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From TPUv1 to TPUv4i
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Table 1 Key characte s S §
includes power for the DSA memory system plus its sh.lre of the server host power, e.g., add host TDP/8 for 8 DSAS per Imst




10 lessons



Compiler Gompatibility Trumps Binary Compatibility

B Volta GPU + CUDA @B TPUv3 + XLA
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e Maintain backwards compatibility
e Achieve better instruction level parallelism
e Share source code vs sharing binary files
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Target Total Cost over Initial Cost

e TCO vs CapEx
'O ‘ap b X ar
CapEx (CapitalExpense) = price of an item
Opex (OperationExpense) = cost of operation (electricity, power provisioning)
TCO = Total cost of Ownership
n = number of years in operation

e perf/TCO over raw performance



Semi-Gonductor Technology Advances Unequally

Picojoules per Operation
45 nm 7 nm 45/7 64-bit Intel Xeon
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Alpha 21164

Processor-memory

Improvement

Total Bandwidth 256 GB/s 256 GB/s

DRAM

Table 2. Energy per Operation: 45 nm [16] vs 7 nm. Memory

. . imi 2l
is pJ per 64-blt access. Memory Similar.to GDDRS, DDR4 Stacked, adds cost Cost advantage for GDDR6

[1] Sourc bus Inc
2] Sourc ost of HBM2 vs. GDDRS & Why AMD Had to Use It, g of-hbm2-and-necessity-to-use-it




Support Multi-Tenancy

Support future DNN requirements
Up to 8 TPUs on 1 host CPU
Sharing can reduce costs and latency
Support for multiple batch sizes

Support fast switching times between models




Deep Neural Networks grow 1.0x Annually

® Production DNNs needs grow as Model Annual Memory Increase Annual FLOPS Increase
fast as Moore’s law




DNN advances evolve Workloads

Ambitious

Waiting for software and hardware to catch up
Fast paced area
Larger and more complex networks
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Inference requires Floating Point

e (Quantization
e Precision
e The 1% drop




»f\?&
A Pay |
/4 Q@%@mﬂ “_W
S 47/ 21 =

75

TPUvV3 used liquid cooling

Data centres

Inference DSAs need Air Cooling
Storage



Applications limit latency

e Latency limit
e Not batch size

Production

MLPerf 0.7

DNN ms batch | DNN ms batchl DNN ms batch
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Support Backwards compatibility

Time-to-market constraints

Same results no matter versions

The horrors of IEEE754 and associativity
BFloatl6 vs Float32

IEEE half-precision 16-bit float

sigin exponent (5 bit) fraction (10 bit)
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IEEE 754 single-precision 32-bit float
sigln exponent (8 bit)

The Associative Law of Addition

(a+b)+c = a+(b+c)

www. \eshares.com

The Associative Law of Multiplication
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Google TPUv4i
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Results
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Conclusion



Questions ?
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