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DL Applications
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Deep Learning Everywhere

INTERNET & CLOUD

Image Classification
Speech Recognition

Language Translation
Language Processing
Sentiment Analysis
Recommendation

MEDIA & ENTERTAINMENT

Video Captioning
Video Search

Real Time Translation

AUTONOMOUS MACHINES

Pedestrian Detection
Lane Tracking

Recognize Traffic Sign

SECURITY & DEFENSE

Face Detection
Video Surveillance
Satellite Imagery

MEDICINE & BIOLOGY

Cancer Cell Detection
Diabetic Grading
Drug Discovery



Computer Vision

74%

96%

2010 2011 2012 2013 2014 2015

Deep Learning

Human

Hand-coded CV

Microsoft, Google
3.5% error rate 
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RECOMMENDERS — THE ENGINE OF THE INTERNET

Item 

Candidate
Generation

O(102)

Ranking

User
Embedding

User 

Items
Recommended

Items 

Item
Embedding

O(10)O(109)

Billions of Users - Trillions of Items

100’s of millions of etail items -> Amazon & Alibaba recommenders

1000’s of movies -> Netflix recommender

10’s of millions of songs -> Spotify & iTunes recommenders

10’s of millions of books -> Amazon recommender

Billions of Tik Tok & YT videos -> TT & YT recommender

Billions of websites -> Google search rank

So much news!!! -> Google & FB news recommenders



Data → Insight → Value
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The AI Revolution has been 
Enabled by Hardware



Deep Learning was Enabled by Hardware



AlexNet

ResNet

BERT

GPT-2

Megatron-GPT2 Turing NLG
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Deep Learning is Gated by Hardware



https://www.zdnet.com/article/facebooks-latest-giant-language-ai-hits-computing-wall-at-500-nvidia-gpus/

https://www.zdnet.com/article/facebooks-latest-giant-language-ai-hits-computing-wall-at-500-nvidia-gpus/


760 DGX A100 boxes
6,080 A100 GPUs
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But Moore’s Law is Dead
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Some History
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Kepler (2012)

3.95 TFLOPS (FP32)
250 GB/s
300W
28nm
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Pascal (2016)

10.6 TFLOPS (FP32)
21.3 TFLOPS (FP16)
FDP4
732 GB/s (HBM)
NVLink
300W
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Volta (2017)

Tensor Cores!
15 TFLOPS (FP32)
125 TFLOPS (FP16)
HMMA
900 GB/s (HBM)
300 GB/s NVLink
300W
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Turing (2018)

Integer Tensor Cores!
65 TFLOPS (FP32)
130 TFLOPS (FP16)
261 TOPs (Int8)
IMMA
672 GB/s (G5)
Ray Tracing!
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Ampere (2020)
Sparsity! 
BF16 & TF32!
156 / 312 TFLOPS (TF32) (dense/sparse)
312 / 624 TFLOPS (FP16 or BF16)
624 / 1,248 TOPS (Int 8)
1,248 / 2,496 TOPS (Int 4)
2TB/s (HBM)
400W

3.12 TOPS/W (Int 8)
6.24 TOPS/W (Int 4)



Structured Sparsity

NVIDIA A100 Tensor Core GPU Architecture whitepaper

https://www.nvidia.com/content/dam/en-zz/Solutions/Data-Center/nvidia-ampere-architecture-whitepaper.pdf
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Scalar FP32
FP16
DP4A

HMMA
Tensor 
Cores

IMMA
Int8 Tensor 

Cores

Structured
Sparsity

Gains from

Number representation
FP32, FP16, Int8
(TF32, BF16)

Complex instructions
DP4, HMMA, IMMA

Process 
28nm, 16nm, 7nm



Specialized Instructions Amortize Overhead

Operation Energy** Overhead*
HFMA 1.5pJ 2000%
HDP4A 6.0pJ 500%
HMMA 110pJ 22%
IMMA 160pJ 16%

*Overhead is instruction fetch, decode, and operand fetch – 30pJ
**Energy numbers from 45nm process
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Accelerators



All have a matrix-multiply unit fed by a memory hierarchy.



Cost of Operations

Operation: Energy (pJ)
8b Add 0.03
16b Add 0.05
32b Add 0.1
16b FP Add 0.4
32b FP Add 0.9
8b Mult 0.2
32b Mult 3.1
16b FP Mult 1.1
32b FP Mult 3.7
32b SRAM Read (8KB) 5
32b DRAM Read 640

Area (µm2)
36
67
137
1360
4184
282
3495
1640
7700
N/A
N/A

Energy numbers are from Mark Horowitz “Computing’s Energy Problem (and what we can do about it)”, ISSCC 2014
Area numbers are from synthesized result using Design Compiler under TSMC 45nm tech node. FP units used DesignWare Library.



The Importance of Staying Local
LPDDR DRAM

GB

On-Chip SRAM
MB

Local SRAM
KB

640pJ/word

50pJ/word

5pJ/word



Pruning

SUXQLQJ�
QHXURQV

SUXQLQJ�
V\QDSVHV

DIWHU�SUXQLQJEHIRUH�SUXQLQJ

Han et al. Learning both Weights and Connections for Efficient Neural Networks, NIPS 2015



Command Interface

Tensor Execution Micro-controller

Memory Interface

Input DMA
(Activations 

and 
Weights)

Unified
512KB 
Input
Buffer

Activations 
and Weights

Sparse Weight 
Decompression

Native 
Winograd

Input
Transform

MAC
Array

2048 Int8
or

1024 Int16
or

1024 FP16

Output 
Accumulators

Output 
Postprocessor

(Activation 
Function, 

Pooling etc.)

Output DMA

NVIDIA DLA

Open-sourced at nvdla.org

Sparsity
Compression
Data gating

Winograd
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EIE (2016)

Efficient Inference Engine
for compressed

fully connected layers

Sparsity
Hardware CSR

Coding
Scalar Quantization
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Spatial tiling with
optimized dataflows

for CNNs

Eyeriss (2016)

Tiling (dataflows)
Weight stationary
Row stationary



Optimized PE for
accelerating compressed

Sparse CNNs

SCNN (2017)

Sparsity
Outer product

Scatter-Add



SIMBA (RC18) (2019)

Tiled PEs in a scalable MCM
128 TOPS

0.11 pJ/Op

Scalable
MCM
Hierarchical Mesh
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MAGNET
Configurable using synthesizable SystemC, HW generated using HLS tools

PE
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PE
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PE

PE

PE

PE
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Global Buffer

MAGNet System

DRAM

Processing Element (PE)

X

Wb Ab

X

Wb Ab

X

Wb Ab

VectorSize

Weight 
Collector

Accumulation 
Collector

++++

+

Vector MAC unit

[Venkatesan et al., ICCAD 2019]
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MAGNET RESULTS
Design Space Exploration for ResNet-50

43% Energy Efficiency Improvement from Multi-Level Dataflows



VS-Quant
Per-Vector Scaled Quantization for Low-Precision Inference

Modified vector MAC unit for VS-QuantFine-grained scale factors per vector

Works with either post-training quantization or quantization-aware retraining!
[Dai et al., MLSYS 2021]
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Energy, Area, and Accuracy Tradeoff
BERT-base and BERT-large on SQuAD

BERT-Base BERT-Large

Weight Width / Activation Width / Weight Scale Width / Activation Scale Width
“-” indicates per-channel scaling

* Amount of scale rounding 
varies among design points



Accelerators
• Start with a matrix multiplier
• Tiling (dataflow)

– Maximize re-use from memory hierarchy
– Number of levels and size of each level are free variables

• Sparsity
– Compression (memory and communication)
– Data gating
– Sparse computation

• Number representation
– Coding (makes math expensive)
– Scaling (put the bits where the do the most good)\
– Scale by the vector



What works in an accelerator will ultimately become part 
of the GPU

A GPU is a platform for domain-specific hardware
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Future Directions



Future Directions

• Log number representation
• Much cheaper math
• Smaller numbers

• Better tiling
• Lower memory energy

• Circuits
• Memory
• Communication

• Sparsity
• Activations
• Lower density

• Process
• Capacitance scaling



𝑣 = −1!2"#."%

S EI
1 4 3

EFLog4.3

Dynamic Range 105

WC Accuracy 4%

Vs Int8 – DR 102

WC Accuracy 33%

Can apply offset to EI to represent any range of 
16 integers, e.g., -8 to 7 (scaling)

Numbers near zero need special treatment
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Sparsity
• Getting a real energy win from sparsity surprisingly difficult

– Reduction in arithmetic ops easily swamped by cost of irregularity
– Glitching is a particular problem
– EIE and SCNN give marginal gains at system level

• Ampere structured sparsity is a great start
• Much more possible

– Sparse activations as well as weights
– Lower density (25%, 10% vs 50%)



Memory Circuits
• Optimize energy of memory access
• Small read-mostly memories

– Latch arrays
– Move output mux to consumer

• Most memory energy is comm energy
– Lower swing



Communication Circuits
4x Energy Saving – 5-10fJ/bit-mm

Vdd

Gnd

Vmid

Cwire Cwire

Cwire CwireCwire

Clk

Clk Clk

Cwire Cwire Clk

Cwire

SA

SA

SA

SAM M

NN

Wilson, J., et al., “A 6.5-to-23.3fJ/b/mm Balanced Charge-Recycling Bus in 16nm FinFET CMOS at 1.7-to-
2.6Gb/s/wire with Clock Forwarding and Low-Crosstalk Contraflow Wiring,” ISSCC, 2016.



Process
• Numbers above are for 16nm (unless otherwise stated)
• Denard scaling is dead, but capacitance does scale

– Slower than linear
• Expect a factor of 2-2.5x



Rekhi et al. “Analog/Mixed-Signal Hardware Error Modeling for Deep Learning Inference, DAC 2019

Analog/Optical Not Competitive
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Conclusion



Conclusion
• GPU inference performance doubling every year

– Better number representation, FP16, Int8, Int4, …
– Complex instructions, DP4A, HMMA, IMMA
– Sparsity
– Plumbing

• Accelerators experiment with new techniques
– Sparsity, Tiling (data flows), Number Representation

• How do we keep doubling?
– Log numbers
– Sparsity
– Memory and communication circuits
– Process
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