’\ E #KubeCon #CloudNativeCon

KubeCon CloudNativeCon
North America 2026

Reduce vLLM Pod Cold Starts with KServe Kernel
Caching

Jooho Lee Vishwa Hiren Gandhi
Principal Software Engineer, Redhat- KServe maintainer = Software Engineer, Oracle .




What is vLLM?

Open-Source LLM Serving Engine

Runs pretrained models and serves inference requests

Hardware & Model Support

Supports a wide range of models and GPU
architectures
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High Performance

Optimized for high-throughput, low-latency inference

Key Optimization Techniques

Uses techniques such as Paged Attention, continuous
batching, and model compilation



VLLM Core Features

PagedAttention KV Cache Continuous Batching
Previous tokens New token
d
!(V cache Page 0 Page 1 Page 2 ’ Page 3 l 1 s | i e Running
In memory e ncoming
u [ 2 [ 8 ] i ] B ] requests  ReqB —> oo batch
l l l l l (over time)
ﬁ: Attention ~ ReqC —>
access [KN I KIV | KV l K/V J [ K/V ]
Manages KV cache in blocks to reduce Reuses past attention states so each new Admits new requests dynamically instead of
fragmentation and improve memory efficiency. token does less repeated work. waiting for a fixed batch boundary.
VLLM Core Features
Key ideas behind efficient LLM inference
High Throughput Prefix Caching Quantization Speculative Decoding
Fi 4
Eequest A e—> RequestA | The cat sat on the mat (;21/61/ :;:352) ':‘;7 4/ ll)b]g) Draft model Propose Target model
equest 2 —> (small, fast) (large, accurate)
Request3 —> VLM Quantize | mmpm ol
B Engine Requestp  The cat sat on a log —> EEEE
equest4 —> ] | A
‘ Shared prefix (cached once) Verify and accept / reject
Serves more tokens and requests Reuses computation for shared Reduces memory and compute Speeds up generation by drafting
efficiently on the same hardware. prompt prefixes across requests. cost with lower-precision weights. tokens before final verification.
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Why vLLM?

De facto choice

A widely adopted inference engine

for serving large language models.
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Fast model adoption

Rapid support for new models and
architectures.
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High Performance inference

Support across GPU platforms and
diverse deployment environments.
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High-performance inference is valuable
but starting the server can still be expensive.
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What is KServe?

KServe is a CNCF project for deploying and managing model inference on Kubernetes.

REETERRTERPETRRE @ KServe Modelinference platform «cccoooooovn. ;

Generative Predictive

Supported O o OMLC A ey
runtimes LLM vk RGBoost . Lear

megmtons. Qg llm-d @@ emvoy  LMCache

Autoscaling Networking
Cloud native .
integrations 0 A gateway api @
Orchestration kubernetes
f\ E Hardware accelerators (GPUs, CPUs, etc.)
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How do we deploy vLLM using KServe?

Standard deployment mode

ServingRuntime —

® load model
Deployment Pod Ready
2 deploy
model
InferenceService — PP
Storage initializer ) Qdownioad ___ (o s
Model weights from remote storage model At

HuggingFace

KServe manages the Kubernetes resources; vLLM still performs its own runtime initialization.
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vLLM StartUp Metrics on Kubernetes

What each metric means and where it is usually measured

Directly measurable

Model Download

® Fetch model files
from object storage /
registry to local
volume

@ Usually measured
from init container
(for example
storage-initializer)
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includes Weight Loading

@ Construct the model

Directly measurable Directly measurable
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Graph Compilation

® Compile and optimize
execution graphs /
kernels

and load checkpoint

weights into CPU/GPU

memory

® Usually measured
from torch.compile
logs

Usually measured
from vLLM model
loading logs

Directly measurable
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Graph Capture

® Warm up and capture
CUDA graphs for fast
replay

® Usually measured
from graph capture
logs

Broader metric End-to-end metric

Engine Init

Pod Ready Duration

Higher-level metric:
profiling, KV cache
creation, warmup,
and setup

® End-to-end time from
Pod creation until
Ready

® Usually measured
from Kubernetes
Pod conditions

May overlap with
compilation and
graph capture



Total startup:

Initial deployment: where time goes 250s

It shows pure vlim deployment time only

=

VLLM startup bootstrap Model loading torch.compile CUDA Graph  Final API
from first log to model weights loaded from standard Dynamo + graph capture startup
loading start deployment storage compilation runtime capture ~ server startup
and warmup to ready
‘@ What stands out Share of total time (=250s)
i @ Model loading 57%
1 Model loading is the biggest part of startup. y
¢ torch.compile 14%
2  Compilation is still a significant cost. @ CUDA Graph capture 5%
3 Thisis the baseline before LocalModel and © Other startup overhead 249
KServe Kernel Cache optimizations. (VLLM bootstrap + final API startup) <
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What happens when we scale out?

Pod A: initial deployment Pod B: new GPU node

Pull image — download model — load weights — compile If no image, model, or kernel cache exists locally, much of
kernels the work repeats.

o . —> work repeats on the new node
m-&-8-45- @ m-o e . ©
runtime model load Pod A

< GPU kernel

image

Pod B
i runtime model load GPU kernel
download weights compilation {#} GPU node

image download weights compilation G.0x0ned

A new Pod does NOT automatically inherit
the previous Pod’s compiled artifacts.
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A cold start has multiple costs

01 Downloading Runtime image 02 Downloading Model weights
Pull the vLLM container image from the registry before Download large model parameters and check artifact
starting execution. integrity.
03 Compiling GPU kernels 04  Loading weight to GPU memory
Compile and cache optimized GPU execution artifacts Load weights into VRAM and initialize the runtime
dynamically. context for execution.
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Which startup costs can we reduce?

[ Model download Pre-stage or locally cache weights KServe Local Model Cache @ }
Image pull Pre-pull runtime images
Kernel compilation Reuse previously compiled artifacts
Model weight loading More constrained by runtime and hardware Not available

Today’s focus: make compiled GPU kernels reusable.
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Why compile GPU kernels at runtime?

To specialize execution for the actual GPU and model configuration.

Runtime environment -~ ~
B GPU architecture (SM capability) Runtime

B Model shapes, dtype & settings —_— Compilation

B vLLM / PyTorch / Triton stack torch.compile / Triton

® CUDA / driver compatibility k

/

Benefit: better runtime performance

Specialized GPU kernels
B GPU-specific instructions
B Shape-specialized operations

B Optimized execution paths

Potential throughput & latency gains

Trade-off: extra startup latency

What if we could reuse optimized kernels without compiling them on every pod startup?
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Compile once. Reuse when compatible.

( )
First startup Subsequent startup
VLLM compiles kernels and vLLM finds compatible
writes artifacts to its cache compiled artifacts and can skip
directory. —> Cache —> redundant compilation.

Compiled Artifacts

Initial Build Fast Startup

Note: Reuse depends on compatibility — not every artifact works for every model, runtime, or GPU.
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Cache reuse depends on storage

Persistent host or volume Disposable Pod storage
A cache directory can survive process or container A newly created Pod may start without the artifacts
replacement if backed by persistent storage. compiled by its predecessor.
Pod / Container Pod (old) Pod (new)
vLLM vLLM = e x B vLLM

Host disk
or Persistent Volume

» ! ~ Jroot/.cache

/root/.cache
(empty)

/root/.cache

Compatible artifacts must persist and remain accessible across pods



Could we just share the cache directory?

Shared network filesystem

A ReadWriteMany volume can expose cached artifacts to

multiple Pods.

Pod A

vLLM

Iroot/.cache Iroot/.cache

Shared Storage
(NFS / RWX PVC)

Pros

@& Multiple Pods can access
the same cache

@ Survives Pod replacement

Cons

Additional infrastructure
(e.g., NFS/RWX)

Network latency
Single point of failure

May not scale for large
artifacts

Node-local filesystem

Node-local storage can preserve artifacts but complicates
scheduling and host access.

Pros
& High performance
(local disk)
& No additional infrastructure

Cons
€ Not accessible from
other nodes

€ Pods are tied to a specific
node

€3 Cache not available on new
nodes

€3 Lost when node is drained

ﬂ Enterprise question: who created the cached code, and should we trust it?
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Make the cache portable and trusted

01 02 03 04

Package Sign Verify Distribute

Store compiled cache Apply artifact signatures Enforce signature Pull and reuse caches

artifacts as OCl images. with a trusted signing verification before use. across compatible GPU
identity. nodes.

Signature verification establishes provenance;
compatibility checks still matter.
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KServe Adopts GPU Kernel Caching

From GPU Kernel Manager to a native, optional capability in KServe.

Earlier direction KServe integration Operational controls
Persistent Volumes for cache reuse OCl-based distribution and signing / Registry connectivity and
verification authentication options
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KServe Kernel Cache

n 2 ---» Coordination —» Status
Kubernetes resources, runtime Pods, and OCI artifacts
KUBERNETES CLUSTER
CONFIGURATION KSERVE MANAGEMENT
P : settings . .
InferenceService ConfigMap ~ _______ > LocalModel controller @ Admission webhook
Kernel Cache configuration Kernel Cache reconcilers

5 : Inject MCV into capture Pods
Capture lifecycle - node preparation

—» Artifact / cache

Mount compatible caches into new Pods
i~ i .
KernelCacheNodeGroup ~ ______ i Configure Agent DaemonSet - create KCNs
GPU node labels — nodeSelector selector A H 4
! ' '
eee____Complete ______________ { ! creates | ready state
CUSTOM RESOURCES o ! i
i 4 i
KernelCacheCapture KernelCache KernelCacheNode
Runtime result - capture phase OCl digest - identity - paths Node-local cache status
A h
1
k - -
reports runtime result Controllers create | kserve-kernelcachenode agent
a per-node Job : nodeAffinity from KCNG nodeSelector
1
1 )
1 )
) runs on each node y updates KCN status
= 1 )
g Producer GPU node (:Z) Matching GPU node ! ! labels match KCNG selector
=) | |
bl 1
@ Producer serving Pod \
Webnookinjectsithe: MGV sidecar @ OCl prefetch Job @ Agent Pod @ New serving Pod
o - Pod - OCl image volume Validates cached images Compatible cache mounted
@ VLLM runtime @ MCV sidecar Prepares the node cache Reports node availability Configured by the webhook
Generates cache Captures output x
l prepares | observes T mount
Shared i he dil :
ared nintime;cache directory D NODE-LOCAL OCI CACHE - artifact available for compatible Pods
Push captured OCI image

OCI REGISTRY

N5

OCI cache image

Pull OCI artifact via image volume
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Make the cache portable and trusted in KServe Kernel Cache

KServe Kernel Cache / From compilation to verified reuse across GPU nodes

OcCl
PRODUCER REGISTRY CONSUMER

Capture — Package — Sign Store & distribute

Verify — Prefetch — Reuse

01 02 03 - 04 05
-~ 3 —
> 8 > (4 —> —> > @ @ ™
. PUSH . PULL .
Capture Package Sign Signed OCI brefetoh Verify Reuse
Compiled Bundle cache Trusted cache artifact Signature On compatible
kernels as OCI artifact signing o GPU nodes
from first Pod identity Compatibility

Artifact + signature

stored in registry
Output: signed, portable cache artifact

Result: cache ready before Pod startup

Portable through OCI < Trusted through signatures < Safe to reuse through compatibility checks
| 5o "
r N
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Cache reuse requires a compatible workload

Artifact identity Compatibility decision

SHA-256 fingerprints identify cache origin and reuse conditions. Find a safe match for the new workload, in priority order.
Workload footprint Exact match
Identifies a cache created for the same workload 1 Workload + compatibility footprints match

Namespace - Workload kind/name - Runtime image Reuse existing cache

Model URI hash - Command hash - Args hash

Fallback reuse
2 Compatibility footprint matches another workload

Compatibility footprint

Identifies reuse across compatible workloads

Reuse cache across workloads

Runtime image - Model URI hash .
g No compatible cache

dtype - quantization - max model length 3 No acceptable workload or compatibility match

Block size - Attention backend - Compile config / env Start a new capture, if eligible

¢

E Cache identity determines reuse. Trust alone is not enough.
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Startup Performance Test Setup

Measuring real vLLM startup time across different storage and caching strategies

Qwen2.5-32B-Instruct-AWQ

vLLM 0.28.0 - NVIDIA L40S (48 GB) (AWS EC2 g6e.2xlarge) - KServe

Same model Same runtime One test at a time

18.00 GiB checkpoint AWQ - TP=1 - max len 32,768 Storage and cache strategy vary

Readiness here = vLLM first log — API server start. Pod creation, pulls and initContainers excluded.
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Four runs, two optimizations

Each scenario adds one change to the previous deployment

n Standard Regular ISVC - XFS checkpoint

No kernel cache

“ LocalModel Pre-staged weights mounted from NFS

Compile from scratch

KernelcaChe Same NFS path + MCV sidecar Compile, then capture artifacts
Capture
KernelcaChe Same NFS path + cache linker init Load precompiled AOT artifacts
Reuse

#3-A and #3-B form the controlled comparison for kernel cache reuse.
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LocalModel reduces model loading time

Standard ISVC vs cached model on NFS

startup
#2 LocalModel 169s
startup

141.55 — 60.46s 35.31 — 35.73s

Observed startup: 250s — 169s. XFS vs NFS differs; do not attribute all loading gains to caching.
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Capture adds no clear compile penalty

Compare LocalModel alone with LocalModel + MCV sidecar

#2 LocalModel

#3-A Capture

torch.compile Engine initialization

35.73 — 35.27s 55.83 — 55.40s

Nearly unchanged Nearly unchanged

169s
startup

160s
startup

wr
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#3-A still compiles normally; MCV captures the generated kernel cache for future reuse.
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Reusing Kernel Cache reduced startup time

Direct comparison: #3-A Capture vs. #3-B Reuse

startup
startup

torch.compile Engine initialization
35.73 — 1.16s 55.40 — 18.29s

Evidence: “Directly load AOT compilation” - 3 artifacts reconstructed - 65 submodules
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What do the measurements mean?

Nested measurements — do not add compilation or CUDA Graph capture to Engine Initialization

VvLLM startup (overall measured interval) Standard 250s | Cache reuse 110s
Model loading Engine initialization
Load model weights Includes the following measured operations:
and initialize model state
torch.compile CUDA Graph capture
35.31s — 1.16s 12s — 12s
141.55s — 51.74 ~ 56.35s

Engine total: 55.62s — 18.29s (not additive)

Timing: first vLLM API server log — “Starting vLLM server”. Values are from separate standard and cache-reuse tests.

Outside this measured interval Runtime image pull + Model download ¢ Init containers

|
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Measured outcome across startup stages

0 #1Standard @ #2 LocalModel [0 #3-AcCapture [ #3-B Reuse

| 250s

VLLM startup
141.55s
. 60.465
Model loading oy
56.35s
torch.compile
55.62s
s s 55.83s
Engine init SEs
CUDA graph
0 50 100 150 200 250
Time (seconds)
Measured from the first vVLLM startup log to “Starting vLLM server”. Common 0-250s scale for all bars. Bottom line
[ oY E Best observed result:
250s — 110s startup
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Which startup costs disappear?

Observed pod creation — Ready time across four tests

Seconds
0 60 120 180 240 300 360 420 480 540 600 660
i I | Il } l l ] | | 1 i
R v Kernel
#1 Standard ISVC Model download & init VLLM image pull Eompiation Other startup 11m 00s
266s 156.6s 35.3s 202.1s (660s)
#2 LocalModel 3m11s
LocalModel removes repeated model (191s)
download and cold image pull.
#3-A Kernel Cache capture 3m 00s
Capture still pays compilation cost. (180s)
1.16s
f
#3-B Kernel Cache reuse 2m 10s
Reuse removes most compilation cost. (130s)
- Model download & init - VLLM image pull . Kernel compilation . Other startup Removed / no longer needed
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Bonus finding: another cold-start cost remains

Even after KServe Kernel Cache reuse, a new GPU node still pays for the vLLM runtime image pull.

= =)\
Pull vLLM R
Pod created euse CUDA Graph
runtime image o mosel kernel cache capture API Ready
- -> - -
ﬂﬂf@ X EQ > e <[>
Scheduler places
pod on new 1 56‘65 ~56$ 1 .1 68 1 25
GPU node 19.99 GB image
& /
Observed pod startup
@ Image pull + container bring-up: 3 Running to Ready: Total pod Ready time:
~158s % ~132s =1 ~290s
Q Kernel compilation is largely solved, but runtime image pull can still dominate cold starts on a new node.
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Bonus idea: prefetch the runtime image too

KServe Kernel Cache already knows the runtime image. We can use that to prepare the node before the pod starts

New GPU node KServe Kernel Cache Node prepared New vLLM pod
joins prefetch starts
% S @ Kernel Cache OCI S 0 N @

Cluster autoscaler @ vLLM runtime image compiled artifacts + Scheduler places

provisions a new - runtime image pod on prepared

GPU node propgeet Sditon already available GPU node

Potential pod startup impact

API Ready

<[>

@ Wit;ugtatime image prefetch up to ~156s removed After sgasful prefetch
from pod startup path
o S p PP > ~1 S

@ Measured today: runtime image pull = 1 56.65

Q Proposed optimization — image pull is shifted earlier to node preparation time; end-to-end benefit still to be validated.
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Key takeaways

Reducing vLLM cold starts with KServe

01 Measure the entire cold start Pod creation — Ready
Image pull, model preparation, compilation, and engine startup all add latency. not just vLLM startup

02 Compile once, reuse safely 35.27s — 1.16s
Package, sign, verify, and reuse compiled artifacts on compatible GPU nodes. 96.7% less compile time

03 Remove startup costs layer by layer ~11m — 2m 10s

LocalModel avoids re-downloads; runtime-image prefetch is the next opportunity. observed Pod Ready across tests

Measured in one test environment. E2E results span different storage and image-cache conditions; the full gain is not solely from Kernel Cache.
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Thank you. Questions?

GitHub github.com/kserve/kserve
Meetings Biweekly, Thursdays 12 PM EST
Slack #kserve on CNCF Slack




