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Accelerate your ML model
training or inference.

s itthe CPU? The GPU? Network? Memory? Disk?
Or... something you never thought about?
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Why EXi

* High overhead
« Missing silent inefficiencies
* Requiring user code changing

sting Tools Arent Enough
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System Overview %ﬂ Siteiang
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Goal: Reveal silent inefficiencies with minimal system overhead.
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A Telemetry Collection
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« CPUoverhead <1.5% at 100ms sampling

 Fedinto the feature extraction pipeline

=
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e 700+ system-level metrics
CPU perf, /proc/stat
Memory |perf, /proc/meminfo
» Storage /proc/diskstat
Network ss, sar, nstat
GPU nvidia-smi

—

[
[
[
[
[

Timestamped
n1/n2].[ 1] 0 | CPUMetrcs |
n1[n2]|.[ 1 ] 0 | GPUMetrics |
n-1 nz][ 1]o :Memory Metrics]
n-1n2. | 1 | 0 [Network Metrics|
n-1 1 n-2]...[ 1 | o [storage Metrics]

5/13



Observations %6 ian:
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C.2 Analysis Engine (Root Cause analysis and fixes) /1 s
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Evaluation & Platform

1. Evaluated Models and Workloads
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Model Type Models Model Type

Models

LLMs (MoE mode)  Llama-4-Scout-17B-16E/Llama-4-Maverick-17B-128E Encoder-Decoder
DeepSeek-MoE-16b-base, DeepSeek-R1-Dstil-Qwen-7b  Encoders

BART (base/large)
BERT (base/large), DistilBERT

LLMs (Dense mode) LlLama-3.1-8B/3.2-3B CNNs ResNet18/50, VGG16/19
Deepseek-LLM-7B/67B-base Transformers (ViT) ViT (Base/Large)
2. Hardware Configuration

Num. of GPUs Num. of Nodes CPU Type Memory Network

16 L40S 4 Intel Emerald Rapids (64 cores) 384 GB / node NDR400 InfiniBand

4 H100 2 Intel Sapphire Rapids (96 cores) 1TB / node HDR100 InfiniBand

4 A100 2 Intel Cascade Lake (48 cores) 384 GB / node HDR100 InfiniBand
4V100 2 Intel Cascade Lake (48 cores) 384 GB / node HDR100 InfiniBand

0 10 AMD EPYC 7443P 256 GB / node 100GE Ethernet (Tofino)
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Detected Misconfigurations
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CPU IRQ imbalance

IRQ bursts on few cores, CPU Busy% T

Mitigated.

10/13



:Iﬂ DEPARTMENT OF &L

| Enuinceain PR
‘ SCENCE  KeSioly

° 100

~ - == nserverQ?/ - == nserverlo nserverl3
S 80 A ——- nserver08  —-—- nserverll  —-—- nserverl5
.(‘:U, - == nserver09 — == nserverl2 nserverle
N 60 n Q-hﬁu:n----c Q-a—te-nn-za— -‘-. -ua—n-.——‘- S e n A WS S

E r=- A W W T G ml‘—‘-\‘ — ’_‘_tzl_&-ﬁ—_u_i—ﬁ-“ o S S & IF‘::‘-.LM - 4',;‘131111*‘

) /s‘l‘.ﬂ_".tm.l—c:ﬁ_‘/ ‘

> 40 A |f¢ﬁM :

> r H

O 20 A ]

E v ——
() -
s 00— .

0 200 400 600 800
Time (seconds)

Problem: One node exhibited unusually high memory usage during . Solution: Unified HugePages settings across the cluster.
distributed training; Distribution-aware workload expected balanced . Impact: Memory usage normalized;Improved consistency in resource
memory footprint. scheduling and model performance.

Root Cause: Inconsistent HugePages configuration across nodes.
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* CPU overhead < 1.5% @ 100ms sampling ¢ Feature extraction + detection:

Scalability & Portab

* Memory overhead negligible millisecond—-second level latency
» Storage: 14-22 KB/s per node  Won’t scales with node count
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Summary %6 e
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e ML can be slow — and it’s not always the model’s fault

e We need visibility across the full stack
— Our framework monitors CPU, GPU, memory, network, storage — from the host
side, with <1.5% overhead at 100ms sampling.

e Unsupervised methods help surface anomalies
— Even without labels, we can detect weird patterns in system behavior.

e Real misconfiguration. Real fixes.
— Like HugePages misconfigurations that caused memory imbalance — found and

resolved.

13/13



:Iﬂ DEPARTMENT OF

]D ENGINEERING NG
SCENCE. KRy

Thankyou!

Ziji.chen@eng.ox.ac.uk



