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Xperience.ai
● Deep Learning for Computer Vision

○ Digital Surveillance

○ Retail

○ Automating routine work

● Optimized for Mobile and FPGA

○ Quantization and Pruning

● Full pipeline of model development

○ Getting the data right

○ Building the model

○ Porting to target hardware



Pedestrian tracking for Surveillance

● Popular scenario

● Target hardware

○ Low-power

■ FPGA

■ RISC-V

● Custom datasets



Image source: COCO

http://cocodataset.org/#explore


Pedestrian tracking for Surveillance

● How to solve

○ Pedestrian detection

○ Person re-identification

● Privacy concerns



KITTI Leaderboard

Image sources: KITTI leaderboard

http://www.cvlibs.net/datasets/kitti/eval_object.php?obj_benchmark=2d
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Porting to Mobile / FPGA

300 ms
50 Mb

30 ms
1 Mb



Ways to optimize a model

● Small backbone

● Pruning

● Quantization

○ Untrainable

○ Trainable



Small backbone

● State-of-the-art in compression: compress VGG

○ Too big 

● Good choices:

○ MobileNet v1 & v2

■ V2: not that small

○ NASNet

○ ESPNet

https://arxiv.org/abs/1704.04861
https://arxiv.org/abs/1801.04381
https://ai.googleblog.com/2017/11/automl-for-large-scale-image.html
https://github.com/sacmehta/ESPNet


Pruning
Neuroplasticity

Image source: Oscillatory Thoughts

http://blog.ketyov.com/2011/03/why-we-dont-need-brain.html


Convolution 
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Pruning per element

convolution
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Pruning per channel

convolution
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Finetuning

Layer 1 Layer 3 Layer 4Layer 2

training



How to select convolutions to prune

● Randomly

○ Not that bad

● By lowest mean absolute weights

● By lowest mean absolute results

● More complicated ways



Pruning results

Image source: Towards lightweight convolutional neural networks for object detection

-50% computations, 
-1% quality   

https://arxiv.org/abs/1707.01395


0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

Quantization

-0.112 0.8134 0.3516

0.1017 -1.141 0.908

2.1516 1.0883 -0.214

-0.1 0.8 0.4

0.1 -1.1 0.9

2.2 1.1 -0.2

Fixed point computations



0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

Quantization: trainable

-0.112 0.8134 0.3516

0.1017 -1.141 0.908

2.1516 1.0883 -0.214

-0.1 0.8 0.4

0.1 -1.1 0.9

2.2 1.1 -0.2



0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

Quantization: trainable

-0.112 0.8134 0.3516

0.1017 -1.141 0.908

2.1516 1.0883 -0.214

-0.1 0.8134 0.4

0.1017 -1.1 0.908

2.1516 1.0883 -0.2



0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

0 0.8 0.3

0.1 -1 0.9

2 1 -0.2

Ternary weight quantization: trainable

-0.112 0.8134 0.3516

0.1017 -1.141 0.908

2.1516 1.0883 -0.214

-1 1 0

0 -1 1

1 1 0

a = 0.835
b = 1.12



Finetuning

Layer 1 Layer 3 Layer 4Layer 2

training



Quantization

32-bit float 4 - 7-bit float

-0.11893548 -0.125－1-5% quality



Process

Dataset preparation

Pruning
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Model architecture development

State-of-the-art review
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Image source: Twitter

A. Karpathy on data in real-life projects

https://twitter.com/lishali88/status/994723759981453312


Dataset

● Biggest portion of time

● Public + custom data

○ Versatile

○ Big enough

■ Synthetic data generation

● Fixed data splits

○ Versioning

○ Data honesty

■ Splits never intersect

■ Different splits -> different videos



CVPR18 Orals/Spotlights: Multistage Adversarial Losses for Pose-Based 
Human Image Synthesis

Image source: Human 3.6M

● Human 3.6M dataset

● 11 people

● 17 poses

○ Discussion

○ Smoking

○ Talking on the phone

http://vision.imar.ro/human3.6m/description.php


CVPR18 Orals/Spotlights: Multistage Adversarial Losses for Pose-Based 
Human Image Synthesis

Image source: Human 3.6M
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http://vision.imar.ro/human3.6m/description.php


CVPR18 Orals/Spotlights: Multistage Adversarial Losses for Pose-Based 
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Image source: Human 3.6M
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CVPR18 Orals/Spotlights: Multistage Adversarial Losses for Pose-Based 
Human Image Synthesis

Image source: Multistage Adversarial Losses for Pose-Based Human Image Synthesis

http://openaccess.thecvf.com/content_cvpr_2018/papers/Si_Multistage_Adversarial_Losses_CVPR_2018_paper.pdf


CVPR18 Orals/Spotlights: Multistage Adversarial Losses for Pose-Based 
Human Image Synthesis

Image source: Multistage Adversarial Losses for Pose-Based Human Image Synthesis

http://openaccess.thecvf.com/content_cvpr_2018/papers/Si_Multistage_Adversarial_Losses_CVPR_2018_paper.pdf


CVPR18 Orals/Spotlights: Multistage Adversarial Losses for Pose-Based 
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Image source: Multistage Adversarial Losses for Pose-Based Human Image Synthesis

http://openaccess.thecvf.com/content_cvpr_2018/papers/Si_Multistage_Adversarial_Losses_CVPR_2018_paper.pdf
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Requirements for good model development

● Metric computation procedure 

● Table with experiments

○ Data

○ Architecture

○ Metrics

● Inference speed measurement procedure

○ FLOPs / MACs computation script



Comparability and reproducibility

● Dataset + Metric = Comparability

● Dataset + Metric + Table = 

Reproducibility
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