GREEN: Carbon-efficient Resource
Scheduling for Machine Learning Clusters

— a system researcher’s perspective
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A rising challenge for Al Clusters at scale

growing environmental footprint of GPU Clusters

Power Demand 8% of global data center demand — projected 15-20% by 2028

Resource Scarcity Power and resource limits hurt cluster-wide performance

Design Goal Smarter, carbon-aware management without slowing down cluster



Characteristics of
ML Cluster Schedulers

Adjust GPU allocations dynamically

Tweaking job settings or hyper-parameters

Optimizing energy use with certain trade-offs
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Considerations in Energy Management for ML Iji

Dynamic Voltage and Frequency Scaling (DVFS) or other throttling
strategy essentially scaling back the work performed (or capacity)
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— GPU hours are expensive and scaling back resource use is suboptimal

What's more:
e Energy use # Carbon footprint

e Carbon Intensity varies over time
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Motivation and ldea of GREEN Scheduling
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e Different power usage among jobs = Even when using same # of GPU

e Preexisting Job Preemption — Exploit the (natural) temporal flexibility
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GREEN Workflow — High-Level View

1. Monitor per-job energy and carbon data

2. Optimize via energy scaling and carbon shifting
3. Schedule using Multilevel Feedback Queue (MLFQ)
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(D Monitoring job’s energy use 220
Pjob(t) = Popu(t) + Pepu_modei (t) + Pstatic 21:2
(2 Calculating job’s carbon footprint ZZ )
FOOTPRINT b (7) = /OT P;ion(t) - CIC(2)dt : 6 12 18 24

Time of Day (h)
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Energy Efficiency Optimizer

Scale jobs’ resource allocation to
maximize progress per unit
energy:

dProgress;on(t)
dW;ob(?)

EFFICIENCY oy (t) =

User Program — DL Job
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Carbon Footprint Optimizer

kW

job’s power consumption to [1,u/]
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X (Pjob_Pmin)

Carbon Footprint Optimizer
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Workload temporal shifting — based on

carbon intensity and jobs’ power consumption
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Multilevel Feedback Queue (MLFQ) Scheduling J

Upper Queue if DEGRADATION; = AEFFICIENCY; > vy then

Profiling :f\nc] scale resource allocation ‘ Scale out J with one more GPU
Goal: Optimize energy effiency

Lower Queue
Shift hlgh.-p.ower jobs to greener tlme PRIORITY op = (
Goal: Optimize cluster carbon footprint
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Evaluation Setup

Workload: We collected 791 jobs from real users over a 24-hour period

on a university-managed production cluster (see SING, ASPLOS °25)

Design and Operation of Shared Machine Learning Clusters on Campus

Authors: Kaigiang Xu, Decang Sun, Hao Wang, Zhenghang Ren, Xinchen Wan, Xudong Liao, Zilong Wang,

€ Junxuezhang, ° KaiChen  Authors Info & Claims

ASPLOS '25: Proceedings of the 30th ACM International Conference on Architectural Support for Programming Languages and Operating
Systems, Volume 1

Pages 295 - 310 « https://doi.org/10.1145/3669940.3707266

Baselines: ML cluster schedulers and carbon-aware workload schedulers

Metrics: JCT, Makespan, Carbon footprint, Cluste-wide Power Draw



Carbon Reductions with Small Speed Tradeoffgjing Al

2.0~

1.5

1.0

0.54

0.0-

X

gC02eq/kWh

@ TailicT Carbon

o W5
fffff

@ AvgICT

o0
~
N
o
o~ L.

~

-0
GREEN GREEN,s Tiresias EcoVisor GAIA

(a) United Kingdom

7 150

[ 100

| 2.0-
-200

50 0.5-

1.5-

1.0+

0.0-

X

-

------

GREE GREENjs Tiresias EcoVisor GAIA

gCO2eq/kWh
300 2.0

-200

-100

0.0-

X

1 @ AvgICT

gCO2eq/kW X

@ TailICT Carbon

-0
GREEN GREEN,s Tiresias EcoVisor GAIA

2.0 2.0

i RS

-1.0

-0.5

0.0-

1 @) AvgICT

gC0O2eq/kWh

@ TailicT

GREEN GREEN, Tiresias EcoVisor GAIA

(d) Poland

(b) California, USA (c) Sweden
CTI1
Job Size (% of Total Jobs) JCT Increase
Average Tail

Extra Small Jobs (0-9 minutes, 22%)

Small Jobs (10-59 minutes, 30%)

Medium Jobs (1 - 10 hours, 30%)
Large Jobs (> 10 hours, 18%)

—0.5%
1.7%
4.4%
6.9%

—0.4%
1.2%
4.8%
5.8%

Carbon [800

1600
L 400

-200



Carbon Reductions with Small Speed Tradeoffgﬁng Al
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Next Step: Building Al Clusters for
Usability, Efficiency, and Cost Savings.
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