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• VFIMamba: Video Frame Interpolation with State Space Models1)

▪ NeurIPS 2024

• LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame 

Interpolation2)

▪ CVPR 2025

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

2) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Outline
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• Video Frame Interpolation (VFI) generates intermediate frames for slow-motion 

and high-refresh-rate displays 

• CNN-based methods lack global context

▪ attention models have quadratic complexity 

• S6 (Mamba) Structured State Space Models offer global receptive fields with 

linear complexity 

• VFIMamba’s Mixed-SSM Block applies multi-directional S6 scanning on 

interleaved frame tokens 

• Curriculum learning strategy boosts performance

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Introduction



5

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Overall Architecture

• Frame Feature Extraction

▪ Input frames are processed with lightweight convolutional

layers to extract shallow features at reduced resolutions

• Inter-Frame Modeling

▪ Multi-scale inter-frame modeling is performed using the proposed Mixed-SSM Block 

(MSB) at each scale

• Frame Generation

▪ Extracted inter-frame features are used for motion estimation and intermediate frame 

generation
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• Key module for inter-frame modeling based on the Selective State Space Model2)

(S6, a.k.a. Mamba)

• Two main differences from Transformer blocks

▪ Replaces Attention with enhanced S6 block for global, linear-complexity modeling

▪ Channel-Attention Block (CAB) replaces MLP, promoting inter-channel interaction and 

local awareness

• The S6 block enables data-dependent, global information propagation with linear 

complexity

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

2) GU, Albert; DAO, Tri. Mamba: Linear-time sequence modeling with selective state spaces. arXiv preprint arXiv:2312.00752, 2023.

Mixed-SSM Block (MSB)
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• Interleaved Rearrangement

▪ Tokens from two input frames are interleaved to form a “super image” for better 

spatiotemporal locality

▪ This arrangement is better than simple concatenation for preserving neighborhood 

information

• Multi-directional Scanning

▪ The super image is scanned in four directions (horizontal, vertical, and their reverses) 

using the S6 block

▪ Each direction is processed independently, and results are merged back

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Frame Rearrangement & Scan Directions

Visualizations of different rearrangement methods and scan directions



8

• Novel training scheme to fully unleash S6’s potential for a wide range of motions

▪ Start training on Vimeo90K (small motions), then gradually introduce large motion data 

from X-TRAIN

▪ Start with Vimeo90K (small motions), then progressively introduce X-TRAIN samples

−Resizing X-TRAIN frames (originally 512 × 512) to S× S and center-cropping to 256 × 256.

−Every 50 epochs, increase S by 10% (starting from 256) and double the temporal interval 

between selected frames (starting from 1) to steadily ramp up motion magnitude

▪ Effect

−Maintains performance on small motion (low-res) while boosting high-motion (high-res) 

capabilities

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

2) BENGIO, Yoshua, et al. Curriculum learning. In: Proceedings of the 26th annual international conference on machine learning. 2009. p. 41-48.

Curriculum Learning2) Strategy

X4K1000FPS dataset (X-TRAIN)Vimeo90K Dataset
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• Evaluation Datasets

▪ Evaluated on diverse VFI benchmarks

−Low-resolution: Vimeo-90K, UCF101, SNU-FILM (easy/medium/hard/extreme)

−High-resolution: X-TEST, X-TEST-L, Xiph (all tested at 2K & 4K resolutions)

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Experiminents

Vimeo90K UCF101 SNU-FILM

X4K1000FPS (X-TRAIN, X-TEST-L) Xiph
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• Quantitative Results

▪ State-of-the-art (SOTA) performance across most datasets and resolutions

▪ Significant improvement in high-resolution and large-motion scenarios (e.g., X-TEST 

2K/4K)

▪ Comparable or better FLOPs and runtime versus existing efficient models

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Experiminents

Quantitative comparison with SOTA methods on the low(top)/high(bottom)-resolution datasets, in terms of PSNR/SSIM
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• Qualitative Results

▪ Sharper details and better motion estimation than previous SOTA methods, especially 

for large and complex motions

▪ Clear preservation of object boundaries and textures

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Experiminents

Visualizations from SNU-FILM and X-TEST
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• Ablation Studies

▪ S6 Block Effectiveness

−Removing S6 or replacing with convolution/attention leads to noticeable performance drops

−S6 achieves a strong balance of speed and accuracy

▪ Frame Rearrangement

− Interleaved rearrangement consistently outperforms sequential rearrangement for VFI

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Experiminents

Ablation on different models for inter-frame modeling(top) and different rearrangement methods(bottom)
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• Ablation Studies

▪ Learning Strategies

−Curriculum learning delivers the best generalization on both small- and large-motion datasets

−Mixed or sequential training is less effective

1) ZHANG, Guozhen, et al. Vfimamba: Video frame interpolation with state space models. Advances in Neural Information Processing Systems, 2024, 37: 107225-107248.

Experiminents

Performance of different learning methods, recorded every 30 epochs

Performance of different methods without or with curriculum learning
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1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.
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• Key Ideas of LC-Mamba

▪ Introduces Shifted-Window Hilbert-Scan (SW-H-SS2D) to maintain local continuity 

within each window

▪ Proposes Interleaved 3D Scan (H-SS3D) for joint spatiotemporal feature fusion

• Core Contributions

▪ Hybrid local-global feature extraction block combining SW-H-SS2D with lightweight 

attention

▪ Superior quantitative gains (+0.03 dB PSNR on Vimeo-90K) and qualitative 

improvements over previous Mamba variants

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Introduction
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• Low-Level Feature Extractor (LFE)

▪ Pyramid of CNNs produces multi-scale features 

• Spatiotemporal Feature Extractor (STFE)

▪ Repeated LC-Mamba blocks

• Motion Estimator (ME)

▪ Predicts dense flow and blending masks from fused features

• Reconstruction & Refinement (RR)

▪ Warps input frames and blends using estimated masks

▪ Final convolution for artifact removal

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Overall Architecture
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• LFE processes each input frame 𝐼𝑖 to produce low-level feature maps {𝐿𝑖
0, 𝐿𝑖

1, 𝐿𝑖
2} at 

three pyramid levels

• At pyramid level 𝑙, feature 𝐿𝑖
𝑙  has spatial dimensions 

𝐻

2𝑙 ×
𝑊

2𝑙 and channel depth 

2𝑙𝐶, halving resolution and doubling channels with each level

• Downstream Integration

▪ The top-level features 𝐿0
2  and 𝐿1

2  from both frames are concatenated and passed to the 

Spatiotemporal Feature Extractor (STFE) for motion and context modeling

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Low-Level Feature Extractor (LFE)
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• Input & Output

▪ Takes the concatenated top-level LFE features 𝐿0
2 , 𝐿1

2  and produces two levels of 

spatiotemporal motion features 𝑉3 and 𝑉4

• Module Composition

▪ Built as a stack of hierarchical LC-Mamba blocks

• Downstream Role

▪ Supplies 𝑉3 and 𝑉4 to the Motion Estimator (ME), which predicts bidirectional flows 

and blending masks for frame interpolation

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Spatiotemporal Feature Extractor (STFE)
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• Purpose & Inputs

▪ Receives spatiotemporal features 𝑉3 and 𝑉4 from STFE

▪ Aims to predict the coarse intermediate frame and the parameters

  for refinement

• Flow & Mask Estimation

▪ Predicts bidirectional optical flows 𝐹𝑡→0, 𝐹𝑡→1 and a blending mask 𝑀

• Frame Synthesis

▪ Applies backward warping and blends the two warped frames

• Output

▪ Produces the preliminary interpolated frame ෩𝐼𝑡, which is then passed to the Residual 

Refiner for final correction

− ෩𝐼𝑡 = 𝑀 ⊙ 𝑊0 + 1 − 𝑀 ⊙ 𝑊1

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Motion Estimator (ME)
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• Purpose

▪ Refines the coarse interpolated frame by predicting and adding a residual image

•  Inputs

▪ Coarse frame ෩ 𝐼𝑡 from the ME module

▪ Original frames 𝐼0, 𝐼1

▪ Low-level features 𝐿𝑖
𝑙  from LFE

▪ Bidirectional flows 𝐹𝑡→0, 𝐹𝑡→1 and blending mask 𝑀

•  Residual Prediction

▪ A lightweight convolutional network processes {𝐼, 𝐿, 𝐹, 𝑀} to estimate a per-pixel 

residual 𝑅

• Final Output

▪ Adds the predicted residual to the coarse frame

−𝐼𝑡 = ෩𝐼𝑡 +  𝑅

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Residual Refiner (RR)
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• Hilbert curve-based scanning

▪ Converts 2D spatial data to 1D sequences while preserving local adjacency

• Four-path Hilbert structure

▪ Uses multiple scanning directions to improve information propagation

• Window-based scanning

▪ Limits the receptive field to local regions to reduce historical decay, especially effective 

for high-resolution input with dense motion.

• Shifted windows

▪ Introduces cross-window interactions by alternating window partitions.

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

LC-Mamba Block (H-SS2D: Hilbert Curve)

Two successive LC-Mamba block Hilbert Curve based Scan x4 scan paths Shifted window based H-SS2D
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• Interweaves tokens from two frames into a single 3D Hilbert curve–based 

sequence, preserving both spatial and temporal locality

• Workflow

▪ Extract feature maps 𝑉0, 𝑉1 from frame 0 and 1

▪ Apply H-SS2D in four Hilbert directions to each map

▪ Interleave corresponding token sequences (e.g. 𝑉ℎ, 𝑉𝑣)

▪ Perform windowed selective scans on interleaved sequences

▪ Deinterleave and merge scanned outputs into spatiotemporal features

• Key Benefits

▪ Captures fine-grained local details and long-range patterns across both space and time

▪ Achieves linear complexity while modeling complex motions in high-resolution videos

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

LC-Mamba Block (H-SS3D)



23

• Datasets

▪ Vimeo90K: 3,782 frame triplets at 448 × 256 resolution

▪ UCF101: 379 triplets at 256 × 256

▪ Middlebury: OTHER set at ∼640 × 480

▪ SNU-FILM: 1,240 triplets at 1280 × 720, split by motion difficulty

▪ Xiph: tested on downsampled 2K and centrally-cropped 4K versions

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Experimental Results
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• Quantitative Evaluation

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Experimental Results
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• Qualitative Evaluation

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Experimental Results
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• Ablation Study

1) JEONG, Min Wu; RHEE, Chae Eun. LC-Mamba: Local and Continuous Mamba with Shifted Windows for Frame Interpolation. In: Proceedings of the Computer Vision and Pattern Recognition Conference. 2025. p. 17671-17681.

Experimental Results

Performance comparison of different scanning methods

Ablation studies for window settings

Ablation study on the scalable capability of LC-Mamba blocks
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