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Large Machine Learning Models Consume a Lot of Energy
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Essential to model end-to-end energy consumption for optimization

Source: https://archive.is/I3Klo
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What Does Modeling End-To-End Energy Mean?
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Challenges in Modeling End-To-End Energy

Can accurately model fine-grained insights

about hardware utilization patterns
Simulation
E Not scalable for systems with thousands of

connected processing units

Accuracy

QScalable to model thousands of processing units

<Analytical>
MOde“ng Cannot accurately model complex interactions




AstraWattch: Profile Once and Model Everywhere

<Simu|ation = | AstraWattch

|

Accuracy

AstraWattch achieves high
accuracy and scalability by:

» Profiling Once: Drawing fine-grained
insights from simulation or real silicon.

<Ana|yt|_ca|> « Modeling Everywhere: Using the
Modeling insights to drive fast analytical models.

I Scalability —

Preliminary results: Astra\Wattch enables accurate energy modeling in minutes




Profiling Machine Learning
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Profiling Distributed Machine Learning
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Profiling Distributed Machine Learning
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Profiling Insights
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Profiling Insights
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Profiling Insights
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Profiling Insights For Energy

Launch delay
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« Launch delays can be
modeled as hardware-
independent attributes

« Kernels are amenable
to analytical modeling
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Profiling Kernels
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« Coarse-grained component utilization can accurately model energy




AstraWattch: Profile Once and Model Everywhere

<Simu|ation = | AstraWattch

|

Accuracy

AstraWattch achieves high
accuracy and scalability by:

» Profiling Once: Drawing fine-grained
insights from simulation or real silicon.

<Analyt|_cal> + Modeling Everywhere: Using the
Modeling insights to drive fast analytical models.

I Scalability —

Preliminary results: Astra\Wattch enables accurate energy modeling in minutes
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Modeling Active Energy
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Energy(kernel) = Sum of component energies for the kernel

« We can build simple analytical models for each kernel
« One analytical model covers all invocations of a kernel
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Calibrating the Model Parameters and Using Everywhere
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ASTRA-sim’s Modeling of Distributed Machine Learning
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AstraWattch: Profile Once and Model Everywhere

<Simu|ation = | AstraWattch

|

Accuracy

AstraWattch achieves high
accuracy and scalability by:

» Profiling Once: Drawing fine-grained
insights from simulation or real silicon.

<Ana|yt|_ca|> « Modeling Everywhere: Using the
Modeling insights to drive fast analytical models.

I Scalability —

Freliminary Results] AstraWattch enables accurate energy modeling in minutes
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Preliminary Results: AstraWattch’s Modeling Accuracy
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AstraWattch enables accurate energy modeling in minutes
by generalizing analytical models to different frequencies
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Enabling Energy Efficiency for Distributed Machine Learning
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AstraWattch achieves high
accuracy and scalability by:

* Profiling Once: Drawing fine-grained
insights from simulation or real silicon.

Analytical » Modeling Everywhere: Using the
Modeling insights to drive fast analytical models.

I Scalability E—
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Preliminary results: Astra\Wattch enables accurate energy modeling in minutes
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Case Study: Marginal Efficiency Analysis

Machine Learning Model and System Configuration
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ﬂctive Power = 700 W
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Scale-up Network:
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Bandwidth = 400GB/s
Scale-out Network:
Energy Per Bit = 25pJ
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Bandwidth = 50GB/s /

NVIDIA H100

21



Case Study: Marginal Efficiency Analysis
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Scale-out network
voltage—frequency scaling
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Due to

Low direct network energy

Poor compute-communication
overlap

High idle energy impact
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