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Why Shared GPU Computing?

1. GPUs are expensive
2. ML workloads are memory- and compute-intensive.

Sharing is how we make the economics work.

● Edge: One (or a few) consumer GPUs (e.g., RTX 4090, 5090). One developer 
runs multiple models. One model active at a time (Temporal Multiplexing).

● Datacenter: A cluster of datacenter GPUs (e.g., A100, H100, B200). Many 
tenants, jobs arriving and leaving. Managed by Slurm / Kubernetes to keep 
utilization up (Temporal + Spatial Multiplexing). 



GPU Communication Datapath

Sharing GPUs means sharing the paths between them and the rest of the system

● PICe
● NVLink, NVLink C2C, TPU ICI
● RDMA: Infiniband, RoCE

Improving the datapath is a focus of hardware vendors (e.g., NVIDIA, Google)

NVSwitch
Grace Hopper SuperChip TPU TorusPictures from NVIDIA and https://jax-ml.github.io/ websites
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Edge ML

Let’s consider a workflow:

Loop:

- Using LLM to describe a scene (Model A: 30G)
- Using text2image model to generate an image (Model B:30G)

Let’s say you have 32G GPU, which option do you pick?

- Option 1: Run Model A’ (10G) + Model B’ (10G) 
- Option 2: Run Model A (30G) + Model B (30G)



NVIDIA Unified Memory

Pictures from NVIDIA websites



Directly using NVIDA Unified Memory

Problem 1: Need excessive pinned memory

- Model A (30G) + Model B (30G) requires pinning 60G CPU memory

Problem 2: Thrashing

- Model A and B competes for GPU memory, and performance is terrible for 
both

Problem 3: Do not use PICe bandwidth well

- PCIe has full-duplex bandwidth, but empirically only one direction is fully 
utilized



Nixie: Efficient Temporal Multiplexing for GPUs.

Solution 1: Every data chunk has 
only 1 copy

Solution 2: Coordinating compute 
and memory management

Solution 3: Leveraging full duplex 
PCIe bandwidth
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What’s a datacenter?

Pictures from NVIDIA websites



What’s a cloud?

Multiplexing one or more datacenters for different tenants, in order to achieve high 
hardware utilization.



Security Question: Can one tenant destroy another 
tenant’s network performance? 



Existing tests

1. Run simple benchmarks (e.g., Perftest, OSU benchmarks) to conduct basic 
throughput and latency tests.

2. Run a representative set of the applications (e.g., distributed machine 
learning application) before real deployment.
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ML Application 
(modified)
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Solution #1: Finding the narrow waist

The narrow waist



Solution #1: Finding the narrow waist

Memory region pattern 
(device, number, size)

Queue pair type

Work queue depth and 
completion queue depth

Request pattern 
(opcode, size)



Solution #2: Hardware counter as a search signal

● We use two types of counters
○ Performance counters (e.g., bits per second)
○ Diagnostic counters (e.g., PCIe backpressure)

● The lower/higher the performance/diagnostic counter is, the test case is more 
likely to trigger an anomaly.



Solution #2: Hardware counter as a search signal

Performance counter ≈ 
Diagnostic counter↑



Solution #2: Hardware counter as a search signal

Performance counter ↓
Diagnostic counter↑



Implementation
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Choosing Collective Communication Algorithm?
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Performance Prediction is Critical

Economic Constraint

Real-world tuning costs enormous 
resources

Resource Planning

Provisioning decisions before 
hardware availability



Performance Modelling is Difficult

Mathematical Model (e.g., cost 
model, roofline)

1. Hard to do cost model for 
different parallelisms 
design

2. Frameworks have their 
specific features



Trace-based Simulations

ML System

N GPUs

Trace

Simulator

Events

Performance 
Metrics

rank0_trace: [
  Comp::Attention(..),
  Comm::AllReduce(..),
  ...
],
rank1_trace: ...



Trace-based Simulations
Expensive!

ML System

N GPUs

Trace

Simulator

Events

Performance 
Metrics

ranks: 0-63nranks=64, tp=4

nranks=128, tp=8



Trace-based Simulations

Abstract for configurability

Reimplement frameworks
model_layers: [
  Attention(..),
  ...
],
tp_groups: 0-3,4-7,.. 
batch_size: 8

ML System

N GPUs

Trace

Workload Extraction

Scheduler

Simulator

Workload

Events

Performance 
Metrics

Expensive!



Phantora Simulator



Emulating CUDA Runtime and NCCL

 GPU Memory Tracking
Track cudaMalloc & cudaFree, returning errors when exceeding configured capacity.

 CUDA Streams & Events
Precise management of dependencies and synchronizations, including overlaps.

 NCCL Communications
Handling complex synchronizations required for NCCL setup and collective operations.



Emulating CUDA Runtime and NCCL



Using Unmodified Training Frameworks
## install-requirements.sh
pip install megatron-core deepspeed torchtitan

## train.py
+from phantora_utils import (
+  enable_function_tracer,
+  disable_function_tracer,
+)

......

if __name__ == “__main__”:
+   enable_function_tracer()
    train()
+   disable_function_tracer()



Using Unmodified Training Frameworks
logger.info(
    f"step: {train_state.step:2}  "
    f"loss: {global_avg_loss:7.4f}  "
    f"memory: {gpu_mem_stats.max_reserved_gib:5.2f}GiB"
    f"({gpu_mem_stats.max_reserved_pct:.2f}%)  "
    f"wps: {round(wps):,}  "
    f"mfu: {mfu:.2f}%{color.reset}"
)





Case Study: Tuning Megatron config under limited VRAM
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Summary

● GPUs are extremely expensive, making sharing inevitable.
● GPU datapath (i.e., PICe, NVLink, RDMA) has become a major performance 

bottleneck.
● We need to rethink how the datapath resources are managed, including

○ PICe bandwidth when switching between different applications
○ RDMA NIC resources
○ Choices of collective communication algorithms in a shared network
○ Implications for end-to-end AI system performance

● If you have thoughts in this direction, please don’t hesitate to contact me!
○ danyang@cs.duke.edu


