Towards Ultra Scale
Energy Efficiency



Exponential ML Compute Demand
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How do we get 1000x more
efficient?

- Scale up -> Scale out — Sustainable specialization

- Age of Information — Age of Insight



Hardware Specialization: TPU

@® Large Systolic arrays -
dense compute
® Scatter/Gather engine -

sparse operations

Custom IC| - scale up

Gen over gen micro-
architectural improvements

for energy efficiency




Rack Specialization

@® Enables liquid cooling to support maximum

density
O Reduces latency, improve energy

efficiency
® A 4X4X4 building block
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System Specialization

64x 16x

Ironwood SoC Ironwood PCBA

Ironwood TPU Rack

144x

® Flexible job sizes
® Resilient routing

.. 0CS(Optical Switch Chassis )
® Energy efficient

Optical
scale up network Interconnect

CDU Rack(Coolant Distribution Unit)

o,

Water Cooling

Ironwood Superpod

' ICI Scale-Up Network




Specialized Data Representation

@® TPUs have supported int4, int8, and bfloat16. Supporting fp8 from Ironwood.

® Reduced precision a key tool in the low-power tool kit, needs accompanying recipes to be

FAdd
8 bit 0.03pJ 16 bit 0.4pJ
32 bit 0.1pJ 32 bit 0.9pJ
Mult FMult
8 bit 0.2pJ 16 bit 1.1pJ
32 bit 3.1pJ 32 bit 3.7pJ

Source: Computing's energy problem (and what we can do about it) - Horowitz et al, 2014



Compiler Optimizations

StableHLO @)

@)

The OpenXLA Input

Target-independent Optimizer

Algebraic Optimizations O
Op/Kernel Fusion
Weight Update Sharding O
Full-Graph Layout Propagation

® TPU optimizations:

Memory Layout Assignment

Fleet efficiency tune-up

Scaling - Pod collectives, ICI+DCN
Co-design with HW

Scheduling @® https://github.com/openxla

SPMD

Hardware Optimizations & Targets

AWS Trainium
& Inferentia

r Y Y N
Google TPU Graphcore IPU m x86 CPU




Workload Profiling

Roofline Performance TeraOps (logscale)
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® ML workloads comein all

== system

sizes and shapes

== system?2

system3 O Compute bound
== system4
— systems O Memory bound
system6
system? O Network bound

== system8

Decode serving
Training

100 1000 10000

operational intensity (log scale)

® Single server jobs to
multi-clusters
® Disaggregated systems
Takeway: Opportunity to

100000
optimize perf/W by workload

type



Distributed Training at Scale

Compute Remaining

Provision &
A test cluster

Model tuning &
training strategy
Poor training rate,
suboptimal VM
placement in cluster

\ Job

ebmitted Restart from
; Checkpoint
Chteckpom Restart from
S Checkpoint
\ Job
Interruption
\ Planned

maintenance

\ Job ; Fabric failure -
' Interruption diagnose issue
& remed
Ideal Y

Real'tul

Training time

Challenges

Provisioning speed, VM
proximity

Model-aware cluster tuning
Troubleshooting depth and
speed

Checkpointing limitations

Degraded operations



Al inference

WITHOUT SPECULATIVE DECODING

My favorite thing about fall

WITH SPECULATIVE DECODING

My favorite thing about fall is the

Challenges

Computational demands
Cost vs. interactivity
trade-offs

Rapidly evolving state-
of-the-art

Operational complexity



Operating region and Provisioning Power

Get more out of each Watt -@:  Provision the right amount of Watts
Optimize the power parameters Load balance jobs to avoid worst-case,
for each job : concentrated power peaks
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Barroso and Holzle, “The Case for Energy P;‘oportional Computing.” IEEE Computer, 2007.



Fleet Metrics: Occupancy & Duty Cycle

initialization training
//\"‘h..
. Y pd S~
wait write
for all workers checkpoint
(need to
connect all

TPUs)

Legend:

Occupied time

On-duty time




Fleet Metrics: Goodput

/ ML Productivity Goodput \

Scheduling Goodput x

Fraction of time ALL required
resource are available

o

S 7

Fraction of time all

required resources are compute utilized by the

available and making
forward progress

X  Program Goodput

Fraction of peak available

program

~

Flexible Consumption

Dynamic Workload Scheduler On Demand CuD Spot
7
Open Software
JAX, TensorFlow, PyTorch
Multislice Training, Multihost Inference, XLA
Google Kubernetes Engine & Compute Engine
\

Performance-Optimized Hardware

Compute Storage Networking

\ (GPUs, TPUs) (Block, File, Object) (OCS, Jupiter)

—> Scheduling Goodput

—> Program Goodput

—
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Fleet Metrics: Life Cycle Analysis, perf/CO2e

Embodied COe Operational CO,e Embodied CO,e

_Manufacturing  Development Serving Retirement
©

g{ HVAC fugitive & onsite generation

wl

Model
experimentation

Model training User inference

Fine tuning Il Bulk inference
I
Dl T Iterative development
transportation P
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w
2 DC hardware
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------------------------------------- DC hardware
manufacturing

disposal & recycling
DC construction

Cradle-to-grave




Fleet Metrics: Power Usage Effectiveness

Generator J

Data Center }

[ Site Substation Cooling modules }

[ Natural Gas

Comprehensive PUE}

\

[ PUE as low as 1.06

Figure 1: Google Data Center PUE measurement boundaries. The average
PUE for all Google Data Centers is 1.10, although we could boast a PUE as
low as 1.06 when using narrower boundaries.

PUE = Total Facility Energy / IT EqQuipment
Energy



Conclusions

A

Design/build
better systems
that can be
better used

Fleet Metrics - Measure, Optimize, Monitor, Repeat

Use deployed
systems better

End-to-end optimizations (avoid local minima)

Deploy fewer
systems better
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