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Sparse Correspondence

Correspondence is a Matching Problem

Dense Correspondence

The three fundamental problems of computer vision are: “Correspondence, 

correspondence, and correspondence!” --- Takeo Kanade
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Dense Correspondence Tasks

• Optical flow and stereo matching
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Correspondence is Crucial

• Optical flow: motion analysis

Depth 𝑑 = 𝑓𝐵/𝐷.

Disparity is inversely proportional to depth!

• Stereo matching: 3D understanding
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Correspondence is Everywhere

Object Tracking

3D Reconstruction

Autonomous Driving

Video Action Recognition

Image Stitching
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Correspondence Estimation is Challenging

• Occlusion

Where is the finger in the right image?
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Correspondence Estimation is Challenging

• Illumination change

The right image is darker due to underexposure.
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Correspondence Estimation is Challenging

• Motion blur and atmospheric effects

Object boundaries are blurry.
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Correspondence Estimation is Challenging

• Hard to obtain ground truth

Image SegmentationImage Classification

Dog

Cat

Optical Flow

Can you label the  

correspondence of 

each pixel between 

these two images?
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Hard to Collect Dense Correspondence Labels

We aim to design self-supervised learning methods 

to learn dense correspondence from unlabeled data.
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Self-Supervised Learning

𝑋 𝑌Model

Supervised Learning Self-Supervised Learning

Pretext task:

automatically generate

𝑋 𝑌Model

Definition: a form of unsupervised learning where the supervision 

signal is purely generated from the data itself.
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Self-Supervised Learning

• Pretext task: image inpainting, image colorization, image super-resolution, 
order prediction, video frame prediction, etc

Image Inpainting Relative Position Prediction

𝑋 𝑌
𝑋

𝑌
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3D Face Reconstruction

• 3D face reconstruction: a special case of dense correspondence

Dense correspondence between a 2D face 

image and a 3D face model

Learn 3D face reconstruction from videos 

and employ optical flow as a 2D constraint.

3D face reconstruction can be regarded as 

an application of optical flow.

3D Face Reconstruction can be regarded as an 

application of optical flow. 
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Thesis Contributions

• Optical Flow: a series of self-supervised learning methods to learn optical flow of both occluded and 
non-occluded pixels.

• Stereo Matching: explore the geometric relationship between flow and stereo.

• 3D Face Reconstruction: pose guidance network and multi-image consistency.

Self-Supervised Learning 

of Dense Correspondence
Optical Flow

3D Face Reconstruction

Stereo Matching

[ACCV’20]

[AAAI’19, CVPR’19, *TPAMI’20]

[CVPR’20]

* In Submission
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Thesis Contributions

• Optical Flow: a series of self-supervised learning methods to learn optical flow of both occluded and 
non-occluded pixels

• Stereo Matching: explore the geometric relationship between flow and stereo

• 3D face reconstruction: pose guidance network and multi-image consistency

Self-Supervised Learning 
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Optical Flow

3D Face Reconstruction

Stereo Matching

Application

Special Case

Optical flow and its applications

[ACCV’20]

[AAAI’19, CVPR’19, *TPAMI’20]

[CVPR’20]

* In Submission
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Optical Flow: Task Definition

Optical flow represented with arrow Optical flow represented with color coding

t:

Color Coding: hue denotes the direction

of the motion, and saturation denotes

the magnitude of the motion.
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Background Review
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Traditional Methods

• Variational approaches: coarse-to-fine optical flow estimation

• Feature matching: sparse to dense

• Disadvantages: slow, not work well for large motion

Input Images

Sparse Flow

Dense Flow
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Background Review
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Supervised Learning Methods

• Input two images, output a dense optical flow map with CNNs
• FlowNet [Dosovitskiy et al. CVPR 2015]

• FlowNet 2.0 [Ilg et al. CVPR 2017]

• SpyNet [Ranjan et al. CVPR 2017]

• PWC-Net [Sun et al. CVPR 2018]

FlowNet PWC-Net

Optical Flow 

Estimator

SpyNet
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Supervised Learning Methods

• Advantages: high performance, high speed

• Disadvantages: need a large amount of labeled data à difficult to obtain 
è pre-train on synthetic data è domain gap
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Background Review
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Unsupervised Learning Methods

• Advantage: infinite training data

𝑰𝒕"𝟏
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Unsupervised Learning Methods

• Problem: brightness consistency does not hold for occluded pixels

𝑰𝒕"𝟏

Warped 𝑰𝒕"𝟏→𝒕

𝑰𝒕

GT Flow

Color is different 

for occluded

regions.
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Unsupervised Learning Methods

• Advantage: infinite training data, learn flow of non-occluded pixels

• Disadvantage: lack the ability to predict flow of occluded pixels
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Motivation

Optical Flow Estimation

Traditional 
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Method

• We propose a series of self-supervised learning methods
• DDFlow [AAAI’19]

• SelFlow [CVPR’19]

• Flow2Stereo [CVPR’20]

• DistillFlow [*TPAMI’20]

• Advantages
• Make use of infinite unlabeled data

• Learn flow of both occluded and non-occluded pixels from unlabeled data

• Reduce the performance gap compared with supervised methods

• Reduce the reliance of synthetic data

* In Submission
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DDFlow: Observation

• The optical flow of non-occluded pixels can be accurately estimated.

• How do we fully utilize those reliable predictions?

• We can create artificial occlusions for self-supervision.

Non-

Occluded

Occluded
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Self-Supervised Learning Framework

• The teacher model is trained with the photometric loss 𝐿' for non-
occluded pixels.
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Self-Supervised Learning Framework

• The student model shares the same network structure with teacher
model.
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Self-Supervised Learning Framework

• The student model is trained with photometric loss 𝐿' and self-supervised
loss 𝐿( for occluded pixels using predictions from the teacher model.

𝐿! only functions 

on pixels that are 

non-occluded in 

original images but 

occluded in cropped 

patches.
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Rethink Occlusion

• Cropping strategy only works well for occlusions near image boundary.

• How to cope with occlusions elsewhere?
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SelFlow: Superpixel-based Occlusion Hallucination
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Key of Self-Supervision

• Observation: self-supervision also improves the flow learning of non-
occluded pixels

• Key: create challenging transformations and let confident predictions
supervise less confident predictions (Flow2Stereo)
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Challenging Transformations

• Three kinds of challenging transformations (DistillFlow):
• Occlusion hallucination-based transformations

• Color transformations

• Geometric transformations
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Limitations

• The performance of the teacher model determines the upper bound of 
the student model

• We propose three improvements:

• Utilize multiple frames: explore temporal consistency (SelFlow)

• Use stereo videos: explore the geometric constraints between optical flow and 
stereo disparity (Flow2Stereo)

• Model distillation: employ multiple teacher models and ensemble multiple 
predictions (DistillFlow)
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Direction 1: Multi-frame Optical Flow Estimation

• Our three-frame flow estimation network:
• Compute bidirectional flow and cost volume

• Combine reversed backward flow and backward cost volume information

• Swap initial flow and cost volume to estimate forward and backward flow
concurrently

Two-frame PWC-Net network structure at each level Three-frame network structure at each level
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Direction 2: Use Stereo Data

• We regard stereo matching as a special case of optical flow, and use one 
unified network to predict both optical flow and stereo disparity

• Geometric constrains
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Direction 3: Model Distillation
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Motivation

Optical Flow Estimation
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Motivation

Optical Flow Estimation
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Supervised Fine-tuning

• Self-supervised pre-training achieves excellent initializations for
supervised fine-tuning: remove the reliance of synthetic data

• Previous methods: pre-train on synthetic data à fine-tune with limited
labeled data

• Our method: pre-train with unlabeled data à fine-tune with limited
labeled data

A new perspective in supervised learning of optical flow
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Experiments: Datasets

• Labeled datasets

• Unlabeled datasets
• Both KITTI and Sintel contain large quantities of unlabeled raw data

Dataset Training Test Annotations

KITTI 2012 194 pairs 195 pairs sparse

KITTI 2015 200 paris 200 pairs sparse

Sintel Clean

23 videos 12 videos Dense
Sintel Final
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Experiments: Evaluation Metrics

• Optical Flow
• EPE: average endpoint error between the predicted flow and the

ground truth flow.

• Fl: percentage of erroneous pixels

• Occlusion Detection
• F-score: the harmonic average of the precision and recall



50LIU, Pengpeng Self-Supervised Learning of Dense Correspondence

Experiments: Quantitative Results

• We achieve the best unsupervised optical flow estimation performance
on all datasets
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Experiments: Quantitative Results

• Our unsupervised results even outperform several famous fully-
supervised methods
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Experiments: Quantitative Results

• With more challenging transformations, DistillFlow achieves great
performance improvement over SelFlow
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Experiments: Quantitative Results

• In Flow2Stereo, we directly apply our optical flow model to estimate
stereo disparity, it achieves state-of-the-art unsupervised stereo matching
performance



54LIU, Pengpeng Self-Supervised Learning of Dense Correspondence

Experiments: Quantitative Results

• We achieve the state-of-the-art occlusion estimation results on Sintel and
KITTI datasets
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Experiments: Quantitative Results

• Our fine-tuned models achieve state-of-the-art results without using any
external labeled data
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Experiments: Quantitative Results 

• Our fine-tuned SelFlow model ranks first on Sintel dataset from
November 2018 to November 2019
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Experiments: Quantitative Results 

• Our fine-tuned DistillFlow model achieves Fl-all = 5.94%, rank 1st among all 
monocular methods on KITTI 2015 benchmark
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Experiments: Ablation Study

• Self-supervision greatly improves the optical flow estimation performance,
especially for occluded pixels: more than 50% on KITTI

• Self-supervision is agnostic to network structures
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Experiments: Qualitative Results 

• Sample unsupervised results on KITTI and Sintel dataset. From top to
bottom, samples are from KITTI 2015 and Sintel Final
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Experiments: Effect of Self-Supervision

Reference Image

Flow Estimation

without Self-supervision

Flow Estimation

with Self-supervision
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Experiments: Effect of Self-Supervision

Reference Image

Flow Estimation
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Experiments: Effect of Self-Supervision

Reference Image

Flow Estimation

without Self-supervision

Flow Estimation

with Self-supervision
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Comparison with State-of-the-art

Reference Image

Flow Estimation

using PWC-Net

Flow Estimation

using Our Fine-

tuned Model
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Generalization on Real-World Videos

Reference 

Image

Flow from Our 

Unsupervised 

Model

Flow from Our

Fine-tuned

Model
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Summary

• Propose a series of self-supervised learning methods to effectively learn 
optical flow from unlabeled data, which improve performance >30% than 
previous methods on average

• Self-supervised learning enables us to utilize more data, and our models 
have strong generalization capability

• Self-supervised training provides excellent initializations for supervised
fine-tuning, which removes the need of synthetic data. This is a new
perceptive in supervised flow learning
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Thesis Contributions

• Optical Flow: a series of self-supervised learning methods to learn optical flow of both occluded and 
non-occluded pixels

• Stereo Matching: explore the geometric relationship between flow and stereo

• 3D face reconstruction: pose guidance network and multi-image consistency

Self-Supervised Learning 

of Dense Correspondence
Optical Flow

3D Face Reconstruction

Stereo Matching

Application

Special Case

[ACCV’20]

[AAAI’19, CVPR’19, *TPAMI’20]

[CVPR’20]

* In Submission
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Motivation 1

• When predicting pose, identity and expression parameters
simultaneously, regressing pose dominates the optimizing procedure,
making it hard to obtain accurate 3D face parameters

ØFirstly, we train a neural network to

simultaneously regress the identity,
expression and pose parameters
(Baseline)

ØThen, we independently replace the

predicted identity, expression, and
pose parameters with their
corresponding ground truth

parameters, their errors change to
With GT Identity, Expression, Pose
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Motivation 1

• When predicting pose, identity and expression parameters
simultaneously, regressing pose dominates the optimizing procedure,
making it hard to obtain accurate 3D face parameters

ØWith GT Pose reduces the error much
more than other two à Regressing pose
parameters dominates the optimizing

procedure

ØPose Guidance Network (Ours)
effectively reduces the error compared to
directly regressing the pose parameters

and provides informative priors for
reconstruct the 3D face
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Motivation 2

• 3D face reconstruction from a single 2D image is an ill-posed problem due
to depth ambiguity, we propose to learn face reconstruction from
multiple frames of the same person

• A novel self-supervised learning scheme built on a visible texture
swapping module is introduced:
• Carefully handle the occlusion and illumination change across frames

• Self-consistency losses:

• Photometric space (employ census transform)

• Optical flow space

• Semantic space



70LIU, Pengpeng Self-Supervised Learning of Dense Correspondence

Method

• Step 1: Train shared encoder and pose guidance network, which are fixed 
during the following steps

Shared 

Encoder

Images from 

labeled datasets

Images from 

in-the-wild datasets

Pose

Guidance

Network

3D landmark loss

2D landmark loss

We can leverage unlimited in-the-wild images
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Method

• Step 2: Pre-train using one image with 3D landmark loss 𝐿) and
regularization loss 𝐿*

Pose

Guidance

Network

Shared 

Encoder

Transformation

Matrix

Identity

Regression
Network

Expression

Regression

Network

2D/3D Landmark

Loss

Ll
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Method

• Step 3: Train using multiple images with full losses
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Consistency Losses

Lf
<latexit sha1_base64="pWKeQv5Y+J5v1mpMWADVPHnzEU8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYvWbK3d+zOCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIoVB1/12CmvrG5tbxe3Szu7e/kH58Khl4lQz3mSxjHUnoIZLoXgTBUreSTSnUSB5OxjfzOrtJ66NiNUjThLuR3SoRCgYRWs93PXDfrniVt25yCp4OVQgV6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrkVFI278bL7qlJxZZ0DCWNunkMzd3xMZjYyZRIHtjCiOzHJtZv5X66YYXvmZUEmKXLHFR2EqCcZkdjcZCM0ZyokFyrSwuxI2opoytOmUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmSOfFeXc+Fq0FJ585hj9yPn8AGP6NqQ==</latexit><latexit sha1_base64="pWKeQv5Y+J5v1mpMWADVPHnzEU8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYvWbK3d+zOCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIoVB1/12CmvrG5tbxe3Szu7e/kH58Khl4lQz3mSxjHUnoIZLoXgTBUreSTSnUSB5OxjfzOrtJ66NiNUjThLuR3SoRCgYRWs93PXDfrniVt25yCp4OVQgV6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrkVFI278bL7qlJxZZ0DCWNunkMzd3xMZjYyZRIHtjCiOzHJtZv5X66YYXvmZUEmKXLHFR2EqCcZkdjcZCM0ZyokFyrSwuxI2opoytOmUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmSOfFeXc+Fq0FJ585hj9yPn8AGP6NqQ==</latexit><latexit sha1_base64="pWKeQv5Y+J5v1mpMWADVPHnzEU8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYvWbK3d+zOCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIoVB1/12CmvrG5tbxe3Szu7e/kH58Khl4lQz3mSxjHUnoIZLoXgTBUreSTSnUSB5OxjfzOrtJ66NiNUjThLuR3SoRCgYRWs93PXDfrniVt25yCp4OVQgV6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrkVFI278bL7qlJxZZ0DCWNunkMzd3xMZjYyZRIHtjCiOzHJtZv5X66YYXvmZUEmKXLHFR2EqCcZkdjcZCM0ZyokFyrSwuxI2opoytOmUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmSOfFeXc+Fq0FJ585hj9yPn8AGP6NqQ==</latexit><latexit sha1_base64="pWKeQv5Y+J5v1mpMWADVPHnzEU8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYvWbK3d+zOCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIoVB1/12CmvrG5tbxe3Szu7e/kH58Khl4lQz3mSxjHUnoIZLoXgTBUreSTSnUSB5OxjfzOrtJ66NiNUjThLuR3SoRCgYRWs93PXDfrniVt25yCp4OVQgV6Nf/uoNYpZGXCGT1Jiu5yboZ1SjYJJPS73U8ISyMR3yrkVFI278bL7qlJxZZ0DCWNunkMzd3xMZjYyZRIHtjCiOzHJtZv5X66YYXvmZUEmKXLHFR2EqCcZkdjcZCM0ZyokFyrSwuxI2opoytOmUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmSOfFeXc+Fq0FJ585hj9yPn8AGP6NqQ==</latexit>

Lp
<latexit sha1_base64="HtoawYgx3ZvGMN+HcRIEFA/xVR8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu37SL1fcqjsXWQUvhwrkavTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWpQ0Qu1n81Wn5Mw6AxLGyj5pyNz9PZHRSOtJFNjOiJqRXq7NzP9q3dSEV37GZZIalGzxUZgKYmIyu5sMuEJmxMQCZYrbXQkbUUWZsemUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmCOfFeXc+Fq0FJ585hj9yPn8AKCaNsw==</latexit><latexit sha1_base64="HtoawYgx3ZvGMN+HcRIEFA/xVR8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu37SL1fcqjsXWQUvhwrkavTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWpQ0Qu1n81Wn5Mw6AxLGyj5pyNz9PZHRSOtJFNjOiJqRXq7NzP9q3dSEV37GZZIalGzxUZgKYmIyu5sMuEJmxMQCZYrbXQkbUUWZsemUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmCOfFeXc+Fq0FJ585hj9yPn8AKCaNsw==</latexit><latexit sha1_base64="HtoawYgx3ZvGMN+HcRIEFA/xVR8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu37SL1fcqjsXWQUvhwrkavTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWpQ0Qu1n81Wn5Mw6AxLGyj5pyNz9PZHRSOtJFNjOiJqRXq7NzP9q3dSEV37GZZIalGzxUZgKYmIyu5sMuEJmxMQCZYrbXQkbUUWZsemUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmCOfFeXc+Fq0FJ585hj9yPn8AKCaNsw==</latexit><latexit sha1_base64="HtoawYgx3ZvGMN+HcRIEFA/xVR8=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu37SL1fcqjsXWQUvhwrkavTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWpQ0Qu1n81Wn5Mw6AxLGyj5pyNz9PZHRSOtJFNjOiJqRXq7NzP9q3dSEV37GZZIalGzxUZgKYmIyu5sMuEJmxMQCZYrbXQkbUUWZsemUbAje8smr0LqoepbvLyv16zyOIpzAKZyDBzWowy00oAkMhvAMr/DmCOfFeXc+Fq0FJ585hj9yPn8AKCaNsw==</latexit>

Ls
<latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="ck8pdC+ekZH4nUmSP+ZG7r8lEyk=">AAAB2XicbZDNSgMxFIXv1L86Vq1rN8EiuCozbnQpuHFZwbZCO5RM5k4bmskMyR2hDH0BF25EfC93vo3pz0JbDwQ+zknIvSculLQUBN9ebWd3b/+gfugfNfzjk9Nmo2fz0gjsilzl5jnmFpXU2CVJCp8LgzyLFfbj6f0i77+gsTLXTzQrMMr4WMtUCk7O6oyaraAdLMW2IVxDC9YaNb+GSS7KDDUJxa0dhEFBUcUNSaFw7g9LiwUXUz7GgUPNM7RRtRxzzi6dk7A0N+5oYkv394uKZ9bOstjdzDhN7Ga2MP/LBiWlt1EldVESarH6KC0Vo5wtdmaJNChIzRxwYaSblYkJN1yQa8Z3HYSbG29D77odOn4MoA7ncAFXEMIN3MEDdKALAhJ4hXdv4r15H6uuat66tDP4I+/zBzjGijg=</latexit><latexit sha1_base64="uIiK6hKPmhNKclsAOZY727bUQWg=">AAAB33icbZDNSgMxFIXv1L9aq1a3boJFcFVm3OhScOPCRUVbC+1QMumdNjSTGZI7Qhn6CG5cKOJbufNtTH8W2nog8HFOQu49UaakJd//9kobm1vbO+Xdyl51/+CwdlRt2zQ3AlsiVanpRNyikhpbJElhJzPIk0jhUzS+meVPz2isTPUjTTIMEz7UMpaCk7Me7vq2X6v7DX8utg7BEuqwVLNf++oNUpEnqEkobm038DMKC25ICoXTSi+3mHEx5kPsOtQ8QRsW81Gn7Mw5Axanxh1NbO7+flHwxNpJErmbCaeRXc1m5n9ZN6f4KiykznJCLRYfxblilLLZ3mwgDQpSEwdcGOlmZWLEDRfk2qm4EoLVldehfdEIHN/7UIYTOIVzCOASruEWmtACAUN4gTd495T36n0s6ip5y96O4Y+8zx8Qaoxh</latexit><latexit sha1_base64="uIiK6hKPmhNKclsAOZY727bUQWg=">AAAB33icbZDNSgMxFIXv1L9aq1a3boJFcFVm3OhScOPCRUVbC+1QMumdNjSTGZI7Qhn6CG5cKOJbufNtTH8W2nog8HFOQu49UaakJd//9kobm1vbO+Xdyl51/+CwdlRt2zQ3AlsiVanpRNyikhpbJElhJzPIk0jhUzS+meVPz2isTPUjTTIMEz7UMpaCk7Me7vq2X6v7DX8utg7BEuqwVLNf++oNUpEnqEkobm038DMKC25ICoXTSi+3mHEx5kPsOtQ8QRsW81Gn7Mw5Axanxh1NbO7+flHwxNpJErmbCaeRXc1m5n9ZN6f4KiykznJCLRYfxblilLLZ3mwgDQpSEwdcGOlmZWLEDRfk2qm4EoLVldehfdEIHN/7UIYTOIVzCOASruEWmtACAUN4gTd495T36n0s6ip5y96O4Y+8zx8Qaoxh</latexit><latexit sha1_base64="q8mViD3qsQs8O4vhHjSIGEHTvA0=">AAAB6nicbZA9T8MwEIYv5auUrwAji0WFxFQlLDBWsDAwFEE/pDaqHNdprTpOZF+Qqqg/gYUBhFj5RWz8G9w2A7S8kqVH793Jd2+YSmHQ876d0tr6xuZWebuys7u3f+AeHrVMkmnGmyyRie6E1HApFG+iQMk7qeY0DiVvh+ObWb39xLURiXrEScqDmA6ViASjaK2Hu77pu1Wv5s1FVsEvoAqFGn33qzdIWBZzhUxSY7q+l2KQU42CST6t9DLDU8rGdMi7FhWNuQny+apTcmadAYkSbZ9CMnd/T+Q0NmYSh7Yzpjgyy7WZ+V+tm2F0FeRCpRlyxRYfRZkkmJDZ3WQgNGcoJxYo08LuStiIasrQplOxIfjLJ69C66LmW773qvXrIo4ynMApnIMPl1CHW2hAExgM4Rle4c2Rzovz7nwsWktOMXMMf+R8/gArco2y</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit><latexit sha1_base64="kN1zcP5ZDdIC9j3fPjozfhN+K/o=">AAAB6nicbZA9SwNBEIbn4leMX1FLm8UgWIU7EWIZtLGwiGg+IDnC3mYuWbK3d+zuCeHIT7CxUMTWX2Tnv3GTXKGJLyw8vDPDzrxBIrg2rvvtFNbWNza3itulnd29/YPy4VFLx6li2GSxiFUnoBoFl9g03AjsJAppFAhsB+ObWb39hErzWD6aSYJ+RIeSh5xRY62Hu77ulytu1Z2LrIKXQwVyNfrlr94gZmmE0jBBte56bmL8jCrDmcBpqZdqTCgb0yF2LUoaofaz+apTcmadAQljZZ80ZO7+nshopPUkCmxnRM1IL9dm5n+1bmrCKz/jMkkNSrb4KEwFMTGZ3U0GXCEzYmKBMsXtroSNqKLM2HRKNgRv+eRVaF1UPcv3l5X6dR5HEU7gFM7BgxrU4RYa0AQGQ3iGV3hzhPPivDsfi9aCk88cwx85nz8sso22</latexit>
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3D landmark loss
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Experiments: Quantitative Results

• We achieve state-of-the-art 2D landmark estimation performance on
ALFW2000-3D dataset
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Experiments: Quantitative Results

• We achieve state-of-the-art 3D face reconstruction performance on
ALFW2000-3D dataset
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Experiments: Quantitative Results

• We achieve state-of-the-art 3D shape estimation performance on
Florence dataset
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Experiments: Quantitative Results

• On FaceWarehouse dataset:
• Single-frame: similar performance with MoFA, Inversefacenet and Tewari et al. [34]

• Multi-frame: outperform FML by 7.5%

• Pose guidance network and multi-frame self-supervised learning scheme improve
the performance



77LIU, Pengpeng Self-Supervised Learning of Dense Correspondence

Experiments: Quantitative Results

• Ablation study on Florence dataset demonstrates the effectiveness of
photometric consistency loss, census transform, flow consistency loss
and semantic consistency loss
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Experiments: Qualitative Results

Input Image

3D Face 

Geometry

3D Face Texture
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Our model estimates accurate 3D

face shape, which fits well with

texture.



For profile faces, we can also

obtain accurate 3D face

reconstruction.



Our model still works well for

complicated expressions.
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Experiments: Qualitative Results

• Comparison with other methods on ALFW2000-3D dataset
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Experiments: Qualitative Results

Our multi-image face reconstruction method is based 

on texture sampling, therefore texture quality shall 

have a big impact. To verify this, we fine-tune our 

model on a high-quality video from Youtube.



Our model can generate very accurate shape

and expression, such as the challenging

expression of complete eye-closing.
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Summary

• Propose a pose guidance network to predict the 3D landmarks for
estimating the pose parameters

• Utilize both annotated images with 3D landmarks and unlabeled images
with pseudo 2D landmarks

• Explore multi-frame consistency based on a visible texture swapping
module
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Future Work

• More accurate optical flow estimation

• Occlusion detection: soft mask vs. hard mask

• Robust transform: learned transforms vs. hand-crafted transforms

• Network architecture: quarter resolution vs. full resolution

• Multi-task learning: joint learn optical flow and depth

• External guidance: utilize dense annotations in synthetic data
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Future Work

• Optical flow-based applications
• Optical flow as fixed features: straightforward

• Optical flow with task-specific patterns
• TV-Net [Fan L .et CVPR 2018 ] for video action recognition.

TV-Net with training is 

the learned flow-like 

features.

TV-L1 is extracted 

optical flow features

With training, TVNet generates more abstractive motion features than TV-L1.
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Thanks!
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Back up slides
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Correspondence is Crucial

• Stereo matching for rectified image pairs

epipolar line

𝑂! 𝑂"

𝑝!(𝑡) 𝑝"(𝑡)

𝑃(𝑡)

disparity D

𝑝"
# (𝑡)

Disparity is inversely proportional to depth!

Baseline 𝐵

𝑓

𝑑

• Epipolar line is horizontal.

• 𝐷 = 𝑝! 𝑡 − 𝑝"
#(𝑡)

• Suppose 𝑓 is focal length, 𝑑 is 

depth, 𝐵 is the distance between 

two cameras, then 𝑑 = 𝑓𝐵/𝐷.
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Motivation

• Unsupervised Learning Methods
• How to effectively learn optical flow of occluded pixels?

• How to reduce the performance gap compared with supervised learning methods?

• Supervised Learning Methods
• Can we remove the reliance of synthetic data?

• Can we simplify the training procedure?
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Loss Functions

• Occlusion	estimation:	based	on	the	forward-backward	consistency	prior

• Photometric	loss

• Loss	for	occluded	pixels

• 𝜓(𝑥) is	a	robust	loss	function.
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Optical Flow  ≠  Motion Field

Motion field exists but no optical flow No motion field but shading changes
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Background

• 3DMM: represents 3D faces with linear combination of PCA vectors.

• 3 types of parameters: identity, expression and pose parameters.

• Face geometry:

• Projection:
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Self-Supervised Learning

• Definition: a form of unsupervised learning where the supervision signal is
purely generated from the data itself (no manual labeling)

• In computer vision, it usually contains two stages:
• Design a pre-text task to learn representative features or generate pseudo labels

• Employ the learned features or labels to train deep learning models in a
supervised manner

𝑋 𝑌Model

Supervised Learning

𝑋 𝑌Model

Self-Supervised Learning

Automatically generated
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Transformation Matrix


