
Application-Specific Hardware
…in the real world
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Google - Tensor Processing Unit

• Why?
• 2006:

• First considered datacenter ASIC/FPGA/GPU, 
decided excess capacity would suffice

• 2013 projection:
• Search by voice for 3min/day using DNNs 
double datacenter computation needs

• Goals:
• 10x better cost-performance vs GPUs

• Deployment ASAP
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All images in this section are from TPU paper at ISCA 2017: https://www.cs.virginia.edu/~smk9u/CS6354F17/TPU.pdf



Neural nets
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http://cs231n.github.io/neural-networks-1/

https://upload.wikimedia.org/wikipedia/commons/b/be/Derived_Neuron_schema_with_no_labels.svg

Weights



TPU architecture

• PCIe coprocessor

• No internal instruction fetch
• CISC-like instructions from host:

• Read_Host_Memory

• Read_Weights

• MatrixMultiply/Convolve

• Activate

• Write_Host_Memory

• Off-chip DDR3 weight memory
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TPU architecture

• MACs for core computation

• 24MB Unified Buffer
• Store intermediate results

• Sized to match pitch of matmult unit, 
simplify compilation w/ specific apps

• Tiny control logic
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TPU architecture – systolic structure
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System configurations

8



Performance

• “Roofline curves” – computation 
vs memory-intensity
• “Ridge point” at intensity where 

app becomes compute-bound

• Before ridge = memory-bound

• After ridge = compute-bound

• Below curve = response time-
constrained

9



Performance – energy efficiency
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Performance – energy proportionality
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Design space exploration
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TPU v2

• At HotChips 2017:
• 2x 128x128x32b “mixed multiply units” 

(MXUs)

• 64GB HBM

• 64x TPU modules per “pod”  4TB HBM

• Some available in TensorFlow cloud svc
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http://www.tomshardware.com/news/tpu-v2-google-machine-learning,35370.html



Microsoft - Catapult
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Google v. Microsoft

• Why Google ASIC? Why Microsoft FPGA?

• Flexibility? Programmability?

• Cost and usefulness over time?
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Takeaways

• Industry and academia have very different constraints
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Takeaways

• Industry and academia have very different constraints
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“Get me 10X in 
15 months”



Takeaways

• Industry and academia have very different constraints

• Different goals may require fundamentally different tech
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“Get me 10X in 
15 months”



Takeaways

• Industry and academia have very different constraints

• Different goals may require fundamentally different tech

• Time and money dominate
• (In academia, too!)
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“Get me 10x in 
15 months”



Large-Scale Reconfigurable Computing in a Microsoft Datacenter 



Capabilities, Costs ∝
𝑷𝒆𝒓𝒇𝒐𝒓𝒎𝒂𝒏𝒄𝒆/𝑾𝒂𝒕𝒕

$
 







ASICs FPGAs 

Source: Bob Broderson, Berkeley Wireless group 



Xeon CPU NIC 



Xeon CPU NIC Search Acc.  
(FPGA) 

Search Acc.  
(ASIC) 

Wasted Power, 

Holds back SW 
 

Xeon CPU NIC Search Acc. v2  
(FPGA) 

NIC Xeon CPU Math 
Accelerator 

Wasted Power, 
One more thing that 

can break 







•

•

•

•

•

• 1U, 2U, or 4U rack-mounted 

• 1/2/4 x 10Ge ports 

• Up to 4 PCIe x16 slots 

• 2 sockets, 6-core Intel Westmere 







http://www.globalfoundationservices.com/posts/2014/january/27/microsoft-contributes-cloud-server-specification-to-open-compute-project.aspx 



• Two 8-core Xeon 2.1 GHz CPUs 

• 64 GB DRAM 

• 4 HDDs @ 2 TB, 2 SSDs @ 512 GB 

• 10 Gb Ethernet 

• No cable attachments to server  
68 ⁰C  



• Altera Stratix V GS D5 
• 172k ALMs, 2,014 M20Ks, 1,590 DSPs 

• 8GB DDR3-1333 

• 32 MB Configuration Flash 

• PCIe Gen 3 x8 

• 8 lanes to Mini-SAS 
SFF-8088 connectors 

• Powered by PCIe slot 

Stratix V 

8GB DDR3 

PCIe Gen3 x8 

4x  20 Gbps Torus Network 

Config  
Flash 



FPGA 

Mezz Conn.  
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Data Center Server  (1U,  ½ width) 



FPGA FPGA FPGA FPGA 
 

Web Search Pipeline 

 



FPGA FPGA FPGA FPGA 

Math Acceleration 

Service      Comp.  

Vision 

Service 
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Engine 

 

Web Search Pipeline 
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IFM 2 
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SaaS 1 
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Ranking-as-a-Service (RaaS)  

- Compute scores for how relevant each selected 

document is for the search query 

- Sort the scores and return the results 

Selection-as-a-Service (SaaS) 

- Find all docs that contain query terms,  

- Filter and select candidate documents for 

ranking 

Selection as a Service (SaaS) 
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Ranking as a Service (RaaS) 
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Selected 

Documents 
10 blue links 

Ported to Catapult 



Query: “FPGA Configuration” 

NumberOfOccurrences_0 = 7 NumberOfOccurrences_1 = 4 NumberOfTuples_0_1 = 1 
{Query, Document} 

L2 Score 

Document 

Score 



FFE #1 =(2*NumberOfOccurrences_0 + NumberOfOccurrences_1) 

                                      (2 * NumberOfTuples_0_1) 

{Query, Document} 

L2 Score 

Document 

Score 

NumberOfOccurrences_0 = 7 NumberOfOccurrences_1 = 4 NumberOfTuples_0_1 = 1 

Metafeature #1 = 9 



PCIe 

Distribution latches 
Control/Data 

Tokens 

Compressed 

Document 

Feature 

Gathering 

Network 

Free Form 
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(FFE) 

Stream 

Preprocessing 

FSM 

• 196 feature families 

• 54 state machines 

• 2.6K dynamic features extracted in 

less than 4us (~600us in SW) 
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FFE: Free-Form 

Expressions 

 

 

FE: Feature Extraction 
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Accelerating Large-Scale Services – Bing Search 
1,632 Servers with FPGAs Running Bing Page Ranking Service (~30,000 lines of C++) 

More compute time for 
improving relevance 

Reduced # 
of servers 
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Huge thanks to our partners at   
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Aaron Smith, Jan Gray, Adrian M. 
Caulfield, Phillip Yi Xiao, Michael 
Haselman, Doug Burger 
 
Bottom Row: Joo-Young Kim, Stephen 
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Enter your questions here 







Toward Accelerating Deep Learning at 
Scale Using Specialized Hardware in 
the Datacenter 
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1Case study: CNN-based Image Classification (inference) 
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+ Excellent maintainability in datacenter 

+ Maximum flexibility for all workloads 

- Performance of CNNs/DNNs vastly slower than specialized HW 
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+ CNNs/DNNs that utilize GPUs or ASICs benefit significantly 

- CNNs/DNNs cannot scale beyond limited pools 

- Heterogeneity challenging for maintainability 
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+ Homogeneous 

- Increased cost and power per server (particularly GPUs) 

- Not economical for all applications in the datacenter (GPUs and ASICs) 
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+ Homogeneous 

+ Low overhead in power and cost per server 

+ Flexibility benefits many workloads? 

- Lower peak performance than GPUs or ASICs on some workloads  
                                      Overtake through scale? 

??? 



http://www.wired.com/2014/06/microsoft-fpga/ 

8 



http://www.wired.com/2014/06/microsoft-fpga/ 
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• Altera Stratix V D5 

• 172,600 ALMs, 2,014 M20Ks, 1,590 DSPs 

• PCIe Gen 3 x8 

• 8GB DDR3-1333 

• Powered by PCIe slot 

• Torus Network 

Stratix V 

8GB DDR3 

PCIe Gen3 x8 

11 



• Two 8-core Xeon 2.1 GHz CPUs 

• 64 GB DRAM 

• 4 HDDs @ 2 TB, 2 SSDs @ 512 GB 

• 10 Gb Ethernet 

• No cable attachments to server  
68 ⁰C  
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Krizhevsky 

3-D Convolution and Max Pooling Dense Layers 

“Dog” 

INPUT OUTPUT 
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Input Feature Map 

N 
k 

k 

Convolution Output 
Max Pooled Output 

(Optional) 

H = # feature maps 

S = kernel stride 

* N, k, H, and p may vary across layers 

N = input height and width 

k = kernel height and width 

D = input depth 

N 

D 

Convolution between k x k x D kernel 

and region of Input Feature Map 

Max value over p x p region 

p 

p 

H 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 

24 



Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Input Kernel 

Weights 

Output 
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Platform  Library/OS 

ImageNet 1K 

Inference 

Throughput 

Peak TFLOPs 
Effective 

TFLOPs 

Estimated  

Peak Power with 

Server 

Estimated 

GOPs/J 

(assuming 

peak power) 

16-core, 2-socket Xeon 

E5-2450, 2.1GHz 

Caffe + Intel MKL  

Ubuntu 14.04.1* 
53 images/s 0.27T 0.074T (27%) ~225W ~0.3 

Arria 10 GX1150 Windows Server 2012 369 images/s1 1.366T 0.51T (38%) ~265W ~1.9 

32 
2https://github.com/soumith/convnet-benchmarks 

1Dense layer time estimated 



Platform  Library/OS 

ImageNet 1K 

Inference 

Throughput 

Peak TFLOPs 
Effective 

TFLOPs 

Estimated  

Peak Power with 

Server 

Estimated 

GOPs/J 

(assuming 

peak power) 

16-core, 2-socket Xeon 

E5-2450, 2.1GHz 

Caffe + Intel MKL  

Ubuntu 14.04.1* 
53 images/s 0.27T 0.074T (27%) ~225W ~0.3 

Arria 10 GX1150 Windows Server 2012 369 images/s1 1.366T 0.51T (38%) ~265W ~1.9 

NervanaSys-32 on  

NVIDIA Titan X 

NervanaSys-32 on  

Ubuntu 14.0.4 
4129 images/s2 6.1T 5.75T (94%) ~475W ~12.1 

33 
2https://github.com/soumith/convnet-benchmarks 

Includes server power; however, CPUs 
available to other jobs in the datacenter 1Dense layer time estimated 



Platform  Library/OS 

ImageNet 1K 

Inference 

Throughput 

Peak TFLOPs 
Effective 

TFLOPs 

Estimated  

Peak Power for 

CNN 

Computation 

Estimated 

GOPs/J 

(assuming 

peak power) 

16-core, 2-socket Xeon 

E5-2450, 2.1GHz 

Caffe + Intel MKL  

Ubuntu 14.04.1* 
53 images/s 0.27T 0.074T (27%) ~225W ~0.3 

Arria 10 GX1150 Windows Server 2012 369 images/s1 1.366T 0.51T (38%) ~40W ~12.8 

NervanaSys-32 on  

NVIDIA Titan X 

NervanaSys-32 on  

Ubuntu 14.0.4 
4129 images/s2 6.1T 5.75T (94%) ~250W ~23.0 

34 
2https://github.com/soumith/convnet-benchmarks 

1Dense layer time estimated 

Under-utilized FPGA vs.  
highly tuned GPU-friendly workload 



Platform  Library/OS 

ImageNet 1K 

Inference 

Throughput 

Peak TFLOPs 
Effective 

TFLOPs 

Estimated  

Peak Power for 

CNN 

Computation 

Estimated 

GOPs/J 

(assuming 

peak power) 

16-core, 2-socket Xeon 

E5-2450, 2.1GHz 

Caffe + Intel MKL  

Ubuntu 14.04.1* 
53 images/s 0.27T 0.074T (27%) ~225W ~0.3 

Arria 10 GX1150 Windows Server 2012 
369 images/s1 

~880 images/s 
1.366T 

0.51T (38%) 

~1.2T (89%) 
~40W 

20.6 

~30.6 

NervanaSys-32 on  

NVIDIA Titan X 

NervanaSys-32 on  

Ubuntu 14.0.4 
4129 images/s2 6.1T 5.75T (94%) ~250W ~23.0 
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2https://github.com/soumith/convnet-benchmarks 

1Dense layer time estimated 

Projected Results Assuming 
Floorplanning and Scaling Up PEs 
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Yes. 
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