
1

Scaling LLM Inference on HPC/AI Systems

Dr. Séverine Habert | Senior Solutions Architect | 
NVIDIA



AI Scaling Laws Drive Exponential Demand for Compute
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Demand for AI inference
Will overpass AI training by next year at the hyperscalers

https://www.mckinsey.com/industries/technology-media-and-telecommunications/our-insights/the-next-big-shifts-in-ai-workloads-and-hyperscaler-strategies
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What about supercomputing centers in Europe?
AI Factories and Gigafactories
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Inference workloads

•Sovereign AI services: built, hosted and deployed in Europe 

Scientific AI 
workloads

LLM for chatbot / 
agents

Industry-specific AI 
workloads: healthcare, 

manufacturing, ...



Inference Compute Requirements Scaling Exponentially
Fueled by reasoning models and AI agents

Larger Models

Hundreds of billions of 

parameters

Larger Context

Millions of input 

tokens

Long Thinking Time

100x more thinking 

tokens

Agents

One user prompt involves 

multiple model executions



How do we optimize inference?



Larger models
Implications for inference

• A single B300 GPU running in BF16 precision can accommodate a 100B-parameter model.

• However, many recent models exceed this size threshold.

https://ourworldindata.org/grapher/exponential-growth-of-parameters-in-notable-ai-systems?time=2025-01-17..latest&country=



Inference can use Model Parallelism
And Data Parallelism



Two Stages of LLM Execution
Prefill vs Decoding and the use of KV-cache

• 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 inference is made of prefill followed by decode



KV-cache



Estimating the size of the KV Cache

Source: Mastering LLM Techniques: Inference Optimization

Total size of KV cache in bytes = 2 ∗  𝑠𝑖𝑧𝑒𝑜𝑓 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗  𝑛𝑙𝑎𝑦𝑒𝑟𝑠 ∗  𝑑𝑚𝑜𝑑𝑒𝑙 ∗  𝑠𝑒𝑞𝑙𝑒𝑛 ∗  𝑏𝑎𝑡𝑐ℎ

2 =  𝑡𝑤𝑜 𝑚𝑎𝑡𝑟𝑖𝑐𝑒𝑠 𝑜𝑓 𝐾 𝑎𝑛𝑑 𝑉

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑏𝑦𝑡𝑒𝑠/𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟 (𝐹𝑃16 =  2𝑏𝑦𝑡𝑒𝑠) 

𝑛𝑙𝑎𝑦𝑒𝑟𝑠 =  𝑙𝑎𝑦𝑒𝑟𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙

𝑑𝑚𝑜𝑑𝑒𝑙 =  𝐷𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛 𝑜𝑓 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 ∗  4096 ∗  32 ∗  4096 ∗  1 =  2𝐺𝐵

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

Multi-turn conversation

System prompt

KV cache are stored and can be used when generating different responses to the 

prompts that contain similar prefix 

Agent reuse after tool usage



Inference Optimizations before Scaling



Non-distributed inference optimizations

Compression and 

low-precision 

Serving Execution 

Strategies​
Prefix caching

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

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


Model Compression Strategies

1. Quantization and 

low-precision

3. Distillation

2. Pruning



Benefits of low-precision

Compute
More TFLOPS with less bits

Faster matrix multiplications

Bandwidth
Faster data movement from main 

memory HBM to cores (and vice versa)

Memory
Weights and tensors occupy less space 

in memory



NVFP4 speed-up 

https://developer.nvidia.com/blog/optimizing-llms-for-performance-and-accuracy-with-post-training-quantization/



https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer 

https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer
https://huggingface.co/collections/nvidia/inference-optimized-checkpoints-with-model-optimizer


Inference Engine optimizations
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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
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Inflight Batching

Context Gen EoS NoOp

Iteration

Iteration
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KV Cache Optimizations

Paged & Quantized KV Cache

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

Block 0 TensorRT LLM is …

Block 1

Block 2 Hello World

Block 3

Traditional KV Caching

B0 TensorRT LLM is …

B1

B2 Hello World

B3

Paged KV Cache

B0
TRT LLM is …

B1

B2
Hello World

B3

Quantized Paged KV Cache

Request 1 Request 2 Wasted Free

KV Cache Contents: 

TensorRT-LLM optimizes inference on 

NVIDIA GPUs …



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

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



Input

Prefill
1st token

Memory BoundCompute Bound

Matrix-matrix multiplication Frequent data movement

Multi-GPU

Decode
Remaining tokens

x x

KV Cache

x x
Q K V Q

K V

LLM inference
The effect of monolithic inference

Share same parallelism 

strategy



Disaggregated Serving Traditional Serving

Input

Prefill
1st token

Memory BoundCompute Bound

Matrix-matrix multiplication Frequent data movement

Multi-GPU

Decode
Remaining tokens

x x

KV Cache

x x

Remaining Tokens1st token

KV 

Cache

Decode

Prefill

Input

Dedicated GPUs to improve 

prefill efficiency

High tensor parallel to increase 

memory bandwidth

Q K V Q

K V

New Inference Optimization Techniques to Boost Inference 
Disaggregated serving separates prefill and decode allowing each to be optimized independently 

More flexibility to optimize cost and user experience



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



Inference as multiple workloads

• Prefill-heavy workload

• Short outputs, long prompts

• Example workloads: retrieval-
augmented QA with large contexts, 
classification

• Most FLOPs are in prefill; decode is 
relatively small.

• Workers split: 2:1 or 3:1 prefill:decode 
workers to keep TTFT and prefill 
ingestion fast.

• Decode-heavy workload

• Long outputs, moderate prompts

• Example workloads: reasoning, 
code generation, story writing, 
assistant chat with long replies

• Decode dominates latency and 
throughput; inter-token latency is 
critical for “streaming” UX.

• Workers split: 1:3 prefill:decode 
workers

• Balanced or mixed 
workload

• Balanced or mixed workload — 
Prompt and response lengths are 
same order, and traffic mix is diverse

• ISL and OSL are comparable on 
average

• Workers split: around 1:1 

• More prefill =  better TTFT, worse 
streaming smoothness under load.

• More decode = smoother streaming 
and higher steady-state throughput, 
but TTFT may increase



Dynamo 
Systematic approach to AI inference at scale

Scheduling

Data

Transfer

Memory 

Management

Disaggregate

d

Serving

Supports 

SGLang, TensorRT-LLM, & vLLM

System level optimization

Modular components

Config to production



Disaggregated Serving

Prefill Engine

Distributed KV cache

Decode Engine

Distributed KV cache

API Server 

Smart Router

Data Transfer Engine

Planner

Realtime performance 

tunning 

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

Disaggregated Serving

Prefill Worker Decode Worker

Event Plane

Metric transfer

across components 

User Requests

Low latency, interconnect-agnostic, multi-node data transfer

Compatible with OpenAI API, LlamaStack API and more

KV Cache Manager

KV cache offloading

Host 
Memory 

Object
Storage

Architecture and Components



Benefits of disaggregation on multiple nodes
Benchmark on multiple nodes 

Key result:

• disaggregated consistently outperforms 

aggregated  

• Up to 2× throughput per GPU improvement 

Config insights: 

• Aggregated best: TP8 DP2

• Disaggregated best: prefill TP2 DP4, decode TP8 

Prefill favors more data parallelism for batch 

efficiency 

Decode favors higher tensor parallelism for GPU 

utilization 

Each dot = 

different config 

(TP, PP, DP) 

Pareto line = most 

efficient configs 
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NVIDIA Dynamo: Smart Router
Reducing costly re-computation of KV cache 

Smart 
Router

GPU 1 

(Load: 50%)

GPU 3 

(Load: 75%)

KV hit rate: 

0%

KV hit rate: 

50%

KV hit rate: 

75%

GPU 2 

(Load: 15%)

User Query

https://www.baseten.co/blog/how-baseten-achieved-2x-faster-inference-with-nvidia-dynamo/#qwen3-

coder-benchmarks-with-kv-routing

2x faster

1.5x faster

1.6x more



35

NVIDIA Dynamo: GPU Planner
Optimizing GPU resources for distributed inference

Dynamo Planner

Disaggregated serving 

Traditional serving 

Shift GPUs between 

Prefill and Decode

User Requests

GPU Capacity Metrics

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



Memory Management
Leverage all memory and storage available in the data center

HBM                  

Host memory   

Local SSD            

Network storage  

G1

G2

G3

G4

▲ 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)



Dynamo strengths

Disaggregated 

serving

KV cache 

aware routing

KV cache

offloading

Better TCO  (Less prefill workers)

Faster latency (TTFT)

Increased KV cache hit

Compute load balancing on prefill 

Memory load balancing for decode

-> Better latency and throughput



Where will Dynamo shine?
But not a requirement

• 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



Benchmarking via AIperf
Benchmarking tool for LLM endpoints

• AIPerf is NVIDIA client-side benchmarking tool  that measures real LLM serving metrics like 

TTFT, ITL, throughput, and latency against any OpenAI-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.



Inference as a Service



Bring inference to your cluster

Envoy AI Gateway, 
liteLLM, Kserve

vLLM, SGLang, TRT-
LLM (+ Dynamo)



Learn more
Instructor-led workshop to deep dive

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



Inference is the next HPC challenge

• The workload is here: inference demand is growing 

oreasoning models and agents multiply compute exponentially

oYour 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!



Questions?

Contact: shabert@nvidia.com
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