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Visual Scene Understanding
• Fundamental research domain in computer vision
• Complex inference: objects, parts, context, interaction and location

Appearance 
(images/videos)

Abstracted
scene representationsf(x)
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Visual Scene Understanding
• Important tasks: scene parsing, depth estimation, object detection, 

visual odometry

Depth EstimationInput RGB Scene Parsing

Instance SegmentationObject Detection Visual Odometry



Visual Scene Understanding
• Important tasks: scene parsing, depth estimation, object detection, 

visual odometry

Depth EstimationInput RGB Scene Parsing

Instance SegmentationObject Detection Visual Odometry

What? Where?



Application
• Self-driving scenarios: automotive driving safety, path planning

Driving safety systems Path planning



Application
• Robotic navigation scenarios: perception and localization

Robot localizationRobot perception



Application
• Public safety and smart cities: transportation monitoring, anomaly 

detection

TheftTraffic Jam

Anomaly detectionTransportation monitoring



Research Objectives
• Effective representations from rich multi-modal and structured data

§ Multi-modal data: RGB,
depth, thermal, semantics

§ Multi-modal deep learning

- Input is one modality,
output is another

- One modality assists in
the learning of another

- Multi-modalities are jointly
learned



Research Objectives
• Effective representations from rich multi-modal and structured data

§ Highly structured and
correlated

§ Graph-based modelling
and deep network design

§ Effective structured
representations and
predictions



• Modelling complex task via joint learning of multiple sub-tasks

Research Objectives

CNN

q How to design a structure to handle the multiple tasks
while using a single effective and efficient deep
network?

Boundary Detection Surface Normal

Segmentation Sem. Boundaries

Human ParsingObject Detection



• Modelling 2D and 3D for high-level scene understanding

Research Objectives

§ 2D and 3D data and tasks are
beneficial to each other

§ Interaction between 2D and 3D
tasks and data in a single deep
model

- 2D semantics (object categories,          
appearance and spatial relationships) 
boost the 3D estimation

- 3D information (e.g. scene geometry)
facilitates the prediction of 2D tasks

2D location, category and depth



• Scene depth estimation with structured probabilistic modeling

Overview

• A joint multi-modal and multi-task deep learning framework

• Modelling the interaction between 2D and 3D data and tasks

• Hot research & development fields along the direction

• Summary
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Monocular Depth Estimation
• Regression from RGBà Depth



Structured Modelling on Deep Predictions
• Deep predictions: local kernels, structured information lost

Spatial relationship

Appearance relationship



Structured Modelling on Deep Predictions

Back-Bone
CNN

Coarse
Prediction

CRF modeling Refined depth output

• Structured modelling with CRFs for depth regression



Structured Modelling on Deep Predictions
• Deep structured discrete prediction (e.g. semantic segmentation)

CNN coarse output CRF-modeling Inference

• Representative works:
§ CRF-RNN:

. Zheng and Torr et al., Conditional random fields as recurrent neural networks. In ICCV, 2015. 

§ Deep convolutional neural field:
. Liu and Reid et al., Learning depth from single monocular images using deep convolutional neural fields. IEEE TPAMI, 38(10):2024–2039, 2016. 

• Applicable in discrete domain or in single scale



Structured Modelling on Deep Predictions
• Multi-scale information in deep CNN

B. Hariharan, P. Arbela ́ez, R. Girshick and J. Malik.
Hypercolumns for object segmentation and fine-grained
localization. In CVPR, 2015.

S. Xie and Z. Tu. Holistically-nested edge detection. In ICCV, 2015. 
Hypercolumn HED

• Fusion schemes: concatenation or weighted averaging



Multi-scale Structured Modelling

First work for multi-scale deep structured fusion & prediction in continuous domain

• Joint multi-scale CNN-CRF deep framework



Results on NYUD-V2 Benchmark
RGB  Image AlexNet VGG16 VGG-CD-OursVGG-CD ResNet GroundtruthResNet-Ours



Results on KITTI Benchmark
RGB Eigen et al. Zhou et al. Garg et al. Godard et al. Ours GT

Better qualitative results with more clear scene structure and details



Ours (CVPR 18)

Results on KITTI Benchmark



Structured Modelling on Deep Features
• Limitations in modelling on deep predictions
§ Less flexibility (continuous or discrete tasks)
§ Lose more scene structure information while the network goes deep

(b) Object Contour Detection

(c) Semantic Segmentation

(a) Monocular Depth Estimation

Discrete classification tasks

Continuous regression tasks



Structured Modelling on Deep Features
• Limitations in modelling on deep predictions
§ Less flexibility (continuous or discrete tasks)
§ Lose more scene structure information while the network goes deep

Design a model working on
the intermediate feature level?

(b) Object Contour Detection

(c) Semantic Segmentation

(a) Monocular Depth Estimation



Structured Modelling on Deep Features
• Probabilistic graph attention network on deep features

(a) Multi-Scale Neural Network (b) Multi-Scale CRFs

fs�1 fs�1
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· · ·

· · ·

(c) Attention-Gated CRFs

fs�1

I

gs�1,s gs,s+1

hs�1 hs hs+1

h<latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit><latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit><latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit><latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit>

fs
<latexit sha1_base64="42wBjz8FqsmjH45kBP/GE8ICA6o=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQEXRbcdFnBPqAJZTK9aYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJU8G1cd1vZ2Nza3tnt7JX3T84PDqunZx2dZIphh2WiET1Q6pRcIkdw43AfqqQxqHAXji9L/zeEyrNE/loZikGMR1LHnFGjZV8P6ZmEkZ5NB/qYa3uNtwFyDrxSlKHEu1h7csfJSyLURomqNYDz01NkFNlOBM4r/qZxpSyKR3jwFJJY9RBvsg8J5dWGZEoUfZJQxbq742cxlrP4tBOFhn1qleI/3mDzER3Qc5lmhmUbHkoygQxCSkKICOukBkxs4QyxW1WwiZUUWZsTVVbgrf65XXSvW54bsN7uKk3W2UdFTiHC7gCD26hCS1oQwcYpPAMr/DmZM6L8+58LEc3nHLnDP7A+fwBdLiR9g==</latexit><latexit sha1_base64="42wBjz8FqsmjH45kBP/GE8ICA6o=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQEXRbcdFnBPqAJZTK9aYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJU8G1cd1vZ2Nza3tnt7JX3T84PDqunZx2dZIphh2WiET1Q6pRcIkdw43AfqqQxqHAXji9L/zeEyrNE/loZikGMR1LHnFGjZV8P6ZmEkZ5NB/qYa3uNtwFyDrxSlKHEu1h7csfJSyLURomqNYDz01NkFNlOBM4r/qZxpSyKR3jwFJJY9RBvsg8J5dWGZEoUfZJQxbq742cxlrP4tBOFhn1qleI/3mDzER3Qc5lmhmUbHkoygQxCSkKICOukBkxs4QyxW1WwiZUUWZsTVVbgrf65XXSvW54bsN7uKk3W2UdFTiHC7gCD26hCS1oQwcYpPAMr/DmZM6L8+58LEc3nHLnDP7A+fwBdLiR9g==</latexit><latexit sha1_base64="42wBjz8FqsmjH45kBP/GE8ICA6o=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQEXRbcdFnBPqAJZTK9aYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJU8G1cd1vZ2Nza3tnt7JX3T84PDqunZx2dZIphh2WiET1Q6pRcIkdw43AfqqQxqHAXji9L/zeEyrNE/loZikGMR1LHnFGjZV8P6ZmEkZ5NB/qYa3uNtwFyDrxSlKHEu1h7csfJSyLURomqNYDz01NkFNlOBM4r/qZxpSyKR3jwFJJY9RBvsg8J5dWGZEoUfZJQxbq742cxlrP4tBOFhn1qleI/3mDzER3Qc5lmhmUbHkoygQxCSkKICOukBkxs4QyxW1WwiZUUWZsTVVbgrf65XXSvW54bsN7uKk3W2UdFTiHC7gCD26hCS1oQwcYpPAMr/DmZM6L8+58LEc3nHLnDP7A+fwBdLiR9g==</latexit><latexit sha1_base64="42wBjz8FqsmjH45kBP/GE8ICA6o=">AAAB83icbVDLSsNAFL3xWeur6tLNYBFclUQEXRbcdFnBPqAJZTK9aYdOJmFmIpTQ33DjQhG3/ow7/8ZJm4W2Hhg4nHMv98wJU8G1cd1vZ2Nza3tnt7JX3T84PDqunZx2dZIphh2WiET1Q6pRcIkdw43AfqqQxqHAXji9L/zeEyrNE/loZikGMR1LHnFGjZV8P6ZmEkZ5NB/qYa3uNtwFyDrxSlKHEu1h7csfJSyLURomqNYDz01NkFNlOBM4r/qZxpSyKR3jwFJJY9RBvsg8J5dWGZEoUfZJQxbq742cxlrP4tBOFhn1qleI/3mDzER3Qc5lmhmUbHkoygQxCSkKICOukBkxs4QyxW1WwiZUUWZsTVVbgrf65XXSvW54bsN7uKk3W2UdFTiHC7gCD26hCS1oQwcYpPAMr/DmZM6L8+58LEc3nHLnDP7A+fwBdLiR9g==</latexit>

fs+1
<latexit sha1_base64="hP+6LrUf2d3tZaldqaQQvEKMXyw=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odBu3wMYA6nMMFXEEIN3AHD9CBLghI4BXevYn35n2suqp569LO4I+8zx84xIo4</latexit><latexit sha1_base64="N9HmrOX3Qa29yn6mho8wKupr/e8=">AAAB7nicbVBNS8NAFHzxs9aq0auXxSIIQkm86FHw4rGC/YA2hM120y7dbMLuS6GE/BMvHhTx53jz37hpe9DWgYVh5j3e7ESZFAY979vZ2t7Z3duvHdQPG0fHJ+5po2vSXDPeYalMdT+ihkuheAcFSt7PNKdJJHkvmj5Ufm/GtRGpesZ5xoOEjpWIBaNopdB1hwnFSRQXcRkW5tovQ7fptbwFyCbxV6QJK7RD92s4SlmecIVMUmMGvpdhUFCNgkle1oe54RllUzrmA0sVTbgJikXyklxaZUTiVNunkCzU3xsFTYyZJ5GdrHKada8S//MGOcZ3QSFUliNXbHkoziXBlFQ1kJHQnKGcW0KZFjYrYROqKUNbVt2W4K9/eZN0b1q+1/KfPKjBOVzAFfhwC/fwCG3oAIMZvMAbvDuF8+p8LOvacla9ncEfOJ8/PaSSOQ==</latexit><latexit sha1_base64="N9HmrOX3Qa29yn6mho8wKupr/e8=">AAAB7nicbVBNS8NAFHzxs9aq0auXxSIIQkm86FHw4rGC/YA2hM120y7dbMLuS6GE/BMvHhTx53jz37hpe9DWgYVh5j3e7ESZFAY979vZ2t7Z3duvHdQPG0fHJ+5po2vSXDPeYalMdT+ihkuheAcFSt7PNKdJJHkvmj5Ufm/GtRGpesZ5xoOEjpWIBaNopdB1hwnFSRQXcRkW5tovQ7fptbwFyCbxV6QJK7RD92s4SlmecIVMUmMGvpdhUFCNgkle1oe54RllUzrmA0sVTbgJikXyklxaZUTiVNunkCzU3xsFTYyZJ5GdrHKada8S//MGOcZ3QSFUliNXbHkoziXBlFQ1kJHQnKGcW0KZFjYrYROqKUNbVt2W4K9/eZN0b1q+1/KfPKjBOVzAFfhwC/fwCG3oAIMZvMAbvDuF8+p8LOvacla9ncEfOJ8/PaSSOQ==</latexit><latexit sha1_base64="p9K1VIjKac8cPpLXXCQOvMmd0A4=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCVxo8uCmy4r2Ae0IUymk3boZBJmJoUQ8iduXCji1j9x5984abPQ1gMDh3Pu5Z45QcKZ0o7zbdW2tnd29+r7jYPDo+MT+/Ssr+JUEtojMY/lMMCKciZoTzPN6TCRFEcBp4Ng/lD6gwWVisXiSWcJ9SI8FSxkBGsj+bY9jrCeBWEeFn6ubtzCt5tOy1kCbRK3Ik2o0PXtr/EkJmlEhSYcKzVynUR7OZaaEU6LxjhVNMFkjqd0ZKjAEVVevkxeoCujTFAYS/OERkv190aOI6WyKDCTZU617pXif94o1eG9lzORpJoKsjoUphzpGJU1oAmTlGieGYKJZCYrIjMsMdGmrIYpwV3/8ibp37Zcp+U+Os12p6qjDhdwCdfgwh20oQNd6AGBBTzDK7xZufVivVsfq9GaVe2cwx9Ynz+YtZOf</latexit><latexit sha1_base64="+wJFw1OtY/wZ3jN7PJxxT/mqa+w=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCWRgi4LbrqsYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2t7Z3avu1w4Oj45P7NOznopTSWiXxDyWgwArypmgXc00p4NEUhwFnPaD2UPh9+dUKhaLJ71IqBfhiWAhI1gbybftUYT1NAizMPczdePmvl13Gs4SaJO4JalDiY5vf43GMUkjKjThWKmh6yTay7DUjHCa10apogkmMzyhQ0MFjqjysmXyHF0ZZYzCWJonNFqqvzcyHCm1iAIzWeRU614h/ucNUx3eexkTSaqpIKtDYcqRjlFRAxozSYnmC0MwkcxkRWSKJSbalFUzJbjrX94kvduG6zTcx2a91S7rqMIFXMI1uHAHLWhDB7pAYA7P8ApvVma9WO/Wx2q0YpU75/AH1ucPmfWTow==</latexit><latexit sha1_base64="+wJFw1OtY/wZ3jN7PJxxT/mqa+w=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCWRgi4LbrqsYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2t7Z3avu1w4Oj45P7NOznopTSWiXxDyWgwArypmgXc00p4NEUhwFnPaD2UPh9+dUKhaLJ71IqBfhiWAhI1gbybftUYT1NAizMPczdePmvl13Gs4SaJO4JalDiY5vf43GMUkjKjThWKmh6yTay7DUjHCa10apogkmMzyhQ0MFjqjysmXyHF0ZZYzCWJonNFqqvzcyHCm1iAIzWeRU614h/ucNUx3eexkTSaqpIKtDYcqRjlFRAxozSYnmC0MwkcxkRWSKJSbalFUzJbjrX94kvduG6zTcx2a91S7rqMIFXMI1uHAHLWhDB7pAYA7P8ApvVma9WO/Wx2q0YpU75/AH1ucPmfWTow==</latexit><latexit sha1_base64="+wJFw1OtY/wZ3jN7PJxxT/mqa+w=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCWRgi4LbrqsYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2t7Z3avu1w4Oj45P7NOznopTSWiXxDyWgwArypmgXc00p4NEUhwFnPaD2UPh9+dUKhaLJ71IqBfhiWAhI1gbybftUYT1NAizMPczdePmvl13Gs4SaJO4JalDiY5vf43GMUkjKjThWKmh6yTay7DUjHCa10apogkmMzyhQ0MFjqjysmXyHF0ZZYzCWJonNFqqvzcyHCm1iAIzWeRU614h/ucNUx3eexkTSaqpIKtDYcqRjlFRAxozSYnmC0MwkcxkRWSKJSbalFUzJbjrX94kvduG6zTcx2a91S7rqMIFXMI1uHAHLWhDB7pAYA7P8ApvVma9WO/Wx2q0YpU75/AH1ucPmfWTow==</latexit><latexit sha1_base64="+wJFw1OtY/wZ3jN7PJxxT/mqa+w=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCWRgi4LbrqsYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2t7Z3avu1w4Oj45P7NOznopTSWiXxDyWgwArypmgXc00p4NEUhwFnPaD2UPh9+dUKhaLJ71IqBfhiWAhI1gbybftUYT1NAizMPczdePmvl13Gs4SaJO4JalDiY5vf43GMUkjKjThWKmh6yTay7DUjHCa10apogkmMzyhQ0MFjqjysmXyHF0ZZYzCWJonNFqqvzcyHCm1iAIzWeRU614h/ucNUx3eexkTSaqpIKtDYcqRjlFRAxozSYnmC0MwkcxkRWSKJSbalFUzJbjrX94kvduG6zTcx2a91S7rqMIFXMI1uHAHLWhDB7pAYA7P8ApvVma9WO/Wx2q0YpU75/AH1ucPmfWTow==</latexit><latexit sha1_base64="+wJFw1OtY/wZ3jN7PJxxT/mqa+w=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCWRgi4LbrqsYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2t7Z3avu1w4Oj45P7NOznopTSWiXxDyWgwArypmgXc00p4NEUhwFnPaD2UPh9+dUKhaLJ71IqBfhiWAhI1gbybftUYT1NAizMPczdePmvl13Gs4SaJO4JalDiY5vf43GMUkjKjThWKmh6yTay7DUjHCa10apogkmMzyhQ0MFjqjysmXyHF0ZZYzCWJonNFqqvzcyHCm1iAIzWeRU614h/ucNUx3eexkTSaqpIKtDYcqRjlFRAxozSYnmC0MwkcxkRWSKJSbalFUzJbjrX94kvduG6zTcx2a91S7rqMIFXMI1uHAHLWhDB7pAYA7P8ApvVma9WO/Wx2q0YpU75/AH1ucPmfWTow==</latexit><latexit sha1_base64="+wJFw1OtY/wZ3jN7PJxxT/mqa+w=">AAAB+XicbVDLSsNAFL2pr1pfUZduBosgCCWRgi4LbrqsYB/QhjCZTtqhk0mYmRRKyJ+4caGIW//EnX/jpM1CWw8MHM65l3vmBAlnSjvOt1XZ2t7Z3avu1w4Oj45P7NOznopTSWiXxDyWgwArypmgXc00p4NEUhwFnPaD2UPh9+dUKhaLJ71IqBfhiWAhI1gbybftUYT1NAizMPczdePmvl13Gs4SaJO4JalDiY5vf43GMUkjKjThWKmh6yTay7DUjHCa10apogkmMzyhQ0MFjqjysmXyHF0ZZYzCWJonNFqqvzcyHCm1iAIzWeRU614h/ucNUx3eexkTSaqpIKtDYcqRjlFRAxozSYnmC0MwkcxkRWSKJSbalFUzJbjrX94kvduG6zTcx2a91S7rqMIFXMI1uHAHLWhDB7pAYA7P8ApvVma9WO/Wx2q0YpU75/AH1ucPmfWTow==</latexit>

§ Attention as gating for controlling message passing between features



Structured Modelling on Deep Features
• Probabilistic graph attention network on deep features

· · ·

· · ·

(c) Attention-Gated CRFs

fs�1

I

gs�1,s gs,s+1

hs�1 hs hs+1

h<latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit><latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit><latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit><latexit sha1_base64="wIyEJK7sn8fEJ6BYDDLMwpE4P7I=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLgpssK9oFtKJPppB06mYSZG6GE/oUbF4q49W/c+TdO2iy09cDA4Zx7mXNPkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94CzhfkTHSoSCUbTS4yCiOAnCbDIfVmtu3V2ArBOvIDUo0BpWvwajmKURV8gkNabvuQn6GdUomOTzyiA1PKFsSse8b6miETd+tkg8JxdWGZEw1vYpJAv190ZGI2NmUWAn84Rm1cvF/7x+iuGtnwmVpMgVW34UppJgTPLzyUhozlDOLKFMC5uVsAnVlKEtqWJL8FZPXiedq7rn1r3761qjWdRRhjM4h0vw4AYa0IQWtIGBgmd4hTfHOC/Ou/OxHC05xc4p/IHz+QPmt5ES</latexit>
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gi
se,sr

2 {0, 1} is the gate at pixel i of scale sr (receiver) from
scale se (emitter), and we also write gse,sr = {gi

se,sr
}N

i=1.
Precisely, when gi

se,sr
= 1 then the hidden variable h

i
sr

is
updated taking (also) into account the information from
the se-th layer, i.e. hse . As shown in the following, the
joint inference of the hidden features and the gates leads to
estimating the optimal features as well as the corresponding
attention model, hence the name Attention-Gated CRFs.

3.2 Attention-Gated CRFs
Given the observed multi-scale feature maps F of image
I, the objective is to estimate the hidden multi-scale repre-
sentation H = {hs}S

s=1 and, accessorily the attention gate
variables G = {gse,sr}S

se,sr=1. To do that, we formalize the
problem within a conditional random field framework and
write the Gibbs distribution as

P (H,G|I,⇥) = exp (�E(H,G, I,⇥)) /Z (I,⇥) , (1)

where ⇥ is the set of parameters and E is the energy function.
As usual, we exploit both unary and binary potentials
to couple the hidden variables between them and to the
observations. Importantly, the proposed binary potential is
gated, and thus only active when the gate is open. More
formally the general form1 of the energy function writes:

E(H,G, I,⇥) =
X

s

X

i

�h(h
i
s, f

i
s)

| {z }
Unary potential

+

X

se,sr

X

i,j

gi
se,sr

 h(h
i
sr
,hj

se
)

| {z }
Gated pairwise potential

. (2)

The first term of the energy function is a classical unary
term that relates the hidden features to the observed multi-
scale CNN representations. The second term synthesizes
the theoretical contribution of the present study because it
conditions the effect of the pair-wise potential  h(h

i
se
,hj

sr
)

upon the gate hidden variable gi
se,sr

. Fig. 2c depicts the
model formulated in Equ.(2). If we remove the attention gate
variables, it becomes a general multi-scale CRFs as shown in
Fig. 2b.

Given that formulation, and as it is typically the case in
conditional random fields, we exploit the mean-field approx-
imation in order to derive a tractable inference procedure.
Under this generic form, the mean-field inference procedure
writes:

q(hi
s) / exp

⇣
�h(h

i
s, f

i
s)+

X

s0 6=s

X

j

Eq(gi
s0,s)

{gi
s0,s}Eq(hj

s0 )
{ h(h

i
s,h

j
s0)}

⌘
,

(3)

q(gi
s0,s) / exp

⇣
gi

s0,sEq(hi
s)

nX

j

Eq(hj
s0 )

n
 h(h

i
s,h

j
s0)

oo⌘
,

(4)
where Eq stands for the expectation with respect to the
distribution q.

1. One could certainly include a unary potential for the gate variables
as well. However this would imply that there is a way to set/learn the
a priori distribution of opening/closing a gate. In practice we did not
observe any notable difference between using or skipping the unary
potential on g.

Before deriving these formulae for our precise choice of
potentials, we remark that, since the gate is a binary variable,
the expectation of its value is the same as q(gi

s0,s = 1). By
defining: Mi

s0,s = Eq(hi
s)

nP
j Eq(hj

s0 )

n
 h(h

i
s,h

j
s0)

oo
, the

expected value of the gate writes:

↵i
s,s0 = Eq(gi

s0,s)
{gi

s0,s} =
q(gi

s0,s = 1)

q(gi
s0,s = 0) + q(gi

s0,s = 1)

= �
�
�Mi

s0,s

�
,

(5)

where �() denotes the sigmoid function. This finding is
specially relevant in the framework of CNN since many of
the attention models are typically obtained after applying the
sigmoid function to the features derived from a feed-forward
network. Importantly, since the quantity Mi

s0,s depends on
the expected values of the hidden features h

i
s, the AG-CRF

framework extends the unidirectional connection from the
features to the attention model, to a bidirectional connection
in which the expected value of the gate allows to refine the
distribution of the hidden features as well.

3.3 AG-CRF Inference
In order to construct an operative model we need to define
the unary and gated potentials �h and  h. In our case, the
unary potential corresponds to an isotropic Gaussian:

�h(h
i
s, f

i
s) = �ai

s

2
khi

s � f
i
sk2, (6)

where ai
s > 0 is a weighting factor.

The gated binary potential is specifically designed for a
two-fold objective. On the one hand, we would like to learn
and further exploit the relationships between hidden vectors
at the same, as well as at different scales. On the other hand,
we would like to exploit previous knowledge on attention
models and include linear terms in the potential. Indeed,
this would implicitly shape the gate variable to include a
linear operator on the features. Therefore, we chose a bilinear
potential:

 h(h
i
s,h

j
s0) = h̃

i
sK

i,j
s,s0 h̃

j
s0 , (7)

where h̃
i
s = (h

i>
s , 1)> and K

i,j
s,s0 2 R(Cs+1)⇥(Cs0+1) being Cs

the size, i.e. the number of channels, of the representation at
scale s. If we write this matrix as K

i,j
s,s0 = (L

i,j
s,s0 , l

i,j
s,s0 ; l

j,i>
s0,s , 1),

then L
i,j
s,s0 exploits the relationships between hidden vari-

ables, while l
i,j
s,s0 and l

j,i
s0,s implement the classically used

linear relationships of the attention models. In order words,
 h models the pair-wise relationships between features with
the upper-left block of the matrix. Furthemore,  h takes into
account the linear relationships by completing the hidden
vectors with the unity. In all, the energy function writes:

E(H,G, I,⇥) =

�
X

s

X

i

ai
s

2
khi

s � f
i
sk2

+

X

se,sr

X

i,j

gi
se,sr

h̃
i
sr

K
i,j
sr,se

h̃
j
se
.

(8)
Under these potentials, we can consequently update the
mean-field inference equations to:

q(hi
s) / exp

⇣
� ai

s

2
(khi

sk � 2h
i>
s f
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s)+
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,

(9)

§ Model formulation

= �
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��hi
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Fig. 4. The detailed computing flow of the mean-field updating of the
proposed AMH-Net model. The symbol ⌦ denotes the convolutional
operation. The ones with green color represent the operation for the
conditional kernel prediction. The symbols � and � denote element-wise
multiplication and addition operation, respectively. The symbols �� and
c� represent a sigmoid and a concatenation operation, respectively.

L’s random variables? I will think about that. May be we can
derive a unified inference procedure.
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where concat(·) denotes a concatenation operation func-
tion. The symbols {WL
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s0,s} are the parameters of the linear transfor-

mation. By making this concise modification in the model
inference, we further clearly boost the performance of the
model on different pixel-wise prediction tasks, which will be
elaborated in the experimental part.

4 NETWORK IMPLEMENTATION

4.1 Neural network implementation for joint learning
In order to infer the hidden variables and learn the pa-
rameters of the AG-CRFs together with those of the front-
end CNN, we implement the AG-CRFs updates in neural
network. A detailed computing flow is depicted in Fig. 4.
The implementation consists of several steps:
• Conditional kernel prediction for the kernels Lse!sr ,

lse!sr , and lsr!se with Lse!sr  WLse!sr
⌦(hse

c�hsr ),
lse!sr  Wlse!sr

⌦ hse , and lsr!se  Wlsr!se
⌦ hsr ;

• Message passing from the se-th scale to the current sr-th
scale is performed with hse!sr  Lse!sr ⌦ hse , where ⌦
denotes the convolutional operation and Lse!sr denotes
the corresponding convolution kernel;

• Attention map estimation q(gse,sr = 1)  �(hsr �
(Lse!sr ⌦ hse) + lse!sr ⌦ hse + lsr!se ⌦ hsr ), where
Lse!sr , lse!sr and lsr!se are convolution kernels and �
represents element-wise product operation;

• Attention-gated message passing from other scales and
adding unary term: h̄sr = fsr � asr

P
se 6=sr

(q(gse,sr =

Fig. 5. The visualization of the learned attention maps in the proposed
AG-CRF model. Our attention is a pixel-wise attention, i.e. simultaneously
learning both spatial- and channel-wise attention. We visualize the
attention by uniformly sampling four attention channels of the attention
map. The learned attentions could capture distinct meaningful parts of
the features for guiding the message passing. These attention maps are
learned on the KITTI dataset for the task of monocular depth estimation.

1) � hse!sr ), where asr encodes the effect of the ai
sr

for
weighting the message and can be implemented as a 1⇥ 1

convolution. The symbol � denotes element-wise addition.
In order to simplify the overall inference procedure, and
because the magnitude of the linear term of  h is in practice
negligible compared to the quadratic term, we discard the
message associated to the linear term. When the inference is
complete, the final estimate is obtained by convolving all the
scales. For the inference of the partially latent model, we only
need to discard the corresponding terms in the computation
of the messages in the second step, and replace the latent
features with observation features for the attention prediction
in the third step.

4.2 Exploiting AG-CRFs with a Multi-scale Network

AMH-Net Architecture. The proposed Attention-guided
Multi-scale Hierarchical Network (AMH-Net), as sketched in
Figure 3, consists of a multi-scale hierarchical network (MH-
Net) together with the AG-CRF model described above. The
MH-Net is constructed from a front-end CNN architecture
such as the widely used AlexNet [51], VGG [52] and
ResNet [53]. One prominent feature of MH-Net is its ability
to generate richer multi-scale representations. In order to
do that, we perform distinct non-linear mappings (deconvo-
lution D, convolution C and max-pooling M) upon fl, the
CNN feature representation from an intermediate layer l of
the front-end CNN. This leads to a three-way representation:
f
D
l , fCl and f

M
l . Remarkably, while D upsamples the feature

map, C maintains its original size and M reduces it, and
different kernel size is utilized for them to have different
receptive fields, then naturally obtaining complementary
inter- and multi-scale representations. The f

C
l and f

M
l are

further aligned to the dimensions of the feature map f
D
l by

the deconvolutional operation. The hierarchy is implemented
in two levels. The first level uses an AG-CRF model to fuse
the three representations of each layer l, thus refining the
CNN features within the same scale. The second level of the
hierarchy uses an AG-CRF model to fuse the information
coming from multiple CNN layers. The proposed hierarchical

§ Neural network implementation
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operation. The ones with green color represent the operation for the
conditional kernel prediction. The symbols � and � denote element-wise
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c� represent a sigmoid and a concatenation operation, respectively.
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In order to infer the hidden variables and learn the pa-
rameters of the AG-CRFs together with those of the front-
end CNN, we implement the AG-CRFs updates in neural
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The implementation consists of several steps:
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lse!sr , and lsr!se with Lse!sr  WLse!sr
⌦(hse

c�hsr ),
lse!sr  Wlse!sr

⌦ hse , and lsr!se  Wlsr!se
⌦ hsr ;

• Message passing from the se-th scale to the current sr-th
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denotes the convolutional operation and Lse!sr denotes
the corresponding convolution kernel;

• Attention map estimation q(gse,sr = 1)  �(hsr �
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represents element-wise product operation;
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Fig. 5. The visualization of the learned attention maps in the proposed
AG-CRF model. Our attention is a pixel-wise attention, i.e. simultaneously
learning both spatial- and channel-wise attention. We visualize the
attention by uniformly sampling four attention channels of the attention
map. The learned attentions could capture distinct meaningful parts of
the features for guiding the message passing. These attention maps are
learned on the KITTI dataset for the task of monocular depth estimation.
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convolution. The symbol � denotes element-wise addition.
In order to simplify the overall inference procedure, and
because the magnitude of the linear term of  h is in practice
negligible compared to the quadratic term, we discard the
message associated to the linear term. When the inference is
complete, the final estimate is obtained by convolving all the
scales. For the inference of the partially latent model, we only
need to discard the corresponding terms in the computation
of the messages in the second step, and replace the latent
features with observation features for the attention prediction
in the third step.

4.2 Exploiting AG-CRFs with a Multi-scale Network

AMH-Net Architecture. The proposed Attention-guided
Multi-scale Hierarchical Network (AMH-Net), as sketched in
Figure 3, consists of a multi-scale hierarchical network (MH-
Net) together with the AG-CRF model described above. The
MH-Net is constructed from a front-end CNN architecture
such as the widely used AlexNet [51], VGG [52] and
ResNet [53]. One prominent feature of MH-Net is its ability
to generate richer multi-scale representations. In order to
do that, we perform distinct non-linear mappings (deconvo-
lution D, convolution C and max-pooling M) upon fl, the
CNN feature representation from an intermediate layer l of
the front-end CNN. This leads to a three-way representation:
f
D
l , fCl and f

M
l . Remarkably, while D upsamples the feature

map, C maintains its original size and M reduces it, and
different kernel size is utilized for them to have different
receptive fields, then naturally obtaining complementary
inter- and multi-scale representations. The f

C
l and f

M
l are

further aligned to the dimensions of the feature map f
D
l by

the deconvolutional operation. The hierarchy is implemented
in two levels. The first level uses an AG-CRF model to fuse
the three representations of each layer l, thus refining the
CNN features within the same scale. The second level of the
hierarchy uses an AG-CRF model to fuse the information
coming from multiple CNN layers. The proposed hierarchical
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TABLE 6
Overall performance comparison with state of the art methods on the val
set of the PASCAL-Context dataset. Spatial context post-processing is
used in the pipeline of most methods except for [5], [34], [84]. Our full

model achieves the best results compared with both the CRF-based or
not the CRF-based approaches on the pixAcc and mIoU metrics.

Method Backbone pixAcc% mIoU%

CFM (VGG+MCG) [85] VGG-16 - 34.4
FCN-8s [86] VGG-16 46.5 35.1
FCN-8s [26] VGG-16 50.7 37.8 -
DeepLab-v2 [5] VGG-16 - 37.6
BoxSup [87] VGG-16 - 40.5
ConvPP-8s [84] VGG-16 - 41.0
PixelNet [88] VGG-16 51.5 41.4

CRF-RNN [34] VGG-16 - 39.3
DeepLab-v2 + CRF [5] VGG-16 - 45.7

ASPP [82] ResNet-50 78.27 49.19
PSPNet [83] ResNet-50 78.60 50.58
EncNet [55] ResNet-50 78.39 49.91
EncNet [55] ResNet-101 79.23 51.70

AMH-Net (w/ FLAG-CRFs+ CK) ResNet-50 79.62 52.15
AMH-Net (w/ FLAG-CRFs+ CK) ResNet-101 80.82 54.75

Fig. 11. Visualization of the learned attention maps of the proposed AG-
CRF model on the Pascal-Context dataset. Our model learns pixel-wise
attention in both the spatial and channel dimension. We visualize the
attention as we perform on KITTI by sampling four attention channels of
the attention map uniformly. The learned attentions are able to capture
different semantic regions to guide the message passing among features.

5.2.3 Qualitative Analysis.

Attention visualization. Figure 5 and Figure 11 show exam-
ples of the learned attention maps in our proposed AG-CRF
model on KITTI and Pascal-Context, respectively. As our
attention mechanism learns a multi-channel attention map,
meaning that the attention map has the same number of
channels as the feature map. We visualize four channels of
the overall 256 channels (i.e. every the 64-th channel). It can
be observed that the learned attention map could capture the
informative feature region from both the spatial and channel
dimension, which we believe is an important reason for our
model to effectively refine the feature maps.

Prediction visualization. The multi-scale predictions and
the final prediction from the AMH-Net on contour detection
is shown in Figure 6. It can be observed that the multi-scale
predictions are highly complementary to each other, which
confirming the initial intuition of modeling the multi-scale
predictions in a joint CRF model for structured prediction
and fusion. Figure 8 and Figure 10 show examples of the
monocular depth estimation on KITTI and the semantic
segmentation on Pascal-Context respectively. Different state
of the arts methods are compared in the figures. It is clearly
that our approach achieves qualitatively better than these
methods on both datasets.

6 CONCLUSION

We presented a novel multi-scale probabilistic graph atten-
tion networks with conditional kernels for pixel-wise predic-
tion. The proposed model introduces two main components,
i.e. a hierarchical architecture for generating more rich and
complementary multi-scale feature representations, and an
Attention-Gated CRF model using conditional kernels for
robust feature refinement and fusion. We demonstrate the
effectiveness of our approach through extensive experiments
on three different pixel-wise prediction tasks, including
continuous problems, i.e. monocular depth estimation, and
discrete problems, i.e. object contour detection and semantic
segmentation. Four challenging publicly available datasets,
BSDS500, NYUD-V2, KITTI and Pascal-Context are consid-
ered in our experiments. The proposed model achieved
superior performance on all the task and the datasets. The
proposed approach addresses a general problem, i.e. how
to learn rich multi-scale representations and optimally fuse
them. Therefore, we believe it may be also beneficial for other
continuous and discrete pixel-level prediction tasks.
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Fig. 9. Training curves of our approach and the baseline model w.r.t. both
mIoU and PixAcc metrics on the Pascal-Context dataset. The number of
overall training epochs is 80.

TABLE 5
Quantitative performance analysis of the proposed AMH-Net with the

ResNet 50 backbone on Pascal-Context for the semantic segmentation
task. ‘CK’ denotes the proposed conditional kernel strategy.

Method pixAcc(%) mIoU(%)

Hypercolumn [16] 75.96 47.88
HED [2] 76.45 48.41

AMH-Net (baseline) 75.60 47.21
AMH-Net (w/o AG-CRFs) 76.70 48.73
AMH-Net (w/ CRFs) 77.10 49.12
AMH-Net (w/o deep supervision) 76.90 48.92

AMH-Net (w/ PLAG-CRFs) 77.91 50.13
AMH-Net (w/ FLAG-CRFs) 78.49 51.01
AMH-Net (w/ FLAG-CRFs + CK) 79.62 52.15

removes the first-level hierarchy and directly concatenates
the feature maps for prediction, (ii) AMH-Net (w/o AG-
CRFs), which employs the proposed multi-scale hierarchical
structure but discards the AG-CRFs, (iii) AMH-Net (w/
CRFs), which replaces our AG-CRFs with a multi-scale CRF
model without attention gating, (iv) AMH-Net (w/o deep su-
pervision) obtained by removing intermediate loss functions
in AMH-Net, (v) AMH-Net with the proposed two versions
of the AG-CRFs model, i.e. PLAG-CRFs and FLAG-CRFs, and
(vi) AMH-Net w/ CK, which uses the proposes conditional
kernel strategy. We also consider as reference traditional
multi-scale deep learning models employing multi-scale
representations, i.e. Hypercolumn [16] and HED [2].
Analysis. The quantitative results on different baseline
models are shown in Table 3 and 5. The results clearly
show the advantages of our contributions. The ODS F-
measure of AMH-Net (w/o AG-CRFs) is 1.1% higher than
AMH-Net (baseline), clearly demonstrating the effectiveness
of the proposed hierarchical network and confirming our
intuition that exploiting more richer and diverse multi-
scale representations is beneficial, which could be also
verified from the results on the Pascal-Context as shown
in Table 5. Table 3 also shows that our AG-CRFs plays a
fundamental role for accurate detection, as AMH-Net (w/
FLAG-CRFs) leads to an improvement of 1.9% over AMH-
Net (w/o AG-CRFs) in terms of OSD. Finally, AMH-Net
(w/ FLAG-CRFs) is 1.2% and 1.5% better than AMH-Net
(w/ CRFs) in ODS and AP metrics respectively, confirming

Fig. 10. Qualitative semantic segmentation results on the Pascal-Context
dataset. The representative Dilated FCN method [5] is compared.

the effectiveness of embedding an attention mechanism in
the multi-scale CRF model. In Table 5, the mIoU of AMH-
Net (w/ FLAG-CRFs) is 1.39 points higher than that of
AMH-Net (w/ CRFs), further demonstrating the advantage
of the proposed attention mechanism. AMH-Net (w/o
deep supervision) decreases the overall performance of our
method by 1.9% in ODS, showing the crucial importance
of deep supervision for better optimization of the whole
AMH-Net. Comparing the performance of the proposed
two versions of the AG-CRF model, i.e. PLAG-CRFs and
FLAG-CRFs, we can see that AMH-Net (FLAG-CRFs) slightly
outperforms AMH-Net (PLAG-CRFs) in both ODS and OIS,
while bringing a significant improvement (around 2%) in
AP. Finally, considering HED [2] and Hypercolumn [16],
it is clear that our AMH-Net (FLAG-CRFs) is significantly
better than these methods. Importantly, our approach utilizes
only three scales while for HED [2] and Hypercolumn [16]
we consider five scales. We believe that our accuracy could
be further boosted by involving more scales. From Table 3
and 5, we can also observe the effectiveness of the propsed
conditional kernel strategy. AMH-Net (w/ FLAG-CRFs +
CK) clearly improves over AMH-Net (w/ FLAG-CRFs) on
the AP (1.3 points) for the contour detection and the mIoU
(1.1 points) for the semantic segmentation. We also plot the
training curves of the proposed approach and the baseline
on the Pascal-Context validation in Figure 9. As shown in the
figure, our approach consistently outperforms the baseline
model at each training epoch, furthering demonstrating the
effectiveness of the proposed AG-CRF model.

JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015 8

Fig. 6. Examples of predictions from different multi-scale features on
BSDS500. The first column is the input test images. The 2nd to the 5nd
columns show the predictions from different multi-scale features. The last
column shows the final contour map after standard NMS.

5.1.2 Evaluation Metrics.
Evaluation protocol on object contour detection. Dur-
ing the test phase standard non-maximum suppression
(NMS) [63] is first applied to produce thinned contour maps.
We then evaluate the detection performance of our approach
according to different metrics, including the F-measure at
Optimal Dataset Scale (ODS) and Optimal Image Scale (OIS)
and the Average Precision (AP). The maximum tolerance
allowed for correct matches of edge predictions to the ground
truth is set to 0.0075 for the BSDS500 dataset, and to .011 for
the NYUDv2 dataset as in previous works [2], [63], [64].
Evaluation protocol on monocular depth estimation. Fol-
lowing the standard evaluation protocol as in previous
works [21], [22], [25], the following quantitative evaluation
metrics are adopted in our experiments:

• mean relative error (rel): 1
K

PK
i=1

|d̃i�d?
i |

d?
i

;

• root mean squared error (rms):
q

1
K

PK
i=1(d̃i � d?

i )
2;

• mean log10 error (log10):
1
K

PK
i=1 k log10(d̃i) � log10(d

?
i )k;

• scale invariant rms log error as used in [25], rms(sc-inv.);
• accuracy with threshold t: percentage (%) of d?

i ,
subject to max(

d?
i

d̃i
, d̃i

d?
i
) = � < t (t 2 [1.25, 1.252, 1.253

]).

Where d̃i and d?
i is the ground-truth depth and the estimated

depth at pixel i respectively; K is the total number of pixels
of the test images.
Evaluation protocol on semantic segmentation. Following
previous works and use the DeepLab evaluation tool, we
report our quantitative results on the standard metrics of
pixel accuracy (pixAcc) and mean intersection over union
(mIoU) averaged over classes. Both metrics are the higher
the better. The background category is all included in the
evaluation as in previous works [55], [65].

5.1.3 Implementation Details.
The proposed AMH-Net is implemented under the deep
learning framework Pytorch. The training and testing phase

TABLE 2
Quantitative performance comparison on NYUD-V2 RGB dataset for the

contour detection task.

Method ODS OIS AP

gPb-ucm [11] .632 .661 .562
OEF [67] .651 .667 –
Silberman et al. [12] .658 .661 –
SemiContour [68] .680 .700 .690
SE [69] .685 .699 .679
gPb+NG [70] .687 .716 .629
SE+NG+ [64] .710 .723 .738

HED (RGB) [2] .720 .734 .734
HED (HHA) [2] .682 .695 .702
HED (RGB + HHA) [2] .746 .761 .786
RCF (RGB) + HHA) [20] .757 .771 –

AMH-Net (RGB) .744 .758 .765
AMH-Net (HHA) .716 .729 .734
AMH-Net (RGB+HHA) .771 .786 .802
AMH-Net (RGB+HHA) w/ CK .780 .795 .813

TABLE 3
Quantitative performance analysis of the proposed AMH-Net on

NYUD-V2 RGB dataset for the contour detection task.

Method ODS OIS AP

Hypercolumn [16] .718 .729 .731
HED [2] .720 .734 .734

AMH-Net (baseline) .711 .720 .724
AMH-Net (w/o AG-CRFs) .722 .732 .739
AMH-Net (w/ CRFs) .732 .742 .750
AMH-Net (w/o deep supervision) .725 .738 .747

AMH-Net (w/ PLAG-CRFs) .737 .749 .746
AMH-Net (w/ FLAG-CRFs) .744 .758 .765
AMH-Net (w/ FLAG-CRFs + CK) .751 .767 .778

are carried out on four Nvidia Tesla P40 GPUs, each with
24GB memory. The ResNet50 and ResNet101 networks
pretrained on ImageNet [66] are used to initialize the front-
end CNN of AMH-Net for different backbone experiments.
To consider the computational efficiency, our implemen-
tation only employs three scales, i.e. we generate multi-
scale features from three different semantic layers of the
backbone CNN (i.e. res3d, res4f, res5c in ResNet). In our
CRF model we consider dependencies between all scales.
Within the AG-CRFs, the kernel size for all convolutional
operations is set to 3 ⇥ 3 with stride 1 and padding 1. The
weighting parameters ai

sr
are learned automatically via using

convolutional operations with a kernel size of 1 ⇥ 1. For the
object contour detection, the initial learning rate is set to 1e-7
in all our experiments, and decreases 10 times after every 10k
iterations. The total number of iterations for BSDS500 and
NYUD v2 is 40k and 30k, respectively. The momentum and
weight decay parameters are set to 0.9 and 0.0002, as in [2]. As
the training images have different resolution, we need to set
the batch size to 1, and for the sake of smooth convergence we
updated the parameters only every 10 iterations. For both the
monocular depth estimation and the semantic segmentation
tasks, the learning rate is set to 0.001 with a momentum of
0.9 and a weight decay of 0.0001 using a polynomial learning
rate scheme as used in [5], [55].
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RGB Image Eigen et al. [25] Zhou et al. [71] Garg et al. [54] Godard et al. [72] Ours GT Depth Map

Fig. 8. Qualitative examples of monocular depth prediction on the KITTI raw dataset. The comparison with other competive methods including
Eigen et al. [25], Zhou et al. [71], Garg et al. [54] and Godard et al. [72] are presented. We perform bilinear interpolation on the sparse ground-truth
depth maps for better visualization.

TABLE 4
Quantitative comparison with the state of the art methods on the KITTI raw dataset for monocular depth estimation. The proposed AMH-Net achieves
top performance over all the competitors w.r.t. all the evaluation metrics. The standard training and testing sets split by Eigen et al. [25] are used. The
‘range’ means different ground-truth depth range for evaluation, and the ’stereo’ means both left and right images from two calibrated monocular

cameras are used in the training. ‘CK’ denotes the proposed conditional kernel strategy. The methods requiring video data are marked with ⇤. The
DORN method needs to assume the depth range in the training, which is not the same as our continuous regression setting, and thus not directly
comparable, and we are highly complementary to each other since we work on learning effective representation while theirs focus on the loss level.

Method Setting Error (lower is better) Accuracy (higher is better)
range stereo? rel sq rel rmse rmse (log) � < 1.25 � < 1.252 � < 1.253

Garg et al. [54] 80m Yes 0.177 1.169 5.285 - 0.727 0.896 0.962
Garg et al. [54] L12 + Aug 8x 50m Yes 0.169 1.080 5.104 - 0.740 0.904 0.958
Godard et al. [72] 80m Yes 0.148 1.344 5.927 0.247 0.803 0.922 0.964
Zhou⇤ et al. [71] 80m Yes 0.208 1.768 6.858 0.283 0.678 0.885 0.957
AdaDepth [73] 50m Yes 0.203 1.734 6.251 0.284 0.687 0.899 0.958
Mahjourian⇤ [74] 80m No 0.163 1.240 6.220 0.250 0.762 0.916 0.968
Wang & Lucey et al. [75] 80m Yes 0.151 1.257 5.583 0.228 0.810 0.936 0.974
DF-Net⇤ [76] 80m Yes 0.150 1.124 5.507 0.223 0.806 0.933 0.973
Zhan⇤ et al. [77] 80m Yes 0.144 1.391 5.869 0.241 0.803 0.933 0.971
Kuznietsov et al. [78] 80m Yes - - 4.621 - 0.852 0.960 0.986

Saxena et al. [79] 80m No 0.280 - 8.734 0.327 0.601 0.820 0.926
Eigen et al. [25] 80m No 0.190 - 7.156 0.246 0.692 0.899 0.967
Liu et al. [6] 80m No 0.217 0.092 7.046 - 0.656 0.881 0.958
MS-CRF [80] 80m No 0.125 0.899 4.685 - 0.816 0.951 0.983
Kuznietsov et al. [78] (only supervised) 80m No - - 4.815 - 0.845 0.957 0.987
DORN [81] (not comp.) 80m No 0.072 0.307 2.727 0.120 0.932 0.984 0.994

AMH-Net (baseline) 80m No 0.152 0.973 4.902 0.176 0.782 0.931 0.975
AMH-Net (w/ PLAG-CRFs) 80m No 0.134 0.909 4.796 0.167 0.801 0.951 0.981
AMH-Net (w/ FLAG-CRFs) 80m No 0.126 0.901 4.689 0.157 0.813 0.950 0.982
AMH-Net (w/ FLAG-CRFs + CK) 80m No 0.118 0.752 4.449 0.181 0.852 0.962 0.987

setting as our continuous regression, and thus not directly
comparable to ours. Besides, DORN specifically works on
the predictions via using an ordinal regression loss, while
ours focuses on learning effective representations, therefore
we are complementary to each other. More importantly, the
proposed graph-based approach obtains significantly better
results than the CRF-based methods (i.e. MS-CRF [80] and
Liu et al. [6]) on the monocular depth estimation task.
Comparison on Pascal-Context. We compare the proposed
AMH-Net with the most competitive methods on the Pascal-
Context dataset, including ASPP [82], PSPNet [83] and
EncNet [55]. The experiments are conducted on both ResNet-
50 and ResNet-101 backbone networks. Our AMH-Net is

2.24 and 3.05 points better on the mIoU metric than the best
comparison method (i.e. EncNet) with ResNet-50 and ResNet-
101 respectively. We could also observe that our graph-based
method significantly the deep-lab-v2 [5] which also utilizes a
CRF model in their framework.

5.2.2 Model Analysis.
Baseline models. To further demonstrate the effectiveness of
the proposed model and analyze the impact of the different
components of AMH-Net on the countour detection task,
we conduct an ablation study considering the NYUDv2
(RGB data) and the Pascal-Context dataset. We evaluated the
following baseline models: (i) AMH-Net (baseline), which

Contour detection on BSDS500 Depth estimation on KITTI Segmentation on Pascal-Context
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Joint Multi-Modal/Task Deep Learning
• Single task learning vs. multi-task learning

§ Independently train each task

Single task learning

Multi task learning

§ No training data or parameter sharing

§ Train multi-tasks with shared multi-modal data

§ Tasks dependent to each other

§ Convenience in deployment



Joint Multi-Modal/Task Deep Learning
• Problems and motivation in multi-task deep learning

§ Difficulty: Directly optimizing multiple tasks 
given input training data not guarantees
consistent gain on all the tasks

§ Observation: Multi-modal input data improves
training the model

§ Could we facilitate final tasks via 
leveraging intermediate multiple 
predictions?

§ Only one single modal data required?



PAD-Net: Prediction and Distillation Network

Multi-task distillation network for simultaneous depth estimation and scene parsing.

• Network structure



Results on Indoor NYUD-V2



Results on outdoor Cityscapes



road pole sky bus

sidewalk trafic light person train

building trafic sign rider motorcycle

wall vegetation car bicycle

fence terrain truck

Demo on Outdoor Cityscapes Dataset



• Scene depth estimation with structured probabilistic modeling

Overview

• A joint multi-modal and multi-task deep learning framework

• Modelling the interaction between 2D and 3D data and tasks

• Hot research & development fields along the direction

• Summary
Deep Learning in 2D Deep Learning in the 

interaction of 2D & 3D



Perception of 3D from 2D
• 2D RGB Image



Perception of 3D from 2D
• 2D RGB Image -> Depth

Far Close



Perception of 3D from 2D
• 2D RGB Image -> 3D Layout



Learning 3D from 2D
• Ambiguity in 2D: depth lost during projection

• Supervised learning using ground-truth 3D data

RGB GT Depth



• Self-supervised learning from multi-views
multi-views

Learning 3D from 2D

single-view

Model Training

Model Testing



SfM(Structure from Motion)-Learner

§ Differentiable image warping

ps ⇠ KT̂t!sD̂t (pt)K
�1pt
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• Self-supervised framework for joint learning of depth and pose

§ Photometric consistency

Lvs =
X

s

X

p

���It(p)� Îs(p)
���

<latexit sha1_base64="wyjWwg6f/9WtoK8DAbOs+c8ZfMs="></latexit><latexit sha1_base64="wyjWwg6f/9WtoK8DAbOs+c8ZfMs="></latexit><latexit sha1_base64="wyjWwg6f/9WtoK8DAbOs+c8ZfMs="></latexit><latexit sha1_base64="wyjWwg6f/9WtoK8DAbOs+c8ZfMs="></latexit>



Experimental Results
• Kitti visual odometry

Video Demo Sequence 09 Sequence 10



Utilization of 3D for 2D tasks
• Estimating 3D Scene Geometry for 2D Video Object Detection

• Geometry (e.g. depth) useful for scale 
ambiguity and occlusion

• scene geometry can be estimated directly from
static cameras, learned from training data

• Design geometry correlated kernels

• Geometry-aware feature learning and prediction 



Utilization of 3D for 2D tasks
• Estimating 3D Scene Geometry for 2D Video Object Detection

• Achieved significant improvement over one-stage and two-stage video 
object detectors (Faster RCNN, SSD)

4 XU, XIE, ZISSERMAN: GEOMETRY-AWARE VIDEO OBJECT DETECTION

Channel-Wise
Softmax

P

P

T̃G
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Multi-Frame Input

Non-linear Transformation
Geometry-Aware 
Attention Maps
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Heatmaps and Embeddings:
the First and the Last Frame

Fused Features

Geometry Input

T̃G
<latexit sha1_base64="EAIjhtmA51Yl223a/FDsa/SkRbw=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0WXOiyQl/QhDCZTNqhM5MwMxFKDOivuHGhiFt/w51/46TtQlsPXDiccy9z5oQpo0o7zrdVWVldW9+obta2tnd29+z9g65KMolJBycskf0QKcKoIB1NNSP9VBLEQ0Z64fi69Hv3RCqaiLaepMTnaChoTDHSRgrsI09TFpHc40iPJM/bRRHkN0Vg152GMwVcJu6c1MEcrcD+8qIEZ5wIjRlSauA6qfZzJDXFjBQ1L1MkRXiMhmRgqECcKD+f5i/gqVEiGCfSjNBwqv6+yBFXasJDs1nGVIteKf7nDTIdX/k5FWmmicCzh+KMQZ3AsgwYUUmwZhNDEJbUZIV4hCTC2lRWMyW4i19eJt3zhus03LuLerP1OKujCo7BCTgDLrgETXALWqADMHgAz+AVvFlP1ov1bn3MVivWvMJD8AfW5w8wppdK</latexit><latexit sha1_base64="EAIjhtmA51Yl223a/FDsa/SkRbw=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0WXOiyQl/QhDCZTNqhM5MwMxFKDOivuHGhiFt/w51/46TtQlsPXDiccy9z5oQpo0o7zrdVWVldW9+obta2tnd29+z9g65KMolJBycskf0QKcKoIB1NNSP9VBLEQ0Z64fi69Hv3RCqaiLaepMTnaChoTDHSRgrsI09TFpHc40iPJM/bRRHkN0Vg152GMwVcJu6c1MEcrcD+8qIEZ5wIjRlSauA6qfZzJDXFjBQ1L1MkRXiMhmRgqECcKD+f5i/gqVEiGCfSjNBwqv6+yBFXasJDs1nGVIteKf7nDTIdX/k5FWmmicCzh+KMQZ3AsgwYUUmwZhNDEJbUZIV4hCTC2lRWMyW4i19eJt3zhus03LuLerP1OKujCo7BCTgDLrgETXALWqADMHgAz+AVvFlP1ov1bn3MVivWvMJD8AfW5w8wppdK</latexit><latexit sha1_base64="EAIjhtmA51Yl223a/FDsa/SkRbw=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0WXOiyQl/QhDCZTNqhM5MwMxFKDOivuHGhiFt/w51/46TtQlsPXDiccy9z5oQpo0o7zrdVWVldW9+obta2tnd29+z9g65KMolJBycskf0QKcKoIB1NNSP9VBLEQ0Z64fi69Hv3RCqaiLaepMTnaChoTDHSRgrsI09TFpHc40iPJM/bRRHkN0Vg152GMwVcJu6c1MEcrcD+8qIEZ5wIjRlSauA6qfZzJDXFjBQ1L1MkRXiMhmRgqECcKD+f5i/gqVEiGCfSjNBwqv6+yBFXasJDs1nGVIteKf7nDTIdX/k5FWmmicCzh+KMQZ3AsgwYUUmwZhNDEJbUZIV4hCTC2lRWMyW4i19eJt3zhus03LuLerP1OKujCo7BCTgDLrgETXALWqADMHgAz+AVvFlP1ov1bn3MVivWvMJD8AfW5w8wppdK</latexit><latexit sha1_base64="EAIjhtmA51Yl223a/FDsa/SkRbw=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWARXJVEBF0WXOiyQl/QhDCZTNqhM5MwMxFKDOivuHGhiFt/w51/46TtQlsPXDiccy9z5oQpo0o7zrdVWVldW9+obta2tnd29+z9g65KMolJBycskf0QKcKoIB1NNSP9VBLEQ0Z64fi69Hv3RCqaiLaepMTnaChoTDHSRgrsI09TFpHc40iPJM/bRRHkN0Vg152GMwVcJu6c1MEcrcD+8qIEZ5wIjRlSauA6qfZzJDXFjBQ1L1MkRXiMhmRgqECcKD+f5i/gqVEiGCfSjNBwqv6+yBFXasJDs1nGVIteKf7nDTIdX/k5FWmmicCzh+KMQZ3AsgwYUUmwZhNDEJbUZIV4hCTC2lRWMyW4i19eJt3zhus03LuLerP1OKujCo7BCTgDLrgETXALWqADMHgAz+AVvFlP1ov1bn3MVivWvMJD8AfW5w8wppdK</latexit>

Spatio-Temporal 
Convolution Backbone

C

C

F1
s

<latexit sha1_base64="ILeUvEMqJpYHaAfhwP6A54eUgm4=">AAAB+XicbZBLSwMxFIUzPmt9jbp0EyyCqzIjgi4LgrisYB/QjkMmzbShSWZI7hTLMOAPceNCEbf+E3f+G9PHQlsPBD7OuSE3J0oFN+B5387K6tr6xmZpq7y9s7u37x4cNk2SacoaNBGJbkfEMMEVawAHwdqpZkRGgrWi4fUkb42YNjxR9zBOWSBJX/GYUwLWCl23C+wRtMxvijA3xYMfuhWv6k2Fl8GfQwXNVQ/dr24voZlkCqggxnR8L4UgJxo4FawodzPDUkKHpM86FhWRzAT5dPMCn1qnh+NE26MAT93fN3IijRnLyE5KAgOzmE3M/7JOBvFVkHOVZsAUnT0UZwJDgic14B7XjIIYWyBUc7srpgOiCQVbVtmW4C9+eRma51Xfq/p3F5Va/WlWRwkdoxN0hnx0iWroFtVRA1E0Qs/oFb05ufPivDsfs9EVZ17hEfoj5/MHLRqUcA==</latexit><latexit sha1_base64="ILeUvEMqJpYHaAfhwP6A54eUgm4=">AAAB+XicbZBLSwMxFIUzPmt9jbp0EyyCqzIjgi4LgrisYB/QjkMmzbShSWZI7hTLMOAPceNCEbf+E3f+G9PHQlsPBD7OuSE3J0oFN+B5387K6tr6xmZpq7y9s7u37x4cNk2SacoaNBGJbkfEMMEVawAHwdqpZkRGgrWi4fUkb42YNjxR9zBOWSBJX/GYUwLWCl23C+wRtMxvijA3xYMfuhWv6k2Fl8GfQwXNVQ/dr24voZlkCqggxnR8L4UgJxo4FawodzPDUkKHpM86FhWRzAT5dPMCn1qnh+NE26MAT93fN3IijRnLyE5KAgOzmE3M/7JOBvFVkHOVZsAUnT0UZwJDgic14B7XjIIYWyBUc7srpgOiCQVbVtmW4C9+eRma51Xfq/p3F5Va/WlWRwkdoxN0hnx0iWroFtVRA1E0Qs/oFb05ufPivDsfs9EVZ17hEfoj5/MHLRqUcA==</latexit><latexit sha1_base64="ILeUvEMqJpYHaAfhwP6A54eUgm4=">AAAB+XicbZBLSwMxFIUzPmt9jbp0EyyCqzIjgi4LgrisYB/QjkMmzbShSWZI7hTLMOAPceNCEbf+E3f+G9PHQlsPBD7OuSE3J0oFN+B5387K6tr6xmZpq7y9s7u37x4cNk2SacoaNBGJbkfEMMEVawAHwdqpZkRGgrWi4fUkb42YNjxR9zBOWSBJX/GYUwLWCl23C+wRtMxvijA3xYMfuhWv6k2Fl8GfQwXNVQ/dr24voZlkCqggxnR8L4UgJxo4FawodzPDUkKHpM86FhWRzAT5dPMCn1qnh+NE26MAT93fN3IijRnLyE5KAgOzmE3M/7JOBvFVkHOVZsAUnT0UZwJDgic14B7XjIIYWyBUc7srpgOiCQVbVtmW4C9+eRma51Xfq/p3F5Va/WlWRwkdoxN0hnx0iWroFtVRA1E0Qs/oFb05ufPivDsfs9EVZ17hEfoj5/MHLRqUcA==</latexit><latexit sha1_base64="ILeUvEMqJpYHaAfhwP6A54eUgm4=">AAAB+XicbZBLSwMxFIUzPmt9jbp0EyyCqzIjgi4LgrisYB/QjkMmzbShSWZI7hTLMOAPceNCEbf+E3f+G9PHQlsPBD7OuSE3J0oFN+B5387K6tr6xmZpq7y9s7u37x4cNk2SacoaNBGJbkfEMMEVawAHwdqpZkRGgrWi4fUkb42YNjxR9zBOWSBJX/GYUwLWCl23C+wRtMxvijA3xYMfuhWv6k2Fl8GfQwXNVQ/dr24voZlkCqggxnR8L4UgJxo4FawodzPDUkKHpM86FhWRzAT5dPMCn1qnh+NE26MAT93fN3IijRnLyE5KAgOzmE3M/7JOBvFVkHOVZsAUnT0UZwJDgic14B7XjIIYWyBUc7srpgOiCQVbVtmW4C9+eRma51Xfq/p3F5Va/WlWRwkdoxN0hnx0iWroFtVRA1E0Qs/oFb05ufPivDsfs9EVZ17hEfoj5/MHLRqUcA==</latexit>

F2
s

<latexit sha1_base64="H8+irzh/HrBM276ByFZG0TQTFgo=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJWZIuiyIIjLCvYBbR0yaaYNTTJDcqdYhgF/iBsXirj1n7jz35g+Ftp6IPBxzg25OWEiuAHP+3YKa+sbm1vF7dLO7t7+gXt41DRxqilr0FjEuh0SwwRXrAEcBGsnmhEZCtYKR9fTvDVm2vBY3cMkYT1JBopHnBKwVuC6XWCPoGV2kweZyR+qgVv2Kt5MeBX8BZTRQvXA/er2Y5pKpoAKYkzH9xLoZUQDp4LlpW5qWELoiAxYx6IikpleNts8x2fW6eMo1vYowDP3942MSGMmMrSTksDQLGdT87+sk0J01cu4SlJgis4filKBIcbTGnCfa0ZBTCwQqrndFdMh0YSCLatkS/CXv7wKzWrF9yr+3UW5Vn+a11FEJ+gUnSMfXaIaukV11EAUjdEzekVvTua8OO/Ox3y04CwqPEZ/5Hz+AC6elHE=</latexit><latexit sha1_base64="H8+irzh/HrBM276ByFZG0TQTFgo=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJWZIuiyIIjLCvYBbR0yaaYNTTJDcqdYhgF/iBsXirj1n7jz35g+Ftp6IPBxzg25OWEiuAHP+3YKa+sbm1vF7dLO7t7+gXt41DRxqilr0FjEuh0SwwRXrAEcBGsnmhEZCtYKR9fTvDVm2vBY3cMkYT1JBopHnBKwVuC6XWCPoGV2kweZyR+qgVv2Kt5MeBX8BZTRQvXA/er2Y5pKpoAKYkzH9xLoZUQDp4LlpW5qWELoiAxYx6IikpleNts8x2fW6eMo1vYowDP3942MSGMmMrSTksDQLGdT87+sk0J01cu4SlJgis4filKBIcbTGnCfa0ZBTCwQqrndFdMh0YSCLatkS/CXv7wKzWrF9yr+3UW5Vn+a11FEJ+gUnSMfXaIaukV11EAUjdEzekVvTua8OO/Ox3y04CwqPEZ/5Hz+AC6elHE=</latexit><latexit sha1_base64="H8+irzh/HrBM276ByFZG0TQTFgo=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJWZIuiyIIjLCvYBbR0yaaYNTTJDcqdYhgF/iBsXirj1n7jz35g+Ftp6IPBxzg25OWEiuAHP+3YKa+sbm1vF7dLO7t7+gXt41DRxqilr0FjEuh0SwwRXrAEcBGsnmhEZCtYKR9fTvDVm2vBY3cMkYT1JBopHnBKwVuC6XWCPoGV2kweZyR+qgVv2Kt5MeBX8BZTRQvXA/er2Y5pKpoAKYkzH9xLoZUQDp4LlpW5qWELoiAxYx6IikpleNts8x2fW6eMo1vYowDP3942MSGMmMrSTksDQLGdT87+sk0J01cu4SlJgis4filKBIcbTGnCfa0ZBTCwQqrndFdMh0YSCLatkS/CXv7wKzWrF9yr+3UW5Vn+a11FEJ+gUnSMfXaIaukV11EAUjdEzekVvTua8OO/Ox3y04CwqPEZ/5Hz+AC6elHE=</latexit><latexit sha1_base64="H8+irzh/HrBM276ByFZG0TQTFgo=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJWZIuiyIIjLCvYBbR0yaaYNTTJDcqdYhgF/iBsXirj1n7jz35g+Ftp6IPBxzg25OWEiuAHP+3YKa+sbm1vF7dLO7t7+gXt41DRxqilr0FjEuh0SwwRXrAEcBGsnmhEZCtYKR9fTvDVm2vBY3cMkYT1JBopHnBKwVuC6XWCPoGV2kweZyR+qgVv2Kt5MeBX8BZTRQvXA/er2Y5pKpoAKYkzH9xLoZUQDp4LlpW5qWELoiAxYx6IikpleNts8x2fW6eMo1vYowDP3942MSGMmMrSTksDQLGdT87+sk0J01cu4SlJgis4filKBIcbTGnCfa0ZBTCwQqrndFdMh0YSCLatkS/CXv7wKzWrF9yr+3UW5Vn+a11FEJ+gUnSMfXaIaukV11EAUjdEzekVvTua8OO/Ox3y04CwqPEZ/5Hz+AC6elHE=</latexit>

F3
s

<latexit sha1_base64="bK2nsZiQINX/yu5Ku3jzylRjexI=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJUZFXRZEMRlBfuAdhwyadqGJpkhuVMsw4A/xI0LRdz6T9z5b0wfC209EPg454bcnCgR3IDnfTuFldW19Y3iZmlre2d3z90/aJg41ZTVaSxi3YqIYYIrVgcOgrUSzYiMBGtGw+tJ3hwxbXis7mGcsECSvuI9TglYK3TdDrBH0DK7ycPM5A/noVv2Kt5UeBn8OZTRXLXQ/ep0Y5pKpoAKYkzb9xIIMqKBU8HyUic1LCF0SPqsbVERyUyQTTfP8Yl1urgXa3sU4Kn7+0ZGpDFjGdlJSWBgFrOJ+V/WTqF3FWRcJSkwRWcP9VKBIcaTGnCXa0ZBjC0QqrndFdMB0YSCLatkS/AXv7wMjbOK71X8u4tytfY0q6OIjtAxOkU+ukRVdItqqI4oGqFn9IrenMx5cd6dj9lowZlXeIj+yPn8ATAilHI=</latexit><latexit sha1_base64="bK2nsZiQINX/yu5Ku3jzylRjexI=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJUZFXRZEMRlBfuAdhwyadqGJpkhuVMsw4A/xI0LRdz6T9z5b0wfC209EPg454bcnCgR3IDnfTuFldW19Y3iZmlre2d3z90/aJg41ZTVaSxi3YqIYYIrVgcOgrUSzYiMBGtGw+tJ3hwxbXis7mGcsECSvuI9TglYK3TdDrBH0DK7ycPM5A/noVv2Kt5UeBn8OZTRXLXQ/ep0Y5pKpoAKYkzb9xIIMqKBU8HyUic1LCF0SPqsbVERyUyQTTfP8Yl1urgXa3sU4Kn7+0ZGpDFjGdlJSWBgFrOJ+V/WTqF3FWRcJSkwRWcP9VKBIcaTGnCXa0ZBjC0QqrndFdMB0YSCLatkS/AXv7wMjbOK71X8u4tytfY0q6OIjtAxOkU+ukRVdItqqI4oGqFn9IrenMx5cd6dj9lowZlXeIj+yPn8ATAilHI=</latexit><latexit sha1_base64="bK2nsZiQINX/yu5Ku3jzylRjexI=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJUZFXRZEMRlBfuAdhwyadqGJpkhuVMsw4A/xI0LRdz6T9z5b0wfC209EPg454bcnCgR3IDnfTuFldW19Y3iZmlre2d3z90/aJg41ZTVaSxi3YqIYYIrVgcOgrUSzYiMBGtGw+tJ3hwxbXis7mGcsECSvuI9TglYK3TdDrBH0DK7ycPM5A/noVv2Kt5UeBn8OZTRXLXQ/ep0Y5pKpoAKYkzb9xIIMqKBU8HyUic1LCF0SPqsbVERyUyQTTfP8Yl1urgXa3sU4Kn7+0ZGpDFjGdlJSWBgFrOJ+V/WTqF3FWRcJSkwRWcP9VKBIcaTGnCXa0ZBjC0QqrndFdMB0YSCLatkS/AXv7wMjbOK71X8u4tytfY0q6OIjtAxOkU+ukRVdItqqI4oGqFn9IrenMx5cd6dj9lowZlXeIj+yPn8ATAilHI=</latexit><latexit sha1_base64="bK2nsZiQINX/yu5Ku3jzylRjexI=">AAAB+XicbZBLSwMxFIUz9VXra9Slm2ARXJUZFXRZEMRlBfuAdhwyadqGJpkhuVMsw4A/xI0LRdz6T9z5b0wfC209EPg454bcnCgR3IDnfTuFldW19Y3iZmlre2d3z90/aJg41ZTVaSxi3YqIYYIrVgcOgrUSzYiMBGtGw+tJ3hwxbXis7mGcsECSvuI9TglYK3TdDrBH0DK7ycPM5A/noVv2Kt5UeBn8OZTRXLXQ/ep0Y5pKpoAKYkzb9xIIMqKBU8HyUic1LCF0SPqsbVERyUyQTTfP8Yl1urgXa3sU4Kn7+0ZGpDFjGdlJSWBgFrOJ+V/WTqF3FWRcJSkwRWcP9VKBIcaTGnCXa0ZBjC0QqrndFdMB0YSCLatkS/AXv7wMjbOK71X8u4tytfY0q6OIjtAxOkU+ukRVdItqqI4oGqFn9IrenMx5cd6dj9lowZlXeIj+yPn8ATAilHI=</latexit>

C

Slice
AG

<latexit sha1_base64="gTXGDKP181JDNRGnOzywx61C2Ys=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuKC11WsLXQGUomzbShSWbIQyhDwa9w40IRt/6MO//GTNuFth64cDjnXnJy4owzbXz/2yutrK6tb5Q3K1vbO7t71f2Dtk6tIrRFUp6qTow15UzSlmGG006mKBYxpw/x6LrwHx6p0iyV92ac0UjggWQJI9g4KQwFNkMl8qtJ76ZXrfl1fwq0TII5qcEczV71K+ynxAoqDeFY627gZybKsTKMcDqphFbTDJMRHtCuoxILqqN8mnmCTpzSR0mq3EiDpurvixwLrccidptFRr3oFeJ/Xtea5DLKmcysoZLMHkosRyZFRQGozxQlho8dwUQxlxWRIVaYGFdTxZUQLH55mbTP6oFfD+7Oa43m06yOMhzBMZxCABfQgFtoQgsIZPAMr/DmWe/Fe/c+Zqslb17hIfyB9/kDRUySRA==</latexit><latexit sha1_base64="gTXGDKP181JDNRGnOzywx61C2Ys=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuKC11WsLXQGUomzbShSWbIQyhDwa9w40IRt/6MO//GTNuFth64cDjnXnJy4owzbXz/2yutrK6tb5Q3K1vbO7t71f2Dtk6tIrRFUp6qTow15UzSlmGG006mKBYxpw/x6LrwHx6p0iyV92ac0UjggWQJI9g4KQwFNkMl8qtJ76ZXrfl1fwq0TII5qcEczV71K+ynxAoqDeFY627gZybKsTKMcDqphFbTDJMRHtCuoxILqqN8mnmCTpzSR0mq3EiDpurvixwLrccidptFRr3oFeJ/Xtea5DLKmcysoZLMHkosRyZFRQGozxQlho8dwUQxlxWRIVaYGFdTxZUQLH55mbTP6oFfD+7Oa43m06yOMhzBMZxCABfQgFtoQgsIZPAMr/DmWe/Fe/c+Zqslb17hIfyB9/kDRUySRA==</latexit><latexit sha1_base64="gTXGDKP181JDNRGnOzywx61C2Ys=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuKC11WsLXQGUomzbShSWbIQyhDwa9w40IRt/6MO//GTNuFth64cDjnXnJy4owzbXz/2yutrK6tb5Q3K1vbO7t71f2Dtk6tIrRFUp6qTow15UzSlmGG006mKBYxpw/x6LrwHx6p0iyV92ac0UjggWQJI9g4KQwFNkMl8qtJ76ZXrfl1fwq0TII5qcEczV71K+ynxAoqDeFY627gZybKsTKMcDqphFbTDJMRHtCuoxILqqN8mnmCTpzSR0mq3EiDpurvixwLrccidptFRr3oFeJ/Xtea5DLKmcysoZLMHkosRyZFRQGozxQlho8dwUQxlxWRIVaYGFdTxZUQLH55mbTP6oFfD+7Oa43m06yOMhzBMZxCABfQgFtoQgsIZPAMr/DmWe/Fe/c+Zqslb17hIfyB9/kDRUySRA==</latexit><latexit sha1_base64="gTXGDKP181JDNRGnOzywx61C2Ys=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIoMuKC11WsLXQGUomzbShSWbIQyhDwa9w40IRt/6MO//GTNuFth64cDjnXnJy4owzbXz/2yutrK6tb5Q3K1vbO7t71f2Dtk6tIrRFUp6qTow15UzSlmGG006mKBYxpw/x6LrwHx6p0iyV92ac0UjggWQJI9g4KQwFNkMl8qtJ76ZXrfl1fwq0TII5qcEczV71K+ynxAoqDeFY627gZybKsTKMcDqphFbTDJMRHtCuoxILqqN8mnmCTpzSR0mq3EiDpurvixwLrccidptFRr3oFeJ/Xtea5DLKmcysoZLMHkosRyZFRQGozxQlho8dwUQxlxWRIVaYGFdTxZUQLH55mbTP6oFfD+7Oa43m06yOMhzBMZxCABfQgFtoQgsIZPAMr/DmWe/Fe/c+Zqslb17hIfyB9/kDRUySRA==</latexit>

C

T̃G
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Figure 2: Framework of the proposed geometry-aware spatio-temporal corner network for
video object detection from static cameras. It accepts multiple frames as input, and predicts
heatmaps and embeddings of the first and the last frame for detection. The geometry input
contains 2D image-plane coordinates and 2.5D pseudo depth maps, which can be directly
derived from training data. P denotes a prediction module. The symbols c�, ⌦ and � denote
convolution, element-wise multiplication and element-wise addition operation, respectively.

3 Geometry-Aware Spatio-Temporal Corner Network

Figure 2 depicts a framework overview of the proposed GAST-Net. It consists of two main
components. The first is the proposed spatio-temporal network that accepts video clips as
input, and outputs multi-heads feature representations with both appearance and motion in-
formation at different scales. The second component is a geometry-aware module that first
encodes the inferred relative depth maps (i.e. the pseudo depth maps), and further used for
selecting the features dynamically based on the geometry information. Intuitively, given the
depth for all pixels on the image plane, in order to detect objects that are close to the camera,
features from a large receptive field should be used. In our case, 2D image-plane coordinates
and the pseudo depth maps are used to represent the image and scene geometry, which can
both be derived from the training data. Eventually, the corner heatmaps and embeddings
are predicted from the fused feature representation, and bounding boxes are obtained by
grouping the corners. We introduce the details of the proposed GAST-Net in the following.

3.1 Spatio-Temporal Corner Network

Single-Frame Corner Network. In contrast to the traditional anchor-based detectors, such
as SSD [20] and Faster-RCNN [27], CornerNet [17] is an one-stage and anchor free detector
in a bottom-up fashion. The main idea is to regress heatmaps for the top-left and the bottom-
right corners of the objects and predict their embeddings. The bounding boxes that outline
the objects are later generated via grouping corners from the embeddings.

Proposed Multi-Frame Spatio-Temporal Corner Network. For efficient object detection
in videos, we extend the CornerNet architecture by exploiting the spatio-temporal informa-
tion. To capture the temporal relationship between adjacent frames, the input to our model
is video clips with multiple frames, and a 3D convolution-based backbone is used as an en-



• Scene depth estimation with structured probabilistic modeling

Overview

• A joint multi-modal and multi-task deep learning framework

• Modelling the interaction between 2D and 3D data and tasks

• Hot research & development fields along the direction

• Summary



Research Hotspots

§ Effective architecture design
and learning strategies for
deep multi-task learning

§ High-level scene modelling
via complex interaction from
2D & 3D data and tasks

§ Statistical Graph Theoretic
Framework for Deep Model
Design and Explanation

• End-to-End Deep Learning Frameworks and Systems towards Real AI

• Develop big application-level systems for realistic large-
scale visual scene understanding applications.



Dynamic Graph Network
• Statistical Graph Theory Framework Deep Model Design and Explanation

§ High efficiency graph deep learning
- Leaning dynamic graph instead of fully/partially connected static graph
- Dynamic sampling, dynamic kernels and dynamic affinities



Deep Multi-Task Learning Framework
• Effective Architecture Design and Learning Strategies for Deep Multi-Task
Learning

§ Network architecture search for shared and task-specific structure design
§ Exploration of gradient balance and clipping strategies in optimization



Deep Multi-Task Learning Framework
• Effective Architecture Design and Learning Strategies for Deep Multi-Task
Learning

§ Network architecture search for shared and task-specific structure design
§ Exploration of gradient balance and clipping strategies in optimization



End-to-end Deep Visual SLAM
§ What is SLAM?
- Compute the pose of the robot and create a map at the same time

§ Localization: estimating the robot’s localization

§ Mapping: building a map

§ SLAM: simultaneously localizing the robot and building a map



End-to-end Visual SLAM
§ End-to-end deep learning based visual slam systems
- Challenges in Key-frame detection, global pose optimization, 3D reconstruction



Summary
§ Introduced the importance and applications of visual scene understanding

§ Introduced an advanced scene depth estimation framework with structured
probabilistic modeling

§ Described a joint multi-modal deep learning pipeline for simultaneous multi-task
inference for complex scene understanding

§ End-to-end learning the interaction between 2D and 3D data and tasks
§ Hot research trends: graph models for deep learning, effective multi-task deep learning
network design, end-to-end visual SLAM system for self-driving and robotics
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Questions?


