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Abstract

This work presents DCFlow, a novel self-supervised cross-modal flow estimation framework that integrates a decoupled optimization
strategy and a cross-modal consistency constraint. Unlike previous unsupervised approaches that implicitly learn flow estimation solely
from appearance similarity, we introduce a decoupled optimization strategy with task-specific supervision to address modality
discrepancy and geometric misalignment distinctly. This is achieved by collaboratively training a modality transfer network and a flow
estimation network. To enable reliable motion supervision without ground-truth flow, we propose a geometry-aware data synthesis
pipeline combined with an outlier-robust loss. Additionally, we introduce a cross-modal consistency constraint to jointly optimize both
networks, significantly improving flow prediction accuracy. For evaluation, we construct a comprehensive cross-modal flow benchmark by
repurposing public datasets. Experimental results demonstrate that DCFlow can be integrated with various flow estimation networks and
achieves state-of-the-art performance among unsupervised approaches.

Disclaimer

This report is AI-GENERATED using Large Language Models and WisPaper (a scholar search engine). It analyzes academic papers' tasks and contributions against
retrieved prior work. While this system identifies POTENTIAL overlaps and novel directions, ITS COVERAGE IS NOT EXHAUSTIVE AND JUDGMENTS ARE
APPROXIMATE. These results are intended to assist human reviewers and SHOULD NOT be relied upon as a definitive verdict on novelty.

Note that some papers exist in multiple, slightly different versions (e.g., with different titles or URLs). The system may retrieve several versions of the same
underlying work. The current automated pipeline does not reliably align or distinguish these cases, so human reviewers will need to disambiguate them manually.

If you have any questions, please contact: mingzhang23@m.fudan.edu.cn

Core Task Landscape

This paper addresses: Unsupervised Cross-Modal Optical Flow Estimation
A total of 14 papers were analyzed and organized into a taxonomy with 11 categories.

Taxonomy Overview
The research landscape has been organized into the following main categories:
¢ Cross-Modal Flow and Motion Estimation
* Cross-Modal Image Registration
* Unsupervised Motion Segmentation and Discovery
* Domain-Specific Multi-Modal Applications

Complete Taxonomy Tree
* Unsupervised Cross-Modal Optical Flow Estimation Survey Taxonomy
¢ Cross-Modal Flow and Motion Estimation
o Decoupled Cross-Modal Flow Learning * (1 papers)
o [0] Rethinking Unsupervised Cross-modal Flow Estimation: Learning from Decoupled Optimization and Consistency Constraint
(Anon et al., 2026) View paper
o Joint Multi-Task Flow and Scene Reconstruction (2 papers)
o [1] Joint self-supervised depth and optical flow estimation towards dynamic objects (Lu, 2023) View paper
o [3] Self-Supervised Joint Dynamic Scene Reconstruction and Optical Flow Estimation for Spiking Camera (Chen Shi-yan, 2023) View
paper
o Multimodal Representation Learning for Motion (2 papers)
o [11] Multimodal contrastive learning for unsupervised video representation learning (Anup Hiremath, 2023) View paper
o [14] An Embodied Multi-Sensor Fusion Approach to Visual Motion Estimation Using Unsupervised Deep Networks. (E. J. Shamwell,
2018) View paper
* Cross-Modal Image Registration
o Disentanglement-Based Multi-Modal Registration (2 papers)
o [2] Unsupervised deformable registration for multi-modal images via disentangled representations (Qin Chen, 2019) View paper
o [5] Unsupervised exemplar-based image-to-image translation and cascaded vision transformers for tagged and untagged cardiac
cine mri registration (Meng Ye, 2024) View paper
o Optical Flow-Based Cross-Modal Registration (1 papers)
o [6] Oif-net: An optical flow registration-based pet/mr cross-modal interactive fusion network for low-count brain pet image
denoising (Minghan Fu, 2023) View paper
* Unsupervised Motion Segmentation and Discovery
o Multi-Object Motion Discovery (1 papers)
o [4] Divided attention: Unsupervised multi-object discovery with contextually separated slots (Lao, 2023) View paper
o Surgical Trajectory Segmentation (1 papers)
o [7] Unsupervised trajectory segmentation and promoting of multi-modal surgical demonstrations (Zhenzhou Shao, 2018) View
paper
o Video Anomaly Detection with Motion Reconstruction (1 papers)
o [8] EM-OFRP: enhanced memory-based optical flow reconstruction and variational prediction for video anomaly detection (Hong
Xia, 2025) View paper
* Domain-Specific Multi-Modal Applications
o Medical Multi-Modal Analysis (1 papers)
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o [10] Automatic analysis of cardiac function with artificial intelligence: multimodal approach for portable echocardiographic devices
(Yang, 2023) View paper

o Neuroscience Multi-Sensory Recalibration (2 papers)

o [12] Author response: Contrary neuronal recalibration in different multisensory cortical areas (Fu Zeng, 2023) View paper

o [13] Decision letter: Contrary neuronal recalibration in different multisensory cortical areas (Umberto Olcese, 2022) View paper

o General Multi-Modal Representation Learning (1 papers)

o [9] Learning reliable and scalable representations using multimodal multitask deep learning (A Valada, 2018) View paper

Narrative

Core task: unsupervised cross-modal optical flow estimation. The field addresses the challenge of estimating motion or correspondence
across heterogeneous sensor modalities without ground-truth supervision. The taxonomy reveals four main branches. Cross-Modal Flow
and Motion Estimation focuses on learning flow representations directly from paired or unpaired multi-modal sequences, often leveraging
self-supervised objectives or cycle-consistency constraints. Cross-Modal Image Registration tackles spatial alignment between modalities
such as medical imaging pairs, employing techniques like deformable registration and disentangled feature learning (e.g., Disentangled
Multimodal Registration[2]). Unsupervised Motion Segmentation and Discovery explores discovering motion patterns and object
boundaries from video without labels, sometimes integrating slot-attention mechanisms (e.g., Divided Attention Slots[4]). Domain-
Specific Multi-Modal Applications apply these principles to specialized contexts including medical imaging (Cardiac MRI Registration[5],
PET MR Fusion[6]), surgical video analysis (Surgical Trajectory Segmentation[7]), and echocardiography (Portable Echocardiography
AI[10]), demonstrating the breadth of practical deployment.

Within Cross-Modal Flow and Motion Estimation, a particularly active line of work investigates how to decouple modality-specific
appearance from shared motion structure, enabling robust flow prediction even when visual statistics differ drastically. Decoupled
Crossmodal Flow[0] exemplifies this direction by explicitly separating cross-modal feature extraction from flow estimation, contrasting
with approaches that fuse modalities early or rely on depth-augmented representations like Dynamic Depth Optical Flow[1]. Meanwhile,
works such as Spiking Camera Reconstruction[3] and Enhanced Optical Flow[8] explore alternative sensor paradigms and refinement
strategies, highlighting trade-offs between computational efficiency and reconstruction fidelity. The original paper sits squarely in the
decoupled learning cluster, emphasizing modular architectures that isolate appearance transformations from geometric correspondence,
a design choice that distinguishes it from end-to-end fusion methods and positions it alongside recent efforts to generalize optical flow
across diverse imaging conditions.

Related Works in Same Category

No sibling papers were found in the same taxonomy leaf. A taxonomy-subtopic-level comparison will be produced instead.

Sibling Subtopics

¢ Joint Multi-Task Flow and Scene Reconstruction (leaves: 1, papers: 2)

¢ Scope: Methods jointly learning optical flow with depth estimation or dynamic scene reconstruction in self-supervised frameworks.

¢ Exclude: Excludes decoupled optimization strategies and single-task flow estimation; see Decoupled Cross-Modal Flow Learning and
Multimodal Representation Learning.

* Multimodal Representation Learning for Motion (leaves: 1, papers: 2)

* Scope: Unsupervised learning of motion representations from multiple modalities through contrastive learning or multi-sensor fusion.

¢ Exclude: Excludes explicit flow estimation networks and task-specific motion field prediction; see other Cross-Modal Flow
subcategories.

Contributions Analysis

Overall novelty summary. DCFlow contributes a self-supervised framework that decouples modality transfer from flow estimation
through collaborative training of two networks, combined with a cross-modal consistency constraint. The taxonomy places this work in
the 'Decoupled Cross-Modal Flow Learning' leaf, which currently contains only this paper as its sole member. This positioning indicates a
relatively sparse research direction within the broader cross-modal flow estimation landscape, suggesting the decoupled optimization
strategy represents a distinct methodological approach compared to the joint multi-task learning and multimodal representation learning
branches that populate neighboring taxonomy leaves.

The taxonomy tree reveals that DCFlow's nearest neighbors include 'Joint Multi-Task Flow and Scene Reconstruction' (containing two
papers on depth-augmented flow learning) and 'Multimodal Representation Learning for Motion' (two papers on contrastive learning and
sensor fusion). The scope notes clarify that DCFlow's explicit separation of modality transfer from flow estimation distinguishes it from
end-to-end joint learning approaches. The broader 'Cross-Modal Flow and Motion Estimation' branch contains only three leaves with five
total papers, indicating this is an emerging rather than saturated research area, particularly for methods that explicitly decouple
appearance and geometry.

Among the three identified contributions, the literature search examined ten candidate papers total, finding zero clear refutations across
all contributions. The core DCFlow framework examined two candidates with no overlapping prior work. The decoupled optimization
strategy with geometry-aware synthesis examined one candidate without refutation. The cross-modal consistency constraint examined
seven candidates, again with no clear prior overlap. This analysis is based on a limited top-K semantic search scope of ten papers, not an
exhaustive literature review, so the absence of refutations reflects the examined sample rather than definitive novelty claims.

Given the limited search scope and sparse taxonomy positioning, DCFlow appears to occupy a relatively unexplored methodological niche
within cross-modal flow estimation. The explicit decoupling strategy and consistency constraint show no clear overlap among the ten
candidates examined, though the small sample size and emerging nature of this research direction mean substantial related work may
exist beyond the top-K semantic matches analyzed here.

This paper presents 3 main contributions, each analyzed against relevant prior work:

Contribution 1: DCFlow: Self-supervised cross-modal flow estimation framework with decoupled
optimization and consistency constraint

Description: The authors introduce DCFlow, a novel training framework that combines a decoupled optimization strategy to separately
address modality discrepancy and geometric misalignment, along with a cross-modal consistency constraint to jointly optimize both
networks. This framework enables effective self-supervised learning for cross-modal flow estimation without ground-truth labels.

This contribution was assessed against 2 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Decoupled Spatio-Temporal Consistency Learning for Self-Supervised Tracking
URL: View paper
Brief Assessment
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Decoupled Tracking[15] addresses visual object tracking with decoupled spatio-temporal learning, not cross-modal flow estimation. The
domains and technical objectives are fundamentally different.

2. Self-Supervised Category-Level 6D Object Pose Estimation With Optical Flow Consistency
URL: View paper
Brief Assessment

Category Pose Optical Flow[16] focuses on category-level 6D object pose estimation using optical flow as supervision, not cross-modal
flow estimation between different imaging modalities (RGB, thermal, NIR).

Contribution 2: Decoupled optimization strategy with geometry-aware data synthesis and outlier-
robust loss

Description: The authors propose a decoupled training approach that separates modality transfer from flow estimation, enabling the use
of mono-modal synthetic flow supervision. This is supported by a geometry-aware synthesis pipeline that generates dense flow labels
from single images and an outlier-robust loss that filters unreliable supervision.

This contribution was assessed against 1 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Spatial-frequency attention-based optical and scene flow with cross-modal knowledge distillation
URL: View paper
Brief Assessment

Spatial Frequency Flow[17] focuses on multimodal fusion for optical/scene flow using spatial-frequency attention mechanisms and
knowledge distillation between RGB and depth modalities. It does not address decoupled optimization for cross-modal flow with
geometry-aware synthesis or outlier-robust loss as proposed in the original paper.

Contribution 3: Cross-modal consistency constraint for joint network optimization

Description: The authors introduce a consistency constraint that enforces flow predictions to remain geometrically consistent under
known spatial transformations applied to cross-modal image pairs. This constraint enables direct learning of cross-modal flow and
strengthens the collaboration between the two networks.

This contribution was assessed against 7 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Semantic-Injected Bidirectional Multiscale Flow Estimation Network for Infrared and Visible Image
Registration

URL: View paper
Brief Assessment

Semantic Infrared Registration[19] focuses on semantic-guided multiscale flow estimation for infrared-visible registration using
pretrained segmentation networks, not on consistency constraints under spatial transformations for joint optimization.

2. Environment-Aware Channel Inference via Cross-Modal Flow: From Multimodal Sensing to Wireless Channels
URL: View paper
Brief Assessment

Channel Inference Flow[22] addresses wireless channel inference from multimodal sensing data using flow matching, not optical flow
estimation between image pairs. The consistency constraints serve fundamentally different purposes in distinct application domains.

3. 2D-3D Pose Tracking with Multi-View Constraints
URL: View paper
Brief Assessment

Multiview Pose Tracking[24] focuses on 2D-3D pose tracking between camera images and lidar maps, using consistency constraints for
geometric alignment across camera frames. The original paper addresses cross-modal flow estimation between different image modalities
(RGB, thermal, NIR) with a different technical approach and application domain.

4. Rpeflow: Multimodal fusion of rgh-pointcloud-event for joint optical flow and scene flow estimation
URL: View paper
Brief Assessment

RGB Pointcloud Event Flow[20] focuses on multimodal fusion for optical flow and scene flow estimation using attention mechanisms and
mutual information regularization, not on cross-modal consistency constraints under spatial transformations for joint optimization.

5. VAFlow: Video-to-Audio Generation with Cross-Modality Flow Matching
URL: View paper
Brief Assessment

Video Audio Flow[18] addresses video-to-audio generation using flow matching between video and audio distributions, not cross-modal
flow estimation between image pairs. The consistency constraint in the original paper enforces geometric consistency under spatial
transformations for optical flow, while Video Audio Flow[18] focuses on temporal alignment in audio generation.

6. Cross-Modal Optical Flow Estimation via Modality Compensation and Alignment
URL: View paper
Brief Assessment

Modality Compensation Flow[23] focuses on feature alignment through a cross-modal feature alignment loss that pulls features closer,
whereas the original paper enforces geometric consistency of flow predictions under spatial transformations. These represent
fundamentally different technical approaches to cross-modal alignment.

7. I12D-Loc++: Camera Pose Tracking in LIDAR Maps With Multi-View Motion Flows
URL: View paper
Brief Assessment

Multiview Motion Tracking[21] focuses on camera pose tracking in LiDAR maps using multi-view motion flows for localization, not on
joint optimization of modality transfer and flow estimation networks for cross-modal flow prediction.
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Appendix: Text Similarity Detection

No high-similarity text segments were detected across any compared papers.
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