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Motivation for TPU

- 2006: “Just run DNNs
on our CPUdatacenter.
It's basically free.”

« 2013: “3 minutes of
DNN-based voice
search =2x more
datacenter compute.”

Speak now
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Tensor Processing Unit (TPU)

- 30-80x TOPS/wattvs.
2015 CPUs and GPUs.

- 8 GiB DRAM.

- 8-Dbit fixed point.

« 256x256 MAC unit.

- Support for data
reordering, matrix
multiply, activation,

pooling, and
normalization.

Figure 3. TPU Printed Circuit Board. It can be inserted in the slot
for an SATA disk in a server, but the card uses PCle Gen3 x16.




Application Testbed

Layers Nonlinear 4 TPU Ops / [TPU Batch| % of Deployed
Name | LOC FC | Cony Victor Pool |Total| function Weights Weight gyte Size i PUsfin JilyyZOI 6
MLPO | 100 S 5 ReLU 20M 200 200 61%
MLP1 |1000| 4 4 ReLU M 168 168
LSTMO | 1000 | 24 34 58 | sigmoid, tanh | 52M 64 64 29%
LSTM1 | 1500 | 37 19 56 |sigmoid, tanh | 34M 96 96
CNNO | 1000 16 16 ReLU &M 2888 8 50,
CNN1 |1000| 4 72 13 | 89 ReLU 100M 1750 32

Table 1. Six NN applications (two per NN type) that represent 95% of the TPU’s workload. The columns are the NN name; the number of
lines of code; the types and number of layers in the NN (FC is fully connected, Conv is convolution, Vector is self-explanatory, Pool is
pooling, which does nonlinear downsizing on the TPU; and TPU application popularity in July 2016. One DNN is RankBrain [Clal5]; one
LSTM is a subset of GNM Translate [Wul6]; one CNN is Inception; and the other CNN is DeepMind AlphaGo [Sil16][Joul5].

“The unexpected desire for TPUs by many Google services combined with
the preference for low response time changed the equation, with

application writers often opting for reduced latency over waiting for

bigger batches toaccumulate.”




TPU Block Diagram & Floor Plan
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Figure 1. TPU Block Diagram. The main computation part is the
yellow Matrix Multiply unit in the upper right hand corner. Its inputs
are the blue Weight FIFO and the blue Unified Buffer (UB) and its
output is the blue Accumulators (Acc). The yellow Activation Unit
performs the nonlinear functions on the Acc, which go to the UB.
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Figure 2. Floor Plan of TPU die. The shading follows Figure 1.
The light (blue) data buffers are 37% of the die, the light (yellow)
compute is 30%, the medium (green) I/O is 10%, and the dark
(red) control is just 2%. Control is much larger (and much more
difficult to design) in a CPU or GPU



Experimental Testbed

Die Benchmarked Servers
Model X Measured | TOPS/s On-Chip |,.. y Measured
MHz|TDP 'B, D DRAM TDP
| i Idle | Busy| 8b | FP s Memory . s Idle | Busy
EE;Z‘;SI‘II?, 662 |22 [2300{145W|[41W|[145W| 2.6 |1.3] 51 | 51 MiB | 2 256 GiB 504W |159WHUS5W
NVIDIA K80 ; 256 GiB (host)
@dieslctd) 561 |28 | 560 [150W|25W| 98W | -- |2.8] 160 | 8 MiB 8 +12GiBx8 1838W [357W[991W
TPU  |NA*|28 [700 |75W [28W|40W | 92 | - | 34 | 28 MiB | 4 2168G§B(];°jt) 861W [290WP84W

Table 2. Benchmarked servers use Haswell CPUs, K80 GPUs, and TPUs. Haswell has 18 cores, and the K80 has 13 SMX processors.
Figure 10 has measured power. The low-power TPU allows for better rack-level density than the high-power GPU. The 8 GiB DRAM per
TPU is Weight Memory. GPU Boost mode is not used (Sec. 8). SECDEC and no Boost mode reduce K80 bandwidth from 240 to 160. No
Boost mode and single die vs. dual die performance reduces K80 peak TOPS from 8.7 to 2.8. (*The TPU die is < half the Haswell die size.)

Figure 3. TPU Printed Circuit Board. It can be inserted in the slot
for an SATA disk in a server, but the card uses PCle Gen3 x16.
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Rooflines of TPU with DNN Apps
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Log-Log Scale
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Figure 8. Figures 5-7 combined into a log-log graph. Stars are
for the TPU, triangles are for the K80, and circles are for
Haswell. All TPU stars are at or above the other two rooflines.



App breakdown by Performance Counters

Application MLPO MLPI | LSTMO LSTMI |CNNO CNNI |Mean| Row
Array active cycles 12.7% 10.6% 82% 10.5%(78.2% 46.2%| 28%| 1
Useful MACs in 64K matrix (% peak) 125% 9.4% 82%  6.3%|78.2%(22.5% 23"/:' 2
Unused MACs 03% 12% 0.0%  42%| 0.0%\23.7%) 5% 3
eight stall cycles 53.9% 442%| 58.1% 62.1% 43%| 4
Weight shift cycles Stalls due 2 Memory 50% 134%) 158% 17190 12%| 5
Non-matrix cycles 17.5% 319%| 179% 10.3% . 20%| 6
RAW stalls 33% 84%| 146% 10.6% 3 5% 228%( 11%| 7
Input data stalls 6.1% 8.8% 51%  24% 0.6%| 4% 8
TeraOps/sec (92 Pea 1 97 37 86.0 141 ] 9

Table 3. Factors limiting TPU performance of the NN workload based on hardware performé'nqe counters. Rows 1, 4, 5, and'6 total 100%
and are based on measurements of activity of the matrix unit. Rows 2 and 3 further break down fhg fraction of 64K wclghls in the matrix
unit that hold useful weights on active cycles. Our counters cannot exactly explain the time when the, matrix unit is idle in Fow 6; rows 7 and
8 show counters for two possible reasons, including RAW pipeline hazards and PCle input stalls. Row9 (TOPS) is based bn measurements
of production code while the other rows are based on performance-counter measurements, so they are not fperfectly consistent. Host server
overhead is excluded here. The MLPs and LSTMs are memory-bandwidth limited but CNNs are not. CNNT Tesults are ¢xplained in the text.
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Latency Results (99%.ile)

Type | Batch |99th% Responsellnfis (IPS)| % Max IPS
CPU | 16 7.2 ms 5,482 42%
CPU | 64 21.3 ms 13,194 100%
GPU | 16 6.7 ms 13,461 37%
GPU | 64 8.3 ms 36,465 100%
TPU | 200 7.0 ms 225,000 80%
TPU [ 250 10.0 ms 280,000 100%

Table 4. 99-th% response time and per die throughput (IPS) for MLPO as batch size varies for MLPO. The longest allowable latency is 7
ms. For the GPU and TPU, the maximum MLPO throughput is limited by the host server overhead. Larger batch sizes increase throughput,
but as the text explains, their longer response times exceed the limit, so CPUs and GPUs must use less-efficient, smaller batch sizes (16 vs.

200).



Programming the TPU
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NVIDIA’s Rebuttal to the TPU

K80
2012
nferencesSec o 2 2
Training TOPS 6 FP32 NA 12 FP32
Inference TOPS 6 FP32 90 INT8 48 INT8
On-chip Memory 16 MB 24 MB 11 MB
Power 300W 75W 250W

Bandwidth 320 GB/S 34 GB/S 350 GB/S

https://blogs.nvidia.com/blog/2017/04/10/ai-drives-rise-accelerated-computing-datacenter/



“Patterson” Discussion

1.Fallacy: NN inference applications in data centers value throughput as much as response time.
2. Fallacy: The K80 GPU architecture is a good match to NN inference.
3. Pitfall: Architects have neglected important NN tasks.

4.Pitfall: For NN hardware, Inferences Per Second (IPS) is an inaccurate summary performance
metric.

5. Fallacy: The K80 GPU results would be much better if Boost mode were enabled.

6.Fallacy: CPU and GPU results would be comparable to the TPU if we used them more
efficiently or compared to newer versions.

7.Pitfall: Performance counters added as an afterthought for NN hardware.

8.Fallacy: After two years of software tuning, the only path left to increase TPU performance is
hardware upgrades.



Interesting quote

“CNNs constitute only about 5% of the representative NN workload for
Google. More attention should be paid to MLPs and LSTMs. Repeating
history, it’s similar to when many architects concentrated on floating-

point performance when most mainstream workloads turned out to
be dominated by integer operations.”



