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In this supplementary material, we have included more
details about design choices, ablation study, visual repre-
sentation of mutual refinement, evaluation metric that was
used to check the effectiveness of temporal loss, task-wise
performance and complexity comparison, impact of differ-
ent optical flow computation methods, and visual results.

1. Joint Flow and Feature Refinement

Our approach introduces a robust joint and iterative refine-
ment mechanism for video restoration and optical flow esti-
mation. Unlike traditional methods, we leverage a cost vol-
ume to iteratively refine optical flow, ensuring it adapts dy-
namically to the evolving frame features and vice versa. Si-
multaneously, JFFR module enhances the video features us-
ing attention mechanisms followed by convolution blocks,
allowing the network to focus on critical spatio-temporal
details. This tightly coupled refinement pipeline ensures
that both flow estimation and feature enhancement mutu-
ally benefit each other at every iteration, resulting in su-
perior restoration quality, improved temporal consistency,
and flow accuracy. This unique integration of cost volumes
and attention mechanisms and joint iterative refinement of
flow and features distinguishes our method from existing
approaches. More visual results can be found below.

2. Distinctive Design Choices of JFFRA

Design Uniqueness and Justification. Table 1 highlights
that JFFRA is the only framework to unify all critical com-
ponents needed for robust video restoration. Unlike Ba-
sicVSR++ [2] and EDVR [13], which either lack joint
refinement or tightly coupled flow-feature feedback, JF-
FRA performs explicit, iterative refinement of both flow
and features, ensuring continual correction of alignment
and restoration errors. While transformer-based methods
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like VRT [7] and RVRT [6] leverage attention and multi-
scale processing, they do not implement joint flow-feature
refinement or cost-volume-based flow updates, and thus
are less effective in handling large or complex motion.
FMA-Net [16] introduces joint refinement, but its reliance
on memory modules makes it fragile and computationally
heavy. Specifically, FMA-Net does not perform truly iter-
ative joint refinement at every scale; instead, it relies on
separate feature propagation and motion modules without
explicit progressive feedback updating. Its scale-wise cou-
pling remains limited, lacking an explicit mechanism to pro-
gressively align and refine both flow and features across
coarse-to-fine stages, and it lacks both attention mecha-
nisms and occlusion-aware loss. TOFlow [15] and sim-
ilar approaches use flow for alignment but do not itera-
tively refine flow and features together, nor do they ad-
dress temporal flicker or occlusion. In contrast, JFFRA
uniquely combines mutual, scale-wise iterative refinement,
attention-guided alignment, cost-volume-based flow cor-
rection, and an explicit occlusion-aware temporal loss, all
within a lightweight design that avoids memory bottlenecks.
This comprehensive integration directly addresses the limi-
tations seen in all previous methods, resulting in superior
robustness, temporal consistency, and restoration quality
across diverse and challenging video scenarios.

3. Complexity vs. Performance Analysis

Our method achieves significantly better performance
across multiple restoration tasks and even outperforms task-
specific SOTA, as reported in Table 2 and Table 3. For
video denoising, it can be seen that the proposed JFFRA
achieves the best quality with lower complexity than Shift-
Net [5] and VRT [7]. This performance is consistent even
in the video deblurring task, and the proposed method sets
a new standard while computationally being lower complex
than ShiftNet [5], VRT [7], and BSSNet [11].



Table 1. Comparison of JFFRA with prior video restoration methods. Only JFFRA integrates all key components including iterative
refinement, attention, occlusion-aware loss, and lightweight design without memory.

Method Joint Flow-Feature Attention Me i Occlusion-Aware Loss | No Memory / Recurrent Bidirectional Flow Update | Flow-Feature Sync | Lightweight Design
BasicVSR++ [2] X X v v X v
EDVR [13] X X v X X
FMA-Net [16] v X X X v X
TOFlow [15] X X v X X v
VRT [7] X v v v X X
RVRT [6] X v X v X X
JFFRA (Ours) v v v v v v
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Figure 1. Visualization of progressive joint flow and feature refinement in JFFRA. This figure illustrates the step-by-step refinement
process at different scales across multiple JEFR blocks, using the DAVIS dataset with added noise (o = 30) to demonstrate robustness.
Row 1 shows intermediate flow from frame 1 to frame 2. Row 2 depicts the corresponding refined feature maps after feature alignment.
Row 3 shows flow from frame 3 to frame 2. Row 4 presents the refined features guided by these flows. This visualization highlights how
JFFRA’s iterative feedback mechanism progressively improves both motion alignment and feature consistency, ultimately enabling sharper,
temporally coherent video restorations even in the presence of significant noise.

Table 2. Performance and complexity analysis of various methods Table 3. Performance and complexity analysis of various methods
for video denoising on DAVIS dataset (¢ = 30) [4] with patch for video deblurring on DVD [10] (256 X256 patch).
size of 256 x256.

Method Publication | Params (M) | GFLOPs | PSNR
Method Publication | Params (M) | GFLOPs | PSNR RVRT [6] NeurIPS’22 13.6 88.8 34.30
Tempformer [9] | ECCV’22 22.3 185.2 35.66 ShiftNet [5] CVPR’23 12.7 154.3 34.69
RVRT [6] NeurIPS’22 13.6 88.8 36.57 VRT [7] TIP’24 18.3 143.2 34.27
ShiftNet [5] CVPR’22 12.7 154.3 36.83 BSSNet [11] | CVPR’21 13.0 133.0 34.95
VRT [7] ECCV’22 18.3 143.2 36.52 Ours - 223 129.9 35.15
Ours - 22.3 129.9 37.04

of the proposed design.

4. Analysis with Various Flow Estimation
Methods

Table 4. Analysis with different flow estimation methods.
We demonstrate in Table 4 the performance of the pro-
posed method by using different initial optical flow estima- Metric IRR-PWC [3] | GMFlow [14] | RAFT [12]
tion methods during inference for video super-resolution. PSNR /SSIM 31.76/0879 | 32.36/0912 | 3245709136
It can be seen that the performance using lightweight GM- GMac / Params 17.376.3 23746 129752
Flow [14] is similar to RAFT [12], illustrating the stability




5. Cost Volume Effectiveness

In this section, we present an ablation study on varying
cost volume sizes within the JFFR block. Increasing the
cost volume size improves reconstruction quality but also
incurs higher computational overhead, resulting in longer
runtimes.

Table 5. Ablation study on different cost volume sizes for JFFRA
validation. Results demonstrated below on DVD [10]

Cost Volume Size | PSNR | Runtime (ms)
4x4 30.42 245
6x6 32.63 410
8x 8 35.15 623

10 x 10 35.17 934

6. Qualitative Analysis with SOTA

In this section, we present visual evidence of the quality
of JFFRA against task-specific SOTA, across video restora-
tion tasks like video denoising, video deblurring, and video
super-resolution. We clearly see JFFRA outperforming
SOTA in noise removal, texture preservation, extracting
sharper results, fine details, and texture recovery.

7. Limitations and Future Scope

Although JFFRA demonstrates strong performance across
various video restoration tasks such as deblurring, denois-
ing, and super-resolution, it has certain limitations. In par-
ticular, when dealing with extremely noisy inputs (for ex-
ample, in the Set-8 dataset with noise levels above o = 40),
its ability to correct and improve results is reduced. This
reduction is mainly due to the degradation of initial flow
and feature estimates, which makes the iterative refinement
less effective. At present, JFFRA does not explicitly handle
noise uncertainty or incorporate specialized noise model-
ing, which limits its robustness under severe degradation.
However, the overall design remains flexible and offers op-
portunities for further improvement. Future work may focus
on integrating noise-aware modules, uncertainty modeling,
or adaptive noise modulation strategies to enhance robust-
ness in highly challenging scenarios. Additionally, explor-
ing the incorporation of generative priors and advanced reg-
ularization techniques could further improve generalization
and performance in real-world applications.
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Figure 2. Qualitative analysis of various video denoising methods on Davis dataset [4].
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Figure 4. Qualitative analysis of various video denoising methods on Davis dataset [4].
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Figure 5. Visual comparison of various video deblurring methods on DVD dataset [10].
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Figure 6. Visual comparison of various video deblurring methods on DVD dataset [10].
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Figure 7. Visual comparison of various video deblurring methods on DVD dataset [10].
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Figure 8. Qualitative analysis of various video Super-resolution methods on Vid4 dataset [1].
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Figure 9. Qualitative analysis of various video Super-resolution methods on Reds dataset [8].

’
¥ sl

LQ(x4) VRT [7] RVRT [6]

& =
Scene 015, Frame 56 [8]
GT

JFFRA (ours)
Figure 10. Qualitative analysis of various video Super-resolution methods on Reds dataset [8].
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