
1.2. Training and testing details

Details for Fixed Spatialtemporal Resampling. As men-

tioned in the main text, the training process consists of two

stages. In the first stage, we train the resampling model us-

ing Charbonnier loss in an end-to-end manner, supervising

only the output of the upsampler. The loss function is for-

downsampled frame, respectively. LR

Bic
k rep-

resents the kth bicubically downsampled LR guidance.

Details for Continuous Spatiotemporal Resampling. To

achieve controllable spatiotemporal resampling, we con-

struct various combinations of resampling factors during

training for spatiotemporal generalization using the high-

frame-rate dataset [9]. Specifically, we perform temporal

resampling with factors of (5/6, 4/5, 3/4, 2/3, 1/2), and spa-

tial resampling from 2.0 to 4.0 with a step size of 0.2 (i.e.,

2.0, 2.2, ..., 4.0). To facilitate understanding, we provide

two sets of examples in Figure 1.
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Figure 1. To construct a training set for non-integer frame rate conversion, we sample high-frame-rate videos at different intervals and align

the timestamps to create training pairs. The red and blue boxes correspond to the cases of 3/4 and 4/5 frame rate conversions, respectively.

Table 1. Quantitative comparison with state-of-the-art methods for space 4 × resampling on benchmark datasets, metrics:

PSNR(dB)/SSIM. The best and the second-best results are in red and blue, respectively.

Method type Methods
Vimeo90k

RGB-Space Y-Space

Vid4

RGB-Space Y-Space
Params

Image resampling

CAR [12] + EDSR [7] 35.64/0.9331 37.73/0.9484 26.77/0.8221 28.32/0.8423 52.9 M

IRN[18] 37.68/0.9586 40.68/0.9731 29.18/0.8986 31.24/0.9184 4.4 M

AIDN[19] 38.06/0.9591 40.93/0.9725 28.70/0.8880 30.66/0.9071 3.8 M

HCFlow [6] 38.08/0.9618 41.17/0.9755 29.59/0.9065 31.71/0.9257 4.4 M

Video resampling

SelfC-small [14] - 40.68/0.9756 - 31.61/0.9317 1.8 M

SelfC-large [14] 38.50/0.9660 41.46/0.9784 30.31/0.9249 32.32/0.9404 3.3 M

LSTM-VRN [2] - 41.42/0.9764 - 32.24/0.9369 9.0 M

MIMO-VRN [2] - 43.26/0.9846 - 33.79/0.9577 19.2 M

MIMO-VRN-C [2] - 42.53/0.9820 - 33.40/0.9537 19.2 M

Ours 40.02/0.9738 43.23/0.9858 32.33/ 0.9496 34.51/0.9628 17.4 M

2. Comparison for Spatial Video Resampling

Since the proposed method demonstrates significant advan-

tages in temporal resampling, a natural question arises: does

the motion steganography module also work effectively for

spatial resampling alone? To verify this, we adopt a simi-

lar training strategy to spatiotemporal resampling, but with

downsampling performed only in the spatial dimension by

a factor of 4. Our comparison methods include image re-

sampling techniques [6, 12, 18, 19] and video resampling

methods [2, 14]. The comparison results are presented

in Table 1. Despite not incorporating specific designs for

spatial sampling (e.g., feature propagation or frame align-

ment), our method remains highly competitive, outperform-

ing the comparison methods on the majority of metrics in

both Vimeo90k and Vid4. Aligned with the experimental

results in the main text, we also present ablation experi-

ments for IMSM and different model complexities in Ta-

ble 2 and Table 3. The results show that IMSM remains ef-

fective in cases where only spatial resampling is performed.

This effectiveness can be attributed to the fact that we did

not impose direct constraints on the downsampling results.

In other words, we did not explicitly require the downsam-

pling results to closely resemble any particular traditional

sampling model (e.g., bicubic). This looser constraint actu-

ally benefits the upsampling recovery process. From an-

other perspective, compared to the increasingly complex

frame alignment module designs in video super-resolution

tasks [20, 22], it may be more effective for video resam-

pling to conduct end-to-end optimization of the entire joint

downsampling-upsampling process. We hope these findings

can inspire researchers to design more effective spatial re-

sampling algorithms.

3. More Evaluations of the Downsampling Re-
sults

For resampling tasks, evaluating the quality of downsam-

pling results is crucial. This distinguishes the task from

video compression, as we expect the downsampled results

to maintain a comparable visual quality to traditional down-

sampling methods. However, existing spatiotemporal re-
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Figure 9. Visual qualitative comparisons on reconstruction of Space 1 × time 2 × case on Vimeo90k dataset.
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