


Deep neural networks have enabled major 
advances in machine learning and AI

Computer vision
Language translation 
Speech recognition
Question answering
And more…

Problem: DNNs are challenging to serve and 
deploy in large-scale interactive services

Convolutional Neural Networks
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DNN Processing Units
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A Scalable FPGA-powered DNN Serving Platform
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CPU compute layer
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Sub-millisecond FPGA compute 
latencies at batch 1
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A framework-neutral federated compiler and runtime for 
compiling pretrained DNN models to soft DPUs
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A framework-neutral federated compiler and runtime for 
compiling pretrained DNN models to soft DPUs

Adaptive ISA for narrow precision DNN inference
Flexible and extensible to support fast-changing AI algorithms
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A framework-neutral federated compiler and runtime for 
compiling pretrained DNN models to soft DPUs

Adaptive ISA for narrow precision DNN inference
Flexible and extensible to support fast-changing AI algorithms

BrainWave Soft DPU microarchitecture
Highly optimized for narrow precision and low batch
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A framework-neutral federated compiler and runtime for 
compiling pretrained DNN models to soft DPUs

Adaptive ISA for narrow precision DNN inference
Flexible and extensible to support fast-changing AI algorithms

BrainWave Soft DPU microarchitecture
Highly optimized for narrow precision and low batch

Persist model parameters entirely in FPGA on-chip memories 
Support large models by scaling across many FPGAs
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A framework-neutral federated compiler and runtime for 
compiling pretrained DNN models to soft DPUs

Adaptive ISA for narrow precision DNN inference
Flexible and extensible to support fast-changing AI algorithms

BrainWave Soft DPU microarchitecture
Highly optimized for narrow precision and low batch

Persist model parameters entirely in FPGA on-chip memories 
Support large models by scaling across many FPGAs

Intel FPGAs deployed at scale with HW microservices
[MICRO’16]
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14A Cloud-Scale Acceleration Architecture [MICRO’16]
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Interconnected FPGAs form a 
separate plane of computation

Can be managed and used 
independently from the CPU
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FPGA2xCPU

Model Parameters 
Initialized in DRAM
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FPGA2xCPU

21

Model Parameters 
Initialized in DRAM



Batch Size

Hardware
Utilization

(%)

22

FPGA



Batch Size

Latency 
at 99th

Maximum
Allowed
Latency

Batch Size

Hardware
Utilization

(%)

Batching improves HW utilization but increases latency
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Batching improves HW utilization but increases latency



FPGA2xCPU
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2xCPU

Observations
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2xCPU
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2xCPU
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Core Features

• Proprietary parameterizable narrow precision 
format wrapped in float16 interfaces

FPGA

Matrix
Vector
Unit
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Stay tuned for 
announcements about 
external availability.


Project BrainWave is a powerful platform 
for an accelerated AI cloud

Runs on Microsoft’s hyperscale infrastructure with FPGAs
Achieves excellent performance at low batch sizes via 
persistency and narrow precision
Adaptable to precision and changes in future AI algorithms

BrainWave running on Hardware 
Microservices will push the boundary of 
what is possible to deploy in the cloud

Deeper/larger CNNs for more accurate computer vision

Higher dimensional RNNs toward human-like natural 
language processing

State-of-the-art speech

And much more…


