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Challenges in Optimizing AI (LLM) Systems 



Proton



Proton API

● Designed for flexible, low-overhead, and iterative profiling and optimization of 

GPU kernels, especially Triton

● Proton profiler API
○ proton.start/proton.finalize

● Proton instrumentation API
○ proton.start(backend=”instrumentation”)

● Proton PC sampling API
○ proton.start(backend=”cupti”, mode=”pcsampling”)



Comparison with Nsys/Torch profiler

● More detailed and custom performance metrics 

○ Scheduler 

○ Kernel invocation context, even inside the CUDAGraph replay

○ (Gluon) Intra-kernel monitoring

● Always-on continuous profiling with negligible performance overhead

○ Suitable for online serving & RL that would run for very long time.

● Less CPU memory overhead and OOM

○ Typical single profile size is < 30MB



Scope Annotation and Metrics Collection

● Scopes: a user-defined region with semantic information 
○ MLP
○ Forward

● User defined metrics will be aggregated into the annotated scope
○ FLOPs
○ #Bytes
○ #Tokens

● API
○ with proton.scope(“name”, metrics={name : double | float})



Call Path Profiling 



Timeline Tracing

GPU Streams

Kernel Info Call Path



Use Case: Persistent matmul
See 09-persistent-matmul.py for more details

http://09-persistent-matmul.py


Challenges in Coarse-Grained API

● Desire to understand kernel behavior and GPUs for better optimizations
○ GPU HW extremely complicated
○ Producer-consumer programming
○ Identify critical paths

● Desire to enable fine-grained overlaps
○ Tensor core, Cuda core, SFU, TMA, NVLink
○ Better HW utilization, higher throughput

● Existing profiling tools can’t help
○ Sampling-based: NCU, ROCm Compute



Fine-grained APIs

● Flexible user-defined fine-grained profiling

○ Scope-based timeline

○ OP-level latency

● Unlock customized analysis and optimization

○ Compiler integration

○ Dynamic traces

Triton

Gluon

TLX

TTGIR

PTX

Proton
Intra-kernel 

Backend 

Proton DSL; 

IR OverrideProton DSL

Proton Dialect

ASM Adjustment

Proton DSL



Use Cases

OP Name Latency (cycle)

tanh 800

multiply 550

dot 450

tma_load 1800

Case 1: Identify Critical Path

Case 2: Detect Resource Contention

Case 3: Operation Latency

Activation warps

Activation warps

GEMM warp
Load warp



Continuous Profiling



Background

● LLM serving and RL systems heavily rely on GPUs and typically run 

continuously for days or even months

● Production workloads are inherently complex and dynamic

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

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

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

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

isolated or standalone environments



Existing Tools

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

○ Sample GPU state to report coarse-grained utilization metrics

○ Very low overhead (<1%)

○ No visibility into per-kernel behavior or proximity to peak FLOPs

● Traditional profilers (e.g., nsys)

○ Provide per-kernel execution timelines and detailed traces

○ Significant runtime, memory, and storage overhead

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



Periodic Profiling

● Structure execution into explicit 

application-defined phases

● Aggregate profiling data per 

phase within the profiler

● Two operating modes

○ Active data fetching

○ Background data flushing

phase0 phase1 phase2App

Profiler data0 data1 data2

Disk store0 store1 store2



Active Mode

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

reset profiling data

● Suitable for fine-grained analysis and controlled experiments

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)

Asynchronous Synchronous 



Background Mode

● The profiler autonomously collects, flushes, and recycles profiling data

● Designed for long-running production services with minimal intervention

● Ensures bounded memory usage without manual cleanup

● proton.start(..., mode=”periodic_flushing:format=...”)

○ "hatchet"

○ "hatchet_msgpack"

○ "chrome_trace"



Key Features: Cuda Graph Profiling

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

API invocation overhead

○ Small GPU kernels: 10us/kernel

○ API invocation: 1us/kernel

● Instead of launching individual kernels, we launch a graph with a single CPU 

API invocation consisting of thousands of kernels

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



Key Features: Cuda Graph Profiling
proton.start("profile")

def fn():

  with proton.scope("test"):

    kernel()

g = torch.cuda.CUDAGraph()

with torch.cuda.graph(g):

  fn()

    

with proton.scope("launch1"):

  g.replay()

  

with proton.scope("launch2"):

g.replay()

Capture graph call path

Capture launch call path

- ROOT
|_ launch1
  |_ test
    |_ kernel
|_ launch2
  |_ test
   |_ kernel

CAPTURE

test

kernel

ROOT

launch1 launch2



Key Features: Metadata Kernel Profiling

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

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

○ Unless it’s from the pinned memory but not often used

● How do we store metadata on the GPU

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



Key Features: Metadata Kernel Profiling

def fn():
    with proton.scope("MLP0", metrics={"tokens": 128, "flops": a.sum() * 5}):
        kernel()
    
with proton.scope("launch"):
  g.replay()

GPU

launch.enterProfiler launch.exit

CUPTI Buffer

launch

Metadata Buffer

Metric Kernel Kernel - ROOT
|_ MLP0    flops: 16 tokens:128
   |_ kernel  time: 10ms



Key Challenges: Runtime Overhead

phase0 phase1 phase2App

Profiler data0 data1 data2

Shared Data Structures
Lock contention

launch

GPU API Wrappers
Callback overhead

GPU buffer

GPU Buffers
GPU-CPU Synchronization 

Python API
GIL overhead



Key Challenges: Memory Overhead

Profiler data0 data1 data2

records

start_time: 12314123ns

end_time: 1234123ns

kernel_name: char_foo_bar

call_path: A->B->C

device_id: 0

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

= 3GB/min
= 180GB/hr



Key Challenges: Postmortem Overhead

Disk store0 store1 store2

Visualizer

Parse, analyze, render kernels every minute



Optimizations

● Runtime
○ Phase separation
○ Synchronization-free buffer copy
○ Launch-order based lock-free metric update
○ Copy-on-write correlation

● Memory
○ Virtual phase
○ User defined records

■ Implemented by NVIDIA collaborators

● Storage
○ Online call path/metric aggregation



● Asynchronous data collection and disk writing

● Fine-grained locks on each phase

● Avoid disk writing and data collection on the same phase 

Runtime: Phase Separation

phase0 phase1 phase2App

Profiler data0 data1 data2

Disk store0 store1 store2

ASYNC

ASYNC

ASYNC

ASYNC

ASYNC

ASYNC



Runtime: Synchronization-free Buffer Copy

● Collecting metadata without trigger CPU-GPU flushing

Metadata Buffer

Profiler

offset
metric
id

metric
value

offset
metric
id

metric
value

metric
value

scope1 scope2scope1

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

Ring Buffer

graph0 graph1 graph2



Runtime: Launch-order Based Lock-free Metric Update

CAPTURE

test

kernel

ROOT

launch1

CAPTURE

test

kernel

launch2

Application Thread

duration flops

INSERT

GPU Buffer

LAUNCH

Profiler Thread

UPDATE (NO LOCK)

Pointer to the metric array



Runtime: Copy-on-Write Correlation

CAPTURE

test

kernel

ROOT

launch1

CAPTURE

test

kernel

launch2

<correlation ID, #kernels>

Profiler Thread

Application Thread

<correlation ID, #kernels>

x100 times

Copy

Decrease #kernels until 0

Update



Memory: Virtual Phase

CAPTURE

test

kernel

ROOT

launch1 launch2CAPTURE

test

kernel

ROOT

launch1

CAPTURE

test

kernel

launch2

Virtual PhaseApplication Phase

● Naive solution: replicate graph call paths at launch nodes
○ High overhead at each graph launch

● Improved solution: link launch nodes with a virtual phase
○ Reduce memory and launch overhead



Storage: Online Aggregation

proton.start("profile")

def fn():

  with proton.scope("test"):

    for i in range(100):

      kernel()

g = torch.cuda.CUDAGraph()

with torch.cuda.graph(g):

  fn()

    

with proton.scope("launch1"):

  g.replay()

CAPTURE

test

kernel

ROOT

launch1

start_time: 12314123ns

end_time: 1234133ns

duration flops



Experiments



Environments 

● Hardware
○ GPU: 8x NVIDIA H100 SXM

○ CPU: 128 vCPU

○ Memory: 1.6 TiB DDR

● OS
○ Ubuntu 22.04

● Software
○ vllm: v0.26.0rc1

○ PyTorch: 2.11+cu130



Negligible Runtime Performance Overhead



Small Profile Size



Continuous Profiling Overhead



Continuous Profiling Storage



Case Studies



Post-mortem Analysis with proton-viewer

For proton hatchet profiles, we can inspect them from different perspectives with 
proton-viewer. For example:

Check a specific model layer: 

proton-viewer -m time/us,count -i '.*model[.]layers[.]0.*' profile.hatchet

Check a specific model forward: 

proton-viewer -m time/us,count -i '.*execute_4096_context_3.*' profile.hatchet

Check diff between two profiles: 

proton-viewer -m time/us,count --diff-profile run_1.hatchet run_2.hatchet



vLLM Profiling Results ver. Before

● DeepEP high-throughput mode (vllm#24588)
○ The only mode available for GPT-OSS. Low-latency mode is not compatible
○ No support for cudagraph -> High kernel launch & CPU-GPU synchronization overheads

Setup 
● 2xB200 GPU
● input/output len: 1000
● num prompt: 2048
● max concurrency: inf



vLLM Profiling Results after Integration (Ours)

Eager Mode Graph Mode



Integration Plan

To integrate, we can reuse a lot of existing things in vLLM with minor 

modifications. We have merged (#48789) a minimal eager mode-only integration.

● Reuse: the shared profiler trigger in inference frameworks
○ /start_profile &  /end_profile endpoint in vLLM

● Reuse: the existing NVTX scope

● Modification: Activate proton scope during CUDAGraph capture

● Modification: More annotations around kernel invocations for custom metrics

https://github.com/vllm-project/vllm/pull/48789


Takeaways

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

remaining efficient for long-running production deployments

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

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

○ There is no single profiling tool that fits all frameworks


