia Al ™ Participating States Article 1
—r Cammertal = DA Regulation (EU) 2021/1173 is amended as follows:
& 52

(1) Article 2 is amended as follows:

11 AI2F W = SLAIF
% o .
1HealthAl o= (a) the following points are inserted:

A

= B5C AIF‘

‘(3c)“Artificial Intelligence gigafactory” or “Al gigafactory” means a state-of-the-art large-scale facility with sufficien
capacity to handle the complete lifecycle, from development to large-scale inference, of very large Al models anc
applications, providing a supercomputing service infrastructure which is composed of Al-optimised computing
capacity, a supporting data centre infrastructure including high-capacity storage and networking, dedicated secure
cloud user access environments, and specialised secure Al-oriented support services for its advanced operations, all o

' & - which are supported by an environmentally sustainable infrastructure, in particular for energy and water supply

systems;

10 IT4LIA
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Switzerland' s participation is contingent upon the ratification of its accession to Horizon Europe
The boundaries and names shown and the designations used on this map do not Imply official endorsement or acceptance by the European Unson
This designation shall not be construed as recognition of & State of Palestine and is without prejudice to the individual positions of the Member States on this ssue

Administrative baundanes: © EuroGeographics © OpenStreetMap
Cartography: Eurostat - IMAGE, 05/2025
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Inference workloads

- Sovereign Al services: built, hosted and deployed in Europe

Industry-specific Al
workloads: healthcare,
manufacturing, ...

Scientific Al LLM for chatbot /
workloads agents

5 <ANVIDIA. I



Inference Compute Requirements Scaling Exponentially

Fueled by reasoning models and Al agents

BN
&

Larger Models Long Thinking Time Larger Context Agents
Hundreds of billions of 100x more thinking Millions of input One user prompt involves
parameters tokens tokens multiple model executions

<ANVIDIA. I



How do we optimize inference?



Larger models

Implications for inference

- A single B300 GPU running in BF 16 precision can accommodate a 100B-parameter model.
- However, many recent models exceed this size threshold.

Exponential growth of parameters in notable Al systems

Parameters are variables in an Al system whose values are adjusted during training to establish how input data
gets transformed into the desired output; for example, the connection weights in an artificial neural network.

Number of parameters (plotted on a logarithmic axis)

o o
Grok 3 (lama 4 Behemoth (preview) Grok 4
1 trillion . . o .Kimi K2 Thinking
.DeepSeek-Rl .Hunyuan—TurboS .DeepSeek-Rl (May 2025) .LongCat—FIash .GLM .
® . -4.
° .QwenS—ZSSB-A%ZB .Qwé'ns-ZSSB-AZZB-Instrﬁct (Jul 20.25) @ ]
L lama 4 Scout - VAETKI
7 =
.QW.Q-BZB .EXAON.E 4.0 (32B) ‘AgentFounder-s;OB .Olmo 3 .
Y o
10 bi||i0n.|NTELLECT-|V|ATH Qwen3 Embedding
o

- Diffusion Renderer
1 billion ®

FGN
®

.EXAONE Path 2.0
100 million

.Hierarchical Reasoning Model (HPM)
Jan 17, 2025 Apr 4, 2025 May 24, 2025 Jul 13, 2025 Sep 1, 2025 Oct 21, 2025 Dec 10, 2025
Publication date

Data source: Epoch Al (2025) OurWorldinData.org/artificial-intelligence | CC BY

Note: Estimates are based on Al literature with uncertainty up to a factor of 10. The regression lines show a sharp rise in parameters since
2010, driven by the success of deep learning methods that leverage neural networks and massive datasets.
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Inference can use Model Parallelism

And Data Parallelism

Input Batch

Tokens

Pipeline Parallelism

Input Batch

[
/Gpmepﬁi """"" GPUN |
[opert1 )| (penz | ([ = | [Expenn]
Kirveramss | S, __________________-__j
QAOE Layer (Rm:te'] )

Input Token

Expert Parallelism

Tokens

Tensor Parallelism

Input Batch, Part 1

GPU 1

|

GPU 2

q-

i [

) —

1 :

Mixed Parallelism

Tokens

Input Batch, Part 2

Context Parallelism
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Two Stages of LLM Execution

Prefill = Time To First Token (TTFT)

Loading the user prompt into the system
Populate KV-cache for all the tokens from the prompt.

Decode = Inter-Token Latency (ITL)
Generating the response token by token
Reuse KV-cache to generate the next token

LLM Iinference is made of prefill followed by decode

NVIDIA.



Prefill

Decode

KV-cache

(Q * K*T) * V computation process with caching
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Estimating the size of the KV Cache

Total size of KV cache in bytes =

2 = two matrices of K andV

precision = bytes/parameter (FP16 = 2bytes)
Nigyers = layers in the model
d. .. = Dimensionof the embeddings

seqlen = length of context in tokens (input prompt + generated output)

batch = batch size

Example of a KV Cache size for LLaMa2 /7B model in FP16 and a batch size of 1

2 % 2 x 4096 x 32 x 4096 x 1 =

NVIDIA.


https://developer.nvidia.com/blog/mastering-llm-techniques-inference-optimization/
https://developer.nvidia.com/blog/mastering-llm-techniques-inference-optimization/

Prefix caching
KV cache reuse

KV cache are stored and can be used when generating different responses to the
prompts that contain similar prefix

Multi-turn conversation

Agent reuse after tool usage

Prompt (round 1) Prompt (round 2)
Human: What's AI? Cached Human: What's AI?
LLM: AI is technology that User prompt

LLM Result (round 1) simulates human intelligence,
LLM: AI is technology that like Siri or Google Maps.

simulates human intelligence, Human: Cool, thanks! KV cached

like Siri or Google Maps. X
LLM Result (round 2) User + Tool response
LLM: No problem!

Only new tokens processed

h 4

SySte m p From pt User + Tool response +

More Reasoning

A chat between a curious user and an artificial intelligence ‘
Request A assistant. The assistant gives helpful, detailed, and polite answers
to the user’'s questions. User: Hello!

A chat between a curious user and an artificial intelligence

Request B assistant. The assistant gives helpful, detailed, and polite answers
to the user’'s questions. User: How are you?

KV reused again

A chat between a curious user and an artificial intelligence
assistant. The assistant speaks French. User: Bonjour!

Request C

<ANVIDIA. I



Inference Optimizations before Scaling



Non-distributed inference optimizations

Compression and Serving Execution
low-precision Strategies

Prefix caching

vLLM: https://catalog.ngc.nvidia.com/orgs/nvidia/containers/vlim/tags?version=25.10-py3

SGLang: https://catalog.ngc.nvidia.com/orgs/nvidia/containers/sglang?version=25.10-py3 2 NVIDIA I



https://catalog.ngc.nvidia.com/orgs/nvidia/containers/sglang?version=25.10-py3
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/sglang?version=25.10-py3
https://catalog.ngc.nvidia.com/orgs/nvidia/containers/sglang?version=25.10-py3
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Benefits of low-precision

Memory Bandwidth Compute
Weights and tensors occupy less space Faster data movement from main More TFLOPS with less bits
IN memory memory HBM to cores (and vice versa) Faster matrix multiplications

NVIDIA.



NVFP4 speed-up

Impact of NVFP4 Quantization on Throughput and Accuracy

Llama Nemo Ultra
(NVFP4)
100

99.9
99.8
99.7

996 Qwen 2358
99.5 A22B (NVFP4)

DeepSeek-R1-0528
(NVFP4)

99.4
99.3
99.2
99.1

99
1.0X 1.5X 2.0X 2.5X 3.0X

Average Accuracy of Quantized Model Relative to
Original Precision Model (%)

Token Generation Throughput Speedup (Quantized vs. Original Model)

Figure 8. Cross-plot showing NVFP4 token generation throughput speedup and accuracy impact

https://developer.nvidia.com/blog/optimizing-lims-for-performance-and-accuracy-with-post-training-quantization/ < NVIDIA I
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Inference Engine optimizations



Inflight/continuous Batching
Maximizing GPU Utilization during LLM Serving

Inflight Batching to optimize GPU utilization during
LLM Serving

Replaces completed requests in the batch
Evicts requests after EoS & inserts a new request

Improves throughput, time to first token, & GPU
utilization

I <A NVIDIA.
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KV Cache Optimizations
Paged & Quantized KV Cache

I <A NVIDIA.

Paged KV Cache improves memory consumption & utilization
- Stores keys & values in non-contiguous memory space

»  Allows for reduced memory consumption of KV cache
- Allocates memory on demand

Quantized KV Cache improves memory consumption & perf
*  Reduces KV Cache elements from 16b to 8b (or less!)

»  Reduces memory transfer improving performance

»  Supports INT8 / FP8 KV Caches

Both allow for increased peak performance

KV Cache Contents:
TensorRT-LLM optimizes inference on

NVIDIA GPUs ..

dOMNQ) TensorRT | LM | §s | .
Block 1 | R B R
cOMee) Hello | World | |

Traditional KV Caching

s I I TR N
.

B,
Paged KV Cache

s, I I
y

B3

Quantized Paged KV Cache

Request 1l|Request 2 Free



Speculative decoding

* Decode step is sequential

» Speculative decoding is to use smaller, faster draft model to propose multiple tokens ahead, then target
model verifies in parallel

» Advantage: Generates multiple tokens per step, cuts drastically latency and throughput

Speculative Decoding: Off Speculative Decoding: On

Target Model

The Quick
Write me a short story explaining speculative decoding. Write me a short story explaining speculative decoding.

Imagine Imagine a mad

Draft Model

&y

https://developer.nvidia.com/blog/an-introduction-to-speculative-decoding-for-reducing-latency-in-ai-inference/ NVIDIA.



Input —

LLM inference

The effect of monolithic inference

Multi-GPU

Prefill Decode

1st token

Remaining tokens

-~

.

-~

Compute Bound

k Matrix-matrix multiplication /

Q

¥

K

)4
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[ITT] x
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KV Cache

K

Memory Bound

Vv

~

\ Frequent data movement /

~

Share same parallelism

strategy

<A NVIDIA. I



New Inference Optimization Techniques to Boost Inference

Disaggregated serving separates prefill and decode allowing each to be optimized independently

Multi-GPU

Input

-| &

Traditional Serving

Prefill
1st token

Decode
Remaining tokens

/ T~

/ Compute Bound

Q

K

¥

Vv

\ Matrix-matrix multiplication /

Q

KV Cache

K

Memory Bound \

V

\ Frequent data movement /

Disaggregated Serving

p
Dedicated GPUs to improve ]

Prefill : .
refill efficienc

Input — g

1st token Remaining Tokens

KV
Cache

4

Decode

&

High tensor parallel to increase
memory bandwidth

More flexibility to optimize cost and user experience
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Why Different Parallelism Strategies Matter

Disaggregation allows each worker type (Prefill vs Decode) to use the parallelism
method best suited to its workload.

Prefill prefers low tensor parallelism, higher data parallelism (large batches, less
communication)

Decode prefers high tensor parallelism, high expert parallelism (for MoE)

Advantages:

Independent tuning of Tensor / Expert / Data parallelism per phase
Better GPU utilization under mixed workloads

Freedom to use different GPU types for prefill vs decode

Higher throughput & better latency for real-world workloads

NVIDIA.



Inference as multiple workloads

Prefill-heavy workload - Decode-heavy workload - Balanced or mixed
workload

Short outputs, long prompts - Long outputs, moderate prompts * Balanced or mixed workload —

| Prompt and response lengths are
Example workloads: retrieval- * Example workloads: reasoning, same order, and traffic mix is diverse
augmented QA with large contexts, code generation, story writing,
classification assistant chat with long replies * ISL and OSL are comparable on

| average
Most FLOPs are in prefill; decode is » Decode dominates latency and |
relatively small. throughput; inter-token latency is * Workers split: around 1:1
critical for "streaming” UX. .

Workers split: 2:1 or 3:1 prefill:decode J * More prefill = better TTFT, worse
workers to keep TTFT and prefill * Workers split: 1:3 prefill:decode streaming smoothness under load.
ingestion fast workers * More decode = smoother streaming

and higher steady-state throughput,
but TTFT may increase

L [ ]
% %

@A NVIDIA. I



Dynamo
Systematic approach to Al inference at scale

System level optimization

Supports

rRT-LLM, & VLLM
— VvLLIV

SGlang, Tenso

Modular components

Data
Transfer

Management

Config to production

@A NVIDIA. I



Architecture and Components

308
DD/_\ |

Compatible with OpenAl API, LlamaStack API

Smart Router

<

Realtime performance
tunning

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

Disaggregated Serving

Event Plane

Prefill Worker Decode Worker : Metric transfer
aCross components
Prefill Engine Decode Engine
KV Cache Manager

Distributed KV cache Distributed KV cache KV cache offloading

| l

Data Transfer Engine L J|
N
N ——————
Low latency, interconnect-agnostic, multi-node data transfer Object Host
Storage Memory




Benefits of disaggregation on multiple nodes

Two Nodes
Key result: Llama3.1 70B vLLM FP8, EOS H100, ISL chached / uncached / OSL 0/3000/150
» disaggregated consistently outperforms ee e Label disagg
TN o® - -== Pareto Frontier disagg
Q, .—_."‘."t\ e Label baseline
* Up to 2% throughput per GPU improvement . .’\.,., . o - - Pareto Frontier baseline
@ ® TN
o e ® & - ® @,
- . . 9 -] @ ¥
Config insights: . fee T, % 2X
- P ogn® 0 © ': o &
best: TP8 DP2 a _ > o8’ e = S——r—— R
- Disaggregated best: prefill TP2 DP4, decode TP8 2 ~ope o o F ° led areto fine 3 mos
’ = e o . ; . :
g ept—t 5 Lo le 40 efficient configs
Prefill favors more data parallelism for batch oumcces s o o L AN ¢ *-ga
efficiency - ';:'f"f;” ov__
. . @ “w
Decode favors higher tensor parallelism for GPU sl o . . gaee__** %\
i . @ e ” o © o © ‘\.‘!\ -
utilization 0 e e see 60N
t % %% '..‘o. o &
0 10 20 30 40 50 60 70 80
tokens/s/user
Fach dot =

different config
(TP, PP, DP) <A NVIDIA. I



.

User Query

0%

KV hit rate:

KV hit rate:

50%

KV hit rate;
/5%

GPU 1

(Load: 50%)

GPU 2

(Load: 15%)

GPU 3

(Load: 75%)

NVIDIA Dynamo: Smart Router

Reducing costly re-computation of KV cache

QWEN3-480B Coder KV Aware Routing

TTFET

TPOT

TPS

RPS

@ KV Routing off (Round Robin) & KV Routing on

2x faster
1.5x faster

1.6Xx more

https://www.baseten.co/blog/how-baseten-achieved-2x-faster-inference-with-nvidia-dynamo/#gqwen3-

coder-benchmarks-with-kv-routing

34 < NVIDIA. I



NVIDIA Dynamo: GPU Planner

Optimizing GPU resources for distributed inference

Disaggregated serving

User Requests

O ® O
[\ DD SRS Dynamo Planner

Shift GPUs between
Prefill and Decode

Traditional serving

GPU Capacity Metrics
Y A RN

Efficient Resource Allocation | Adjust to Fluctuating Demand | Lower Inference Costs

35 <A NVIDIA. I



Memory Management

Leverage all memory and storage available in the data center

G1

G2

G3

G4

Mean TTFT (s)

15

10

KVBM Performance (Qwen/Qwen3-8B | Users=30)

A 38GB G1 + 50GB G2 + 100GB G3 + block size 16
¢ 38GB G1 + 100GB G2
X 38GB G1 + 50GB G2 + 100GB G3 + block size 128

Lower TCO with G3
(~15x)

0.5 1.0 1.5

Queries Per Second (QPS)

@A NVIDIA. I



Dynamo strengths

Disaggregated
serving

Compute load balancing on prefill

Memory load balancing for decode Better TCO (Less prefill workers)

-> Better latency and throughput Faster latency (TTFT)

KV cache KV cache

aware routing offloading

Increased KV cache hit

<A NVIDIA. I



Where will Dynamo shine?

you use Tensor Parallelism (model does not fit on a single GPU)

you have fluctuating traffic that requires dynamic GPU scheduling.

your application has repeating requests, very suitable for KV/prefix caching
(reasoning model, agents, multi-turn chat)

you want to keep as much "history" (KV/prefix cache) as possible, to reduce
TTFT

you have mixed workloads in terms of prefill / decode requirements

NVIDIA.



Benchmarking via Alperf

AlPert is NVIDIA client-side benchmarking tool that measures real LLM serving metrics like
TTFT, ITL, throughput, and latency against any OpenAl-compatible inference endpoint.

Can be used with any LLM backend (for example NIM, vLLM, Triton, Dynamo)

Gives a standardized way to compare inference performance across different models and
serving stacks.

NVIDIA AIPerft LLM Metrics

e[ e[ e[ e[ w] e[ w]

Time to First Token (ms)

Time to Second Token (ms)

Request Latency (ms)

Inter Token Latency (ms)

Output Token Throughput Per User
(tokens/sec/user)

Output Sequence Length (tokens)
Input Sequence Length (tokens)
OQutput Token Throughput (tokens/sec)
Request Throughput (requests/sec)
Request Count (requests)

NVIDIA



Inference as a Service




Clients

Bring inference to your cluster

Inference as a Service

RS W e e e,

Inference Instance

Inference Instance

Inference Instance

Inference Instance

g R TEm W= ==

Envoy Al Gateway, VLLM, SGLang, TRT-
liteLLM, Kserve LLM (+ Dynamo)

’—---—---------

<ANVIDIA. I



Learn more

Instructor-led workshop to deep dive

Learn how to architect your first production-ready inference as a service

Instructor Led Workshop

Deploying and Optimizing Al Inference
at Scale

Learn how to design, deploy, and optimize large-scale inference systems for large language models
as they move toward deeper test-time computation.

About Course Objectives Topics Covered Course Outline Stay Informed Contact Us

About this Course Course Details

As foundation models move toward deeper test-time computation, inference becomes the dominant scaling constraint. Latency, Duration: 08:00

throughput, and cost are governed by a small set of forces: autoregressive decoding, KV-cache growth, memory bandwidth, and

scheduling under contention. This workshop frames large-scale inference through these emerging laws of inference, starting from first Price: N/A

principles and building toward real systems. Learners begin with monolithic and gateway-based vLLM deployments on Kubernetes to Level: Technical - Intermediate
establish baseline behavior, then transition to NVIDIA Dynamo to operate aggregated and disaggregated inference architectures using

" , : soca oo : . Subject: Generative Al/LLM
built-in KV-aware routing and scheduling. A core emphasis is observability: attendees will deploy a full stack (Prometheus, Grafana, Loki,
Tempo) to monitor metrics, capture structured logs, and perform distributed tracing. The outcome is a principled understanding of Language: English

where inference time and money go - and how architectural choices bend those curves in production.
Course Prerequisites:
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Inference is the next HPC challenge

The workload is here: inference demand is growing

reasoning models and agents multiply compute exponentially
Your cluster will serve inference in any case

Optimizations are compounding: compression, request serving, caching, disaggregation, KV-
cache routing and KV-cache offloading

NVIDIA Dynamo brings all of this together on your cluster

The software stack exists already; it is time to build your service

Happy to collaborate with you if you are building such infrastructures and services!

NVIDIA.
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Questions?

Contact: shabert@nvidia.com
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