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LLM Serving Systems
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Prefill vs Decode
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Decomposition of Performance Challenges

High-level Metric

Phases

Position
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Root Cause
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N Network bandwidth Ineff. Quant. Kernel RElaeT e e
launch . pattern
| Missing : . .
Async. Batching Improper ' |[Low L2 hit rate / Workload imbalance /
. CUDA . . ;
pipeline strategy parallelism setup : Bad tuning



Continuous Profiling



Background

e LLM serving and RL systems heavily rely on GPUs and typically run
continuously for days or even months

e Production workloads are inherently complex and dynamic

o Dynamic shapes lead to varying kernel launch configurations and resource usage

o Tail latency issues (e.g., KV cache misses) introduce unpredictable performance spikes

o RL pipelines interleave rollout and training, creating varied execution characteristics

o Multi-GPU behaviors (e.g., synchronization, imbalance, contention) are difficult to reproduce in

isolated or standalone environments



Existing Tools

e Cluster monitoring tools (e.g., nvidia-smi)

o Sample GPU state to report coarse-grained utilization metrics
o Very low overhead (<1%)

o No visibility into per-kernel behavior or proximity to peak FLOPs
e Traditional profilers (e.g., nsys)
o Provide per-kernel execution timelines and detailed traces

o Non-trivial runtime, memory, and storage overhead (>20%)

o Not suitable for long-running production workloads (>1 hour)



Periodic Profiling

e Structure execution into explicit
application-defined phases App

e Aggregate profiling data per

phase within the profiler Profiler

e [wo operating modes

Disk
o Active data fetching N

o Background data flushing

phased — phasel —— phase?2
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data® — datal —— data2
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store® — storel —— store2



Active Mode

e The user explicitly controls synchronization and decides when to collect and

reset profiling data

e Suitable for fine-grained analysis and controlled experiments

Asynchronous

Synchronous

if proton.data.is_phase complete(session_id, phase_id):
data_phase = proton.data.get json(session_id, phase_id)
proton.data.clear(session_id, phase_id)

proton.deactivate(session_id, flushing=True)
data = proton.data.get json(session_id)




Background Mode

e The profiler autonomously collects, flushes, and recycles profiling data
e Designed for long-running production services with minimal intervention
e Ensures bounded memory usage without manual cleanup

e proton.start(..., mode="periodic_flushing:format=...")

o "hatchet”
o "hatchet_msgpack”

o "chrome_trace”



Key Features: Cuda Graph Profiling

e Cuda graphs are widely used in inference (or even training) to reduce CPU

API invocation overhead

o Small GPU kernels: 10us/kernel

o APl invocation: 1us/kernel

e Instead of launching individual kernels, we launch a graph with a single CPU
API invocation consisting of thousands of kernels

e How do we attribute each kernel back to the point where are captured?



Key Features: Cuda Graph Profiling

S proton.start("profile")
doN
_.--—> CAPTURE def fn():
‘\‘ with proton.scope("test"):
test \‘\‘ kernel()
kernel _ ROOT
; ‘. g = torch.cuda.CUDAGraph() | launchi
:" Capture graph call p‘ath with torch.cuda.graph(g): _l_ test
! . () I:‘> |_ kernel
:. i |_ launch2
| ', | test
) ROOT i with proton.scope("launchl"): |_ kernel
: g.replay()
> launchT launch?
with proton.scope("launch2"):
Capture launch call path g.replay()




Key Features: Metadata Kernel Profiling

e Metadata (e.g., Tokens) is computed on the CPU

e \We cannot copy data from the CPU to the GPU in cudagraph kernels

o Unless it's from the pinned memory but not often used

e How do we store metadata on the GPU

o And keep accumulating metadata without synchronizing the CPU and the GPU?



Key Features: Metadata Kernel Profiling

def fn():
with proton.scope("MLPO", metrics={"tokens": 128, "flops": a.sum() * 5}):
kernel()
with proton.scope("launch"):
g.replay()
Profiler launch.enter launch launch.exit
Metric Kernel Kernel - ROOT

|_ MLRQ—»mﬁFlops: 16 tokens:128 |
::::::::::><::::::::::‘ _Juzlkernels| time: 1@ms |

GPU CUPTI Buffer Metadata Buffer .-~ /



Key Challenges: Runtime Overhead

App phase®d — phasel —— phase?2
@) /\:
I_I_'I 1 h 5 0 O
2 2 aune @ apts | Python APT
@ (mlelele) GIL overhead
GPU API Wrappers 0—o ©
Shared Data Structures Callback overhead
Lock contention

Profiler data®@ — datal —— data2

GPU Buff
@{\‘ uffers

GPU-CPU Synchronization

GPU buffer



Key Challenges: Memory Overhead

Profiler data® — datal —— data2

T

200k records/sec x 256 bytes/record
= 51.2MB/sec

r = 3GB/min
Fecoras

\ = 180GB/hr
start_time: 12314123ns
end_time: 1234123ns
kernel_name: char_foo_bar

call_path: A->B->C

device_id: ©




Key Challenges: Postmortem Overhead

Disk store®@ — storel —— store2

U

Parse, analyze, render kernels every minute

Proton Kernel Profiler Session: run_42

Continuous Profiling

@ CPU Utilization: 78% GPU Utilization: 84% Memory Usage : 6.2 GB

Kernel Events Total Time Avg Duration

gpu_sched_run_job 12.1s 20.8 ms

. . B copy_page-to_user 8.5s 83ms

v 1 s u a 1 1 Z e r mutex_lock 5.7s 133 ms

B tcp_sendmsg 43s 17.2ms
extd_writepages 3.8s 21.1ms
Bl nvhost_isr 2.6s 3.9ms
spinlock 1.9s 2.1 ms

CPU Usage CPU Usage

|

Flame Graph Call Trace




Optimizations

e Runtime

o Phase separation

o Synchronization-free buffer copy

o Launch-order based lock-free metric update
o  Copy-on-write correlation

e Memory
o Virtual phase
o User defined records
m Implemented by NVIDIA collaborators
e Storage

o  Online call path/metric aggregation



Runtime: Phase Separation and Pipelining

Asynchronous data collection and disk writing
Fine-grained locks on each phase

Avoid disk writing and data collection on the same phase

App phased — phasel — phase?2
ASYNC ASYNC ASYNC
& & & .
Profiler data® — datal —— data2
ASYAC ASYNC ASYNC

S S~ \\\
LN A A

Disk store®@ — storel — store2?



Runtime: Synchronization-free Buffer Copy

e Collecting metadata without trigger CPU-GPU flushing

<p <p <
graphO %:(g—» graph1 %‘_ﬂi—» graph2 @

L )

#scopes: 100 buffer_size: 100
start_offset: 0x0100 end_offset: 0x0200

. T

metric metric metric metric metric

offset . offset )
id value id value value

Profiler

Metadata Buffer

-

Y Y
scopeT scope?

Ring Buffer



Runtime: Launch-order Based Lock-free Metric Update

JUCEEES Profiler Thread
Pointer/to’iﬁe metric array
launch launch2 //' ‘|“<:)\
/I// \
CAPTURE CAPTURE , 0 LOCK) ‘
test

P P . GPU Buffer
kernel kernel— duration — flops | 0

_________________________ ; 1D

(::)L NCH

Application Thread



Runtime: Copy-on-Write Correlation

Profiler Thread

ROOT
launchi launch? — <correlation ID, #kernels>
CAPTURE CAPTURE Copy fzﬁ
Decrease #kernels until ©
test test
kernel kernel —— <correlation ID, #kernels> @

x100 times Update

Application Thread



Memory: Virtual Phase

e Naive solution: replicate graph call paths at launch nodes

o High overhead at each graph launch
e Improved solution: link launch nodes with a virtual phase

o Reduce memory and launch overhead

ROOT Application Phase Virtual Phase
launch launch?2 ROOT //> CAPTURE
CAPTURE CAPTURE ﬂ:i:> launch1 launch2 //f?f test

test test \ Tt kernel

kernel kernel



proton.start("profile")

def fn():

with proton.scope("test"):

kernel()

for i in range(100):

g = torch.cuda.CUDAGraph()

with torch.cuda.graph(g):

fn()

with proton.scope("launchl"):

g.replay()

Storage: Online Aggregation

start_time: 12314123ns
end_time: 1234133ns

ROOT

launchi

CAPTURE

test

kernel

s>

duration — flops



Experiments



Environments

e Hardware

o GPU: NVIDIA B200, 180 GB HBM
o CPU: 2x Intel Xeon Platinum 8570, 112 cores (224 threads)
o Memory: 2.0 TiB DDR

e OS
o Red Hat Enterprise Linux 10.0 (Coughlan)
e Software

o vlim: 0.1.dev14510+g7d9714cbf
o triton: 3.7.1



Setup

e Four models

o GPT-0OSS-20B

o GPT-OSS-20B-TP2

o GPT-0OSS-120B-EP2
Mixtral-8-7B-EP2
e Two profilers

O  nsys

o proton (periodic profiling mode)
e VLLM workloads

o bench serve mode

o random prompts (in = 500 tokens, out = 2000 tokens)

o batches of 50 prompts

O



Runtime Overhead
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CPU Memory Overhead
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Storage Overhead
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Conclusions



Related Work

o Our paper
o [SC’26] LLMPROF: Identifying Performance Bofttlenecks in LLM Serving Systems with
Top-Down Profiling
o Integrated into PyTorch/Tokenspeed/vLLM (in progress)
e Papers from Chinese companies
o [Tencent] ARGUS: Production-Scale Tracing and Performance Diagnosis for over 10,000-GPU
Clusters
o [Alibaba][OSDI'26] StriaTrace: Efficient Tracing and Diagnosis for Online LLM Inference
(Operational Systems)



Takeaways

. Proton provides fine-grained kernel-level performance insights while

remaining efficient for long-running production deployments

o How to profile MegaKernels?

« Co-designing the profiling framework and LLM services by exposing

multi-layer, multi-level profiling APls is the best practice

o There is no single profiling tool that fits all frameworks



