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• Optical Flow:  

✓ Dense & Short-term motion displacements between the specific frame pairs. 

• Point Tracker (Tracking-Any-Point):

✓ Sparse & Long-term motion trajectories during the whole frame sequences.

** Above description is for one-step inference result with practicle resource
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Introduction

Representation of Fine-grained Motion 
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Dense & Short-term Optical Flow [1] Sparse & Long-term point tracker [2]



• Description: discrete point correspondence.

• Concept Limitation: frame-to-frame mapping.

• Implement Limitation: implicit prediction.

Motivation

Temporal Continuity of Real Motion 
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✓ Description: continuous point trajectories.

✓ Concept Expansion: time-to-time mapping.

✓ Implement Optimization: parametric constraints

with implicit regression.

Discrete Flow Continuous Parametric Flow
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Motivation

Efficiency of Spatial-Temporal Aggegation
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⚫ Optical Flow:  step-to-step chain needs additional inference time.

⚫ Point Tracker: single-point centric model needs large memory for image-scale inference. 

✓ CPFlow:  spatially dense & temporally continuous motion prediction for one-step inference. 

 Expectation:  dense & long-term motion estimation for a video.

Dense? Long-term?

Optical Flow

Point Tracker

CPFlow



Method

Overall Architechture
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 Continuous Feature Generation: implicitly construct spatio-temporal representation

binded with candidate moment by Neural ODE with ConvGRU.

 Continuous Parametric Representation: explicitly describe continuous flow trajectory by

cubic B-splines with flexible control points regressed by our model.

 Multi-time Correlation & Iterative Update : effectively connect implicit features with

explicit parameter regression.



Method

Parametric Model
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 Goal: select a powerful & flexible curve to describe continuous flow.

 Comparision:

a. Polynomial Curve: fitting limitation, inflexible, hard to pass through occlusion

b. Bezier Curve: flexible control point, global optimization

c. B-splines Curve: flexible control points, local optimization

 Solution: Clamp Cubic B-spline

Open Clamp Close

Knots List: Repeated Knots adjust the shape of curve 



Method

Optimization Framework
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 Goal: construct a valid end-to-end model to regress the control points for every pixel

 key: insert spatial-temporal feature representation for specific moment

 Solution: Neural ODE & ConvGRU Supervision

a. Neural ODE: temporal continuity in feature space

b. ConvGRU: aggregation for spatial-temporal information

Step 1: Initial State Update  

Step 2: Information Aggregation

Step 3: Final State Output

ODE Solver

ODE Unit

Neural ODE



Experiments

Dataset & Evaluation
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 Synthetic Dataset

✓ A large-scale synthetic dataset based on Kubric.

✓ Long-term & Dense (>80%) GT Annotations 

✓ Diverse Temporal Scales.

 Evaluation Perspective

Non-sampling prediction with a fixed timescale

Stage 1

Generalization test for multiple timescales in 

different dataset

Stage 2



Experiments

Metric & Baseline
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 Metrics

 Baselines

• RAFT : optical flow estimator with sub-pixel performance.

• PIPs : recent point-centric tracker with powerful generalization.

◼ Process: Discrete Mapping + Link

◼ RAFT : chain adjacent flow with bililnear interpolation & explicit motion assumption.

◼ PIPs : generate all mapping at sampling moments for batch of pixels & explicit motion assumption.
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Experiments

Comparision Results on Synthetic Dataset
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 Kubric Synthetic Dataset

➢ Dense Prediction: improve the accuracy &

smoothness for large-scale parallel inference.
➢ Favourable Performance: outperform baselines

thoroughly including moments/visibility/timescales.

 Query-Sride:  sample from spatial-temporal space

 Query-First: sample from the first frame



Experiments

Comparision Results on Synthetic Dataset
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 Real-World Dataset

➢ Long-term Tracking: keep the motion trend

to suppress drift for long-term tracking.

➢ Generalization Beyond Training Range:

stable tracking with 10% improvement than

baselines for ultra-distance(250f) scene.



• A novel motion representation based on continuous parametric optical flow fusing with implicit feature 

optimization and explicit parametric modelling.

• 1) propose continuous parametric optical flow to provide spatially dense & temporally 

continuous pixel displacements simultaneously.

• 2) implicitly and explicitly fusion of continuous information by ODE-ConvGRU & parametric curves

• 3) a new simulated dataset & evaluation framework

• Our work shows that CPFlow is suitable to achieve long-term & continuous tracking for large –

scale pixels built with flexible parametric modelling & implicit  feature aggregation.   

• Limitation

• 1) parametric model is easy to fail in complex motion scenes 

• 2) feature aggregation only rely on part of moments.
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Conclusion

An Exploration of Continuous Pixel Motion Estimation 
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