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Traffic Detection Autonomous Navigation

This Work

UAV-based Informed Region Selection
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DNNs on Intelligent Autonomous Systems
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Our Approach - Intelligent Autonomous System Development Stack

Accuracy Algorithmic Layer

Efficient Mapping Development Tools
of Model to Processing Platform Layer

Model-Hardware Co-Design

Optimisation Objectives
Layer

Latency Throughput




'ﬂ',ﬁﬁﬂﬂ College Lntelligent Digital Systems Lab

. Latency-Optimised CNN Inference
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Latency-Optimised CNN Inference
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— Transformations as algebraic operations

— Analytical performance model

— Cast design space exploration
as a mathematical optimisation problem
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Challenges:

» High-dimensional design space
» Diverse application-level needs
» Utilise the FPGA resources

Socococoor Coococom

* Design automation
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fpgaConvNet vs Embedded GPU (GOp/s)
for the same absolute power constraints (5 W)
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 Latency-driven scenario = batch size of 1
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Multi-CNN Autonomous Systems
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N Performance-per-Watt: f-CNNx vs. TX1 at 5 W
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Time-constrained Approximate LSTM Inference
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* Approximate LSTMs
 |terative refinement using:
— SVD-based low-rank approximation
— Sparsification (structured pruning)

Decision/Action « Co-optimise given a user-defined time budget
« Custom parametrisable architecture

Camera/Sensor
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Time-constraint Approximate LSTM Inference
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Privacy-aware High-Throughput Inference
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Aim: Design an optimised HW < 100 .
system (performance and accuracy) o H—l—*—-—-—ﬁ—\
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CascadeCNN:

« Exposes the application-level error tolerance to
the Design Space Exploration

» Develops highly parametrised search spaces
for: quantisation & architectural configuration

« Does not require access to the training data
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Privacy-aware High-Throughput Inference
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« Pushing quantization bellow limits of acceptable accuracy to gain performance (high throughput)
» Evaluation of Quality of Prediction to identify and correct error introduced by quantization
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Low-Precision Unit:
Degraded accuracy
classification with
high performance

Confidence
Evaluation Unit:
|dentify
misclassified cases

High-Precision Unit:
Correct detected
misclassified samples,
to restore accuracy
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Privacy-aware High-Throughput Inference
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Conclusions

 Efficient deployment of DNNs on embedded devices requires a holistic approach
* Need of tools to help the designer to address the complexity of the design process

Traffic Detection Autonomous Navigation

Pose estimation using ML

Embedded SLAM
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