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DIY or just buy?




® (2 Jione
fo):::o otypiansg Alrn:ll.l:lm
T <<r4

> Buy-in ChatGPT & co

Low costs to begin

1



Self-hosting LLMs - the good \
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Self-hosting LLMs - challenges

Large sizes, issues in loading them fast, poor deployment

Model Size speed, worse agility
Memory Extremne memory requirements, good memory
Requirements management is crucial
Compute Requires a lot in production/many end users, high
Resources operational costs
Latency High inference latency due to their complexity

Scalability

Scaling GPUs or replace workload fast isn't trivial




erving LLMs onK8s
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How it's going:

G

How it started:




Portability - allows to (more or less nywhere

Scalability - adjusts
workload to suit

d on its demand or adjust the

Optimize utilization of resources

Ecosystem - Feature rich and active ecosystem for tools, best
practices and community
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Kubernetes is a platform to
build platforms




K8s - Supporting Capabilities for

LLMs

Observability

Track performance &
health

Utilize persistent &
dynamic volumes

ci/cD - “Gitops”

Adopt best practices for
automation

Security

Build on a rich ecosystem for
protection and
separation/isolation
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Observability

The K8s default provides a full transparency from
infrastructure, through network, to the application ‘

Telemetry
layer.
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ci/cD - “GitOps”

Cl/CD and GitOps provided the foundation for MLOps and LLMOps.

Cl / CD with GitOps

Yuan Tang

Source: Cloudflight



No matter where, no matter what, K8s
provides a unified approach of integrating
with the storage.

S5, voLCANO

RANNASE For the end user it is always just a claim,
how it is done is out of the sight.

: Re-claiming storage, backup of cluster and
61010 application state with the data and

' event-based triggers to adjust to certain
metrics improve reliability drastically.



Security

4@ RBAC

Network
@ Isolation
Open Security @ Policies

Toolbox 4@ Vulnerability
Scanning
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LLMOps Workflow
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LLMOps example Architecture
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LLMOps example Architecture
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LLMOps example Architecture
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LLMOps example Architecture

Retraining Retraining
eSource Sensor
LS
* . ino I Vector
| ti cm—
Streamlit esource G
Y
Retraining f#)
—

Pipeline

Vector o D
Ingestion #) g
| Llamalndex o *_I

miflow ——

I S—
MINIO @




Kubernetes Empowerment
i

argo ¢, LLM fine tuning in the box
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Using LLMs on K8s
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10k feet view kserve
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predict generate explain monitor

Predictive & Generative T
@ Model Inference

Model
Triton Inference Server/TensorRT-LLM, vLLM, TFServing, TorchServe Storage
runtimes with Open Inference / OpenAl REST/gRPC Protocol

—~— -
K ‘v\ Knative + Istio

Optional Serverless / ServiceMesh Layer

Kubernetes
EKS /| AKS / GKE / ACK / On-Prem ...

CPU



10k feet view kserve
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options to follow






We (will) have
various
specialized LLMs to




That’'s where K8s plays strong

Flexible provisioning & Adjust resources allocation -
integrations DRA

K8s support a very dynamic Dynamic Resource Allocation to
scaling and shifting of workload improve GPU and memory
based on metrics. utilization. -> better for the

business



Dynamic Resouce Allocation

Dynamic Resource Allocation (DRA) allows users to create MIG slices

API Server

Class
aim Driver

PodSchedulingCont
ext

Kubernetes
Scheduler

Provide
candidate nodes
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1g.10gb < 1g.10gb b 1g.10gb = 1g.10gb

Container Kubelet

1g.10gb
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GPU . GRUIEE, GEUNER, 5 5
GPU :

» 2 pods * 1pod * 2 pods GPU A
« 1 container each « 2 containers « 1 container each —T\} Example A 100-4OGB MIG layouts
« 1 GPU per container o 1 shared GPU o 1 shared GPU N

* 1 pod

© 1 container

© 1 claim

© 4 GPUs per claim




Wasm & Inferencing
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Problems Power

e Efficiency \ ) e Minimum
Resource

- Lalngiiigiels Footprint

Dependencies

e Dev flexibility
e Platform

Dependencies e Secure

e Close to data




Combining DRA, kserve & WASM

reme resource
efficient

Runs “anywhere
any scale

hly dynamical

Very cost effici nd adjustable






