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Figure 1. We present VideoGigaGAN, a generative video super-resolution model that upscales videos with high-frequency details while
preserving temporal consistency. Top: We compare our approach with TTVSR [39] and BasicVSR++ [8]. Our method produces better
temporal consistency and finer details than previous methods. Bottom: Our model produces high-quality videos with 8× super-resolution.

Abstract

Video super-resolution (VSR) models achieve temporal con-
sistency but often produce blurrier results than their image-
based counterparts due to limited generative capacity. This
prompts the question: can we adapt a generative image up-
sampler for VSR while preserving temporal consistency?
We introduce VideoGigaGAN, a new generative VSR model
that combines high-frequency detail with temporal stabil-
ity, building on the large-scale GigaGAN image upsampler.
Simple adaptations of GigaGAN for VSR led to flickering
issues, so we propose techniques to enhance temporal con-
sistency. We validate the effectiveness of VideoGigaGAN
by comparing it with state-of-the-art VSR models on public
datasets and showcasing video results with 8× upsampling.

1. Introduction

Challenges. Video super-resolution (VSR) aims to recon-
struct high-resolution videos from low-resolution inputs, a
task challenged by the need for temporal consistency and
high-frequency detail generation. VSR shows wide applica-
tions in generated videos [2, 20], face videos [13], satellite
videos [66], and Animes [65]. Existing methods [7–9, 25]
focus on consistency but often result in blurry outputs that
lack high-frequency appearance details or realistic textures
(see Fig. 2). Effective VSR requires generating plausible
new content not present in the low-resolution inputs, a ca-
pability that these models struggle with. Recent diffusion-
based methods [20, 47, 73, 80] enjoy higher per-frame qual-
ity but suffer from temporal flickering and slow inference.

ISR v.s. VSR. Generative models (e.g., diffusion mod-
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Figure 2. Limitations of previous methods. Previous VSR approaches such as VRT [35] suffer from lack of details, as seen from the
building example. Generative models, image GigaGAN [27] and StableVSR [47] produce sharper results with richer details, but it generates
videos with temporal flickering or artifacts like aliasing (see red arrows). Our VideoGigaGAN can produce video results with both high-
frequency details and temporal consistency, while artifacts like aliasing are significantly mitigated. Please refer to our supplementary
material for a visual comparison.

els [45, 59], VAEs [11], and GANs [18, 61, 62]) have ad-
vanced Image Super-Resolution (ISR) by modeling high-
resolution image distributions, producing highly detailed
textures. GigaGAN [27] further increases the generative
capability of image super-resolution models by training a
large-scale GAN model on billions of images. However,
applying a generative model such as GigaGAN indepen-
dently to video frames results in severe temporal artifacts
(see Fig. 2). This raises the question: can GigaGAN’s ca-
pabilities be harnessed for temporally consistent VSR?

Consistency-quality dilemma. We first experiment with
an adapted GigaGAN baseline using temporal convolution
and attention layers, which helps but fails to fully ad-
dress the flickering of high-frequency details, brought by
the strong hallucinations. Previous VSR approaches use
regression-based networks to trade high-frequency details
for better temporal consistency. As blurrier upsampled
videos inherently exhibit better temporal consistency, the
capability of GANs to hallucinate high-frequency details
contradicts the goal of VSR in producing temporally con-
sistent frames. We refer to this as the consistency-quality
dilemma in VSR.

Our work. In this work, we identify several key is-
sues of applying GigaGAN for VSR and propose techniques
to achieve detailed and temporally consistent video super-
resolution. Naively inflating GigaGAN with temporal mod-
ules [21] is not sufficient to produce temporally consistent
results with high-quality frames. To address this issue, we
employ a recurrent flow-guided feature propagation mod-
ule to encourage information aggregation across different
frames. We also apply anti-aliasing blocks in GigaGAN to
address the temporal flickering caused by the aliased down-
sampling operations. Furthermore, we introduce an effec-
tive method for injecting high-frequency features into the
GigaGAN decoder, called high-frequency (HF) shuttle. The
proposed high-frequency shuttle can effectively add fine-
grained details to the upsampled videos while maintaining

the temporal consistency.
Our contributions are as follows:
• We present VideoGigaGAN, the first large-scale GAN-

based model for VSR, addressing the overlooked
consistency-quality trade-off.

• We introduce anti-aliasing blocks and HF shuttle, which
significantly improve the temporal consistency.

• We show that VideoGigaGAN can upsample videos with
much more fine-grained details than state-of-the-art meth-
ods evaluated on multiple datasets.

• VideoGigaGAN is capable for challenging 8× VSR.

2. Related Work

Video Super-Resolution. Considerable research on video
super-resolution (VSR) has explored sliding-window meth-
ods [6, 34, 55, 57, 58, 69] and recurrent networks [23–
25, 33, 35, 36, 50–52]. BasicVSR [7] established a uni-
fied VSR pipeline using optical flow for alignment and
bidirectional recurrent networks, which was later enhanced
in BasicVSR++ [8] with flow-guided deformable align-
ment for better performance. Methods like RealBasicVSR
[9], MGLD-VSR [72], and FastRealVSR [67] employ di-
verse degradations to improve generalization on real-world
videos, but their reliance on regression objectives results in
overly smooth, less realistic outputs. Diffusion-based VSR
models [20, 47, 73, 80] offer finer detail but suffer from
temporal flickering, fidelity loss and slow inference. In con-
trast, we propose a GAN-based VSR model that achieves
high-frequency detail and temporal consistency in upsam-
pled videos, with faster performance than diffusion-based
approaches.

GAN-based Image Super-Resolution. SRGAN [31] pio-
neered using GANs for image super-resolution, modeling
the high-resolution image manifold. ESRGAN [62] im-
proved upon SRGAN with better architecture and loss func-
tions, and Real-ESRGAN [61] extended it to handle real-
world low-resolution images. However, these models are
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limited in capacity and struggle with large upsampling fac-
tors. GigaGAN [27] addresses this by incorporating filter
banks and attention layers into StyleGAN2 [29], scaling up
to billions of images. Capable of handling 8× upsampling,
GigaGAN generates highly detailed, realistic textures, even
creating new content beyond the low-resolution input.

Generative video models for VSR. Many video genera-
tion works are based on the VAEs [1, 32, 70], GANs [15,
54, 76], and autoregressive models [63]. LongVideoGAN
[5] introduces a sliding-window approach for video super-
resolution, but it is restricted to datasets with limited diver-
sity. Recently, diffusion models have shown diverse and
high-quality results in video generation tasks [3, 4, 16, 17,
22]. Imagen Video [21] proposes pixel diffusion models for
video super-resolution. Lumiere [2] apply chunked SR with
a MultiDiffusion for VSR. Unlike diffusion-based video
super-resolution models that require iterative denoising pro-
cesses, our VideoGigaGAN can generate outputs in a single
feedforward pass with faster inference speed.

3. Method

Our VSR model G upsamples a low-resolution (LR) video
v ∈ RT×h×w×3 to a high-resolution (HR) video V =
G(v), where V ∈ RT×H×W×3, with an upsampling scale
factor α such that H = αh, W = αw. We aim to generate
HR videos with both high-frequency appearance details and
temporal consistency.

We present the overview of our VSR model, VideoGiga-
GAN, in Fig. 3. We start with the large-scale GAN-based
image upsampler – GigaGAN [27] (Section 3.1). We first
inflate the 2D image GigaGAN upsampler to a 3D video Gi-
gaGAN upsampler by adding temporal convolutional and
attention layers (Section 3.2). However, as shown in our
experiments, the inflated GigaGAN still produces results
with severe temporal flickering and artifacts, likely due to
the limited spatial window size of the temporal attention.
To this end, we introduce flow-guided feature propagation
(Section 3.3) to the inflated GigaGAN to better align the
features of different frames based on flow information. We
also pay special attention to anti-aliasing (Section 3.4) to
further mitigate the temporal flickering caused by the down-
sampling blocks in the GigaGAN encoder, while maintain-
ing the high-frequency details by directly shuttling the HF
features to the decoder blocks (Section 3.5). Our experi-
mental results validate the importance of these model de-
sign choices.

3.1. Preliminaries: Image GigaGAN upsampler
Our VideoGigaGAN builds upon the GigaGAN image up-
sampler [27]. GigaGAN scales up the StyleGAN2 [29] ar-
chitecture using several key components, including adaptive
kernel selection for convolutions and self-attention layers.

The GigaGAN image upsampler has an asymmetric U-Net
architecture consisting of 3 downsampling blocks {Ei} and
3 + k upsampling decoder blocks {Di}.

X = G(x, z) = D(E(x, z), z)

= Dk+2 ◦ · · ·D3︸ ︷︷ ︸
↑×2k

◦D2 ◦D1 ◦D0︸ ︷︷ ︸
↑×8

◦E2 ◦ E1 ◦ E0(x, z)︸ ︷︷ ︸
↓×8

.

(1)

This GigaGAN upsampler is able to upsample an input im-
age by 2k. Both encoder E and decoder D blocks utilize
random spatial noise z as a source of stochasticity. The de-
coder D contains spatial self-attention layers. The encoder
and decoder block at same resolution are connected by skip
connections.

3.2. Inflation with temporal modules
To adapt a pretrained 2D image model for video tasks, a
common approach is to inflate 2D spatial modules into 3D
temporal ones [4, 16, 21, 64, 71, 80]. To reduce the mem-
ory cost, instead of directly using 3D convolutional layers
in each block, our temporal module uses a 1D temporal con-
volution layer that only operates on the temporal dimension
of kernel size 3, followed by a temporal self-attention layer
with no spatial receptive field. Both 1D temporal convolu-
tion and temporal self-attention are inserted after the spatial
self-attention with residual connection [21]. In summary,
at each block Di, we first process the features of individual
video frames using the spatial self-attention layer and then
jointly processed by our temporal module. Through our ex-
periment, we find adding temporal modules to the decoder
D of the generator G is sufficient to improve video consis-
tency. We also inflate the discriminator D with comparable
temporal modules.

We follow [75] to initialize both temporal convolutions
and temporal self-attention layers with zero weights, such
that G and D still perform the same as an image upsam-
pler at the beginning of the training, leading to a smoother
transition to a video upsampler.

3.3. Flow-guided feature propagation
The temporal modules alone are insufficient to ensure tem-
poral consistency, mainly due to the high memory cost
of the 3D layers. For input videos with long sequences
of frames, one could partition the video into small, non-
overlapping chunks and apply temporal attention. However,
this leads to temporal flickering between different chunks.
Even within each chunk, the spatial window size of the tem-
poral attention is limited, meaning a large motion (i.e., ex-
ceeding the receptive field) cannot be modeled by the atten-
tion module (see Fig. 4).

To address these issues, we augment the input image
with features aligned by optical flow. Specifically, we in-
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Figure 3. Overview of VideoGigaGAN for 4× upsampling. Our VideoGigaGAN model is built upon the asymmetric U-Net architecture
of the image GigaGAN upsampler [27]. To enforce temporal consistency, we first inflate the image upsampler into a video upsam-
pler by adding temporal attention layers into the decoder blocks. We also enhance consistency by incorporating the features from the

flow-guided propagation module. To suppress aliasing artifacts, we use Anti-aliasing block in the downsampling layers of the encoder.

Lastly, we directly shuttle the high frequency features via skip connection to the decoder layers to compensate for the loss of details in
the BlurPool process.

troduce a recurrent flow-guided feature propagation mod-
ule (see Fig. 3) prior to the inflated GigaGAN, inspired by
BasicVSR++ [8]. Instead of directly using the LR video
as input to the inflated GigaGAN, we use the temporal-
aware features produced by the flow-guided propagation
module. It comprises a bi-directional recurrent neural net-
work (RNN) [7, 8] and an image backward warping layer.
We initially employ the optical flow estimator to predict
bi-directional optical flow maps from the input LR video.
Subsequently, these maps and the original frame pixels are
fed into the RNN to learn temporal-aware features. Finally,
these features are explicitly warped using the backward
warping layer, guided by the pre-computed optical flows,
before being fed into the later inflated GigaGAN blocks.
The flow-guided propagation module can effectively han-
dle large motion and produce better temporal consistency
in output videos, as demonstrated in Fig 4.

During training, we jointly train the flow-guided fea-
ture propagation module and the inflated GigaGAN model.
At inference time, given an input LR video with an arbi-
trary number of frames, we first generate frame features
using the flow-guided propagation module. We then par-
tition the frame features into non-overlapping chunks and
independently apply the inflated GigaGAN on each chunk.
Since the features inside each chunk are aware of the other
chunks, thanks to the flow-guided propagation module, the

temporal consistency between consecutive chunks is pre-
served well.

3.4. Anti-aliasing blocks
With both temporal and feature propagation modules en-
abled, our VSR model can process longer videos and pro-
duce results with better temporal consistency. However, the
high-resolution frames remain flickering in areas with high-
frequency details (for example, the windows in the build-
ing in Fig. 2). We identify that the downsampling opera-
tions in the GigaGAN encoder contribute to the flickering
of those regions. The high-frequency components in the in-
put can easily alias into lower frequencies due to the down-
sampling rate not meeting the classical sampling criterion
[43]. The aliasing of pixels manifests as temporal flicker-
ing in video super-resolution. Previous VSR approaches of-
ten use regression-based objectives, which tend to remove
high-frequency details. Consequently, these methods pro-
duce output videos free of aliasing. However, in our GAN-
based VSR framework, the GAN training objectives favor
the hallucination of high-frequency details, making aliasing
a more severe problem.

In the GigaGAN upsampler, the downsampling oper-
ation in the encoder is achieved by strided convolutions
with a stride of 2. To address the aliasing issue in our
output video, we apply BlurPool layers to replace all the
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Figure 4. Ablation study. Starting from the inflated GigaGAN (+Temporal attention in the figure), we progressively add components to
demonstrate its effectiveness. With temporal attention, the local temporal consistency is improved compared to using image GigaGAN
to upsample each frame independently. The global temporal consistency improves with feature propagation, but aliasing still exists in the
areas with high-frequency details (please refer to the videos in the supplementary material). Also, the video results become more blurry.
By using the anti-aliasing blocks – BlurPool, the aliasing issue is much better, but the video results become even more blurry. Finally, with
HF shuttle, we can bring the per-frame quality and high-frequency details back while preserving good temporal consistency.

strided convolution layers in the upsampler encoder in-
spired by [77]. More specifically, during downsampling,
instead of simply using a strided convolution, we use con-
volution with a stride of 1, followed by a low-pass filter
and a subsampling operation. We show the anti-aliasing
blocks in Fig. 3. Our experiments show that the anti-
aliasing downsampling blocks perform significantly better
than naive strided convolutions in preserving temporal con-
sistency for high-frequency details. We also experimented
with StyleGAN3 blocks for anti-aliasing upsampling [28],
but we observed a notable drop in frame quality.

3.5. High-frequency shuttle
With the newly introduced components, the temporal flicker
in our results is significantly suppressed. However, as
shown in Fig. 4, adding the flow-guided propagation mod-
ule (Section 3.3) leads to a blurrier output. Anti-aliasing
blocks (Section 3.4) make the results even blurrier. We still
need the high-frequency information in the GigaGAN fea-
tures to compensate for the loss of high-frequency details.
However, as discussed in Section 3.4, the traditional flow
of high-frequency information in GigaGAN leads to aliased
output.

We present a simple yet effective approach to address the
conflict of high-frequency details and temporal consistency,
called high-frequency shuttle (HF shuttle). To guide where
the high-frequency details should be inserted, the HF shut-
tle leverages the skip connections in the U-Net and uses a
pyramid-like representation for the feature maps in the en-
coder. More specifically, at the feature resolution level i,
we decompose the feature map fi into low-frequency (LF)
feature and high-frequency (HF) components. The LF fea-
ture map fLF

i is obtained via the low-pass filter mentioned
in Section 3.4, while the HF feature map is computed from
the residual as fHF

i = fi − fLF
i . The HF feature map

fHF
i containing high-frequency details are injected through

the skip connection to the decoder (Fig. 3). Our experi-
ments show that the high-frequency shuttle can effectively
add fine-grained details to the upsampled videos while mit-
igating issues such as aliasing or temporal flickering.

3.6. Loss functions
We use stardard, non-saturating GAN loss [19], R1 regular-
ization [40], LPIPS [78] and Charbonnier loss [10] during
the training.

L(Xt,xt) = µGANLGAN (G(xt),D(G(xt))) + µR1LR1(D(Xt))

+ µLPIPSLLPIPS(Xt,xt) + µCharLChar(Xt,xt) ,

(2)

where Charbonnier loss is a smoothed version of pixelwise
ℓ1 loss, µGAN , µR1, µLPIPS , µChar are the scales of dif-
ferent loss functions. xt is one of the LR input frames, Xt is
the corresponding ground-truth HR frame. We average the
loss over all the frames in a video clip during the training.

4. Experimental Results
4.1. Setup

Datasets. We strictly follow two widely used training
sets from previous VSR works [7, 8, 39]: REDS [42] and
Vimeo-90K [69]. The REDS dataset contains 300 video
sequences. Each sequence consists of 100 frames with a
resolution of 1280×720. We use REDS4 as our test set and
REDSval4 as our validation set; the rest of the sequences
are used for training. The Vimeo-90K contains 64, 612
sequences for training and 7, 824 for testing (known as
Vimeo-90K-T). Each sequence contains seven frames with
a resolution of 448× 256. Following previous works [7, 8],
we compute the metrics only on the center frame of each se-
quence. In addition to the official test set Vimeo-90K-T, we
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also evaluate the model on Vid4 [38] and UDM10 [74], with
different degradation algorithms (Bicubic Downsampling –
BI and Blur Downsampling – BD). We follow MMagic [41]
to perform degradation algorithms. All data are 4× down-
sampled to generate LR frames following standard evalua-
tion protocols [7, 8].
Evaluation metrics. We are interested in two aspects
of our evaluation: per-frame quality and temporal consis-
tency. For per-frame quality, we use PSNR, SSIM, and
LPIPS [78]. For temporal consistency, the warping error
Ewarp [30] is commonly used.

Ewarp(X̂t, X̂t+1) =
1∑
M i

t

∑
M i

t ||X̂i
t,W (X̂i

t+1,Ft→t+1)||22 ,

(3)
where (X̂t, X̂t+1) are generated frames at time t and
t + 1, i is the index of the i-th pixel, and W (·) is the
warping function, Ft→t+1 is the forward flow estimated
from the generated frames (X̂t, X̂t+1) using RAFT [56],
and Mt ∈ {0, 1} is a non-occlusion mask indicating non-
occluded pixels [48]. However, as reported in Fig. 6, pre-
vious baselines or even simple bicubic upsampling achieve
lower Ewarp than ground truth high-resolution video since
Ewarp favors over-smoothed results. Consider an extreme
algorithm where all the generated frames are entirely black.
Ewarp computes the warping errors by warping the gener-
ated frames. The warping error for this algorithm is 0 since
the generated frames are over-smoothed (in this extreme
case, all black). Therefore, instead of warping the gener-
ated frames, we propose to warp the ground-truth frames
using the flow computed on the generated frames. We re-
fer to this new warping error as referenced warping error
(RWE) Eref

warp. The referenced warping error between two
frames is

Eref
warp(Xt,Xt+1) =

1∑
M i

t

∑
M i

t ||Xi
t,W (Xi

t+1,Ft→t+1))||22 ,

(4)
where (Xt,Xt+1) are ground-truth frames at time t and t+
1, Ft→t+1 is the forward flow estimated from the output
frames (X̂t, X̂t+1) using RAFT [56].

Hyperparameters. We use a pretrained 4× GigaGAN im-
age upsampler as our base model. It contains three down-
sampling blocks in the encoder and five upsampling blocks
in the decoder. The spatial self-attention layers are only
used in the first block of the decoder for memory efficiency.
For the flow network, we use a lightweight SpyNet [44]. For
the low-pass filters, we use a kernel of 1

16 [1, 4, 6, 4, 1] before
the downsampling. We set µGAN = 0.05, µR1 = 0.2048,
µLPIPS = 5, µChar = 10 in Eqn. 2. During training, we
randomly crop a 64 × 64 patch from each LR input frame
at the same location. We use 10 frames of each video and
a batch size of 32 for training. The batch is distributed into
32 NVIDIA A100 GPUs. We use a fixed learning rate of
5 × 10−5 for both generator and discriminator. The total
number of training iterations is 100, 000.

Table 1. Ablation study. We use LPIPS to evaluate per-frame
quality and Eref

warp ↓ (×10−3) for temporal consistency. Starting
from the image GigaGAN (upsampling each frame independently
with the image upsampler), we progressively add components to
demonstrate its effectiveness. The best number: bold. The second
best number: underline.

Model LPIPS↓ Eref
warp ↓ (×10−3)

GigaGAN (base upsampler) 0.2031 2.497

+ Temporal attention 0.2029 2.462
+ Flow-guided propagation 0.1551 2.187
+ BlurPool 0.1621 2.152
+ High-freq shuttle 0.1582 2.177

4.2. Ablation study
To demonstrate the effect of each proposed component, we
progressively add them one by one and evaluate them on
the REDS4 dataset [42]. We report the quantitative results
in Table 1. We also present a qualitative comparison in
Fig. 4. We see that the flow-guided feature propagation
brings a large LPIPS and Eref

warp improvement compared to
the temporal attention. This demonstrates the effective-
ness of the feature propagation contributing to the temporal
consistency. By further introducing BlurPool as the anti-
aliasing block, the model has a warping error drop but an
LPIPS loss increase (also shown in Fig. 4). Finally, by us-
ing HF shuttle, we can bring the LPIPS back with a slight
loss of temporal consistency. Though it is not reflected on
the number clearly, we observed that the sharpness of the
frame improves significantly with the HF shuttle (see in the
x-t slice plot in Fig. 4 and also supplementary material).

4.3. Comparison with previous models
We conduct extensive experiments and report the quantita-
tive comparison of the per-frame quality in Table 2. We
compare temporal consistency in Fig. 6. Additionally, we
provide qualitative comparisons in Fig. 5.
Per-frame quality. As shown in Table 2, our LPIPS out-
performs all the other models while showing a poorer per-
formance of PSNR and SSIM. We observe that PSNR and
SSIM do not align well with human perception and favor
blurry results, as also reported in many literatures [12, 27,
46, 47, 49]. For the same reason, StableVSR [47] in Ta-
ble 2 also shows bad performance on PSNR/SSIM. Thus
we consider LPIPS [78] as our core metric to evaluate per-
frame quality as it is closer to the human perception. In
Fig. 5, it is noticeable that our model produces results with
the most fine-grained details. Previous approaches tend to
predict blurry results with a critical loss of details.
Temporal consistency. As observed in previous
works [30], the widely used warping error metric favors a
more blurry video. This is also illustrated in Fig. 6. The
simple bicubic upsampling method achieves the best per-
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Table 2. Quantitative comparison in terms of per-frame quality (LPIPS↓/PSNR↑ /SSIM↑) evaluated on multiple datasets. We separate
models into regression-based models and generative models (StableVSR [47] and ours). We exclude LPIPS evaluation on Vimeo-90K-T
from EvTexture [26] due to the lack of released preprocessed data. For StableVSR [47], we omit Vimeo-90K-T evaluation due to its
significantly long runtime (Table 3). We highlight LPIPS as PSNR/SSIM often misaligns with human perception and favors blurrier
results, as noted in many studies [12, 27, 46, 47, 49]. Our VideoGigaGAN aligns the best with human perception.

BI degradation (LPIPS↓/PSNR↑/SSIM↑) BD degradation (LPIPS↓/PSNR↑/SSIM↑)

REDS4 [42] Vimeo-90K-T [69] Vid4 [38] UDM10 [74] Vimeo-90K-T [69] Vid4 [38]

EDVR [60] 0.2097/31.05/0.8793 -/37.61/0.9489 -/27.35/0.8264 -/39.89/0.9686 -/37.81/0.9523 -/27.85/0.8503
MuCAN [34] 0.2162/30.88/0.8750 0.1523/37.32/0.9465 - - - -
BasicVSR [7] 0.2023/31.42/0.8909 0.1616/37.18/0.9450 0.2812/27.24/0.8251 0.1148/39.96/0.9694 0.1551/37.53/0.9498 0.2555/27.96/0.8553
IconVSR [7] 0.1939/31.67/0.8948 0.1587/37.47/0.9476 0.2739/27.39/0.8279 0.1152/40.03/0.9694 0.1531/37.84/0.9524 0.2462/28.04/0.8570
TTVSR [39] 0.1836/32.12/0.9021 - - 0.1112/40.41/0.9712 0.1507/37.92/0.9526 0.2381/28.40/0.8643
BasicVSR++ [8] 0.1786/32.39/0.9069 0.1506/37.79/0.9500 0.2627/27.79/0.8400 0.1131/40.72/0.9722 0.1440/38.21/ 0.9550 0.2390/29.04/0.8753
RVRT [37] 0.1727/32.74/0.9113 0.1502/38.15/0.9527 0.2500/27.99/0.8464 0.1100/40.90/0.9729 0.1465/38.59/ 0.9576 0.2219/29.54/0.8811
PSRT-recurrent [53] 0.1676/32.72/0.9106 0.1509/38.27/0.9536 0.2448/28.07/0.8485 - - -
MIA-VSR [81] 0.1659/32.79/0.9115 0.1428/38.22/0.9532 0.2474/28.20/0.8507 - - -
IA-RT [68] 0.1629/32.89/0.9138 0.1498/38.14/0.9528 0.2501/28.26/0.8517 0.1129/41.15/0.9750 0.1435/38.62/0.9579 0.2201/29.68/0.8884
VRT [35] 0.1818/32.19/0.9005 0.1461/38.20/0.9530 0.2478/27.93/0.8425 0.1097/41.05/0.9737 0.1421/38.72/0.9584 0.2214/29.42/0.8795
EvTexture [26] 0.1684/32.79/0.9173 -/38.23/0.9544 0.2188/29.51/0.8909 - - -

StableVSR [47] 0.1934/27.98/0.7952 - 0.2803/24.48/0.6989 - - -
Ours 0.1582/30.46/0.8718 0.1120/35.97/0.9238 0.1925/26.78/0.8029 0.1060/36.57/0.9521 0.1129/35.30/0.9317 0.1832/27.04/0.8365

Input TTVSR [39] BasicVSR++ [8] VRT [35] Ours GT

PSNR/SSIM/LPIPS 28.51/0.8686/0.1696 28.65/0.8732/0.1746 28.58/0.8699/0.1714 26.04/0.8317/0.1498

PSNR/SSIM/LPIPS 38.54/0.9763/0.1237 38.94/0.9772/0.1221 39.27/0.9785/0.1292 36.72/0.9670/0.0908
Figure 5. Qualitative comparison with other baselines on public datasets (REDS4 [42], Vimeo-90K-T [69]). We show
PSNR/SSIM/LPIPS below each output frame. PSNR and SSIM do not align well with human perception and favor blurry re-
sults [12, 27, 46, 47, 49]. LPIPS is a preferred metric that aligns better with human perception. Compared to previous VSR approaches,
our model can produce more fine-grained details. Zoom in for clear comparison. We encourage readers to view the videos in our
supplementary material.

formance for the commonly used warping error, which is
much better than the GT warping error. We proposed the
referenced warping error (RWE) in Eqn. 4 to address the
issue of warping error favoring blurry results. In terms of
the referenced warping error, our method is slightly worse
than previous regression-based methods (0.05× 10−3 com-
pared to BasicVSR++ [8]) but with much better frame qual-
ity. The newly proposed RWE is more suitable for evaluat-
ing the temporal consistency of videos. However, it is still
biased towards more blurry results as seen in Fig. 6 (RWE
of many methods are better than ground truth). We leave a
better metric of VSR temporal consistency for future work.

4.4. Trade-off analysis: Temporal consistency vs.
frame quality

To analyze the balance between temporal consistency and
per-frame quality, we provide a visualization in Fig. 6.
Regression-based models prioritize temporal consistency
but at the cost of sharpness, reflected in higher LPIPS losses
(see Fig. 5 for qualitative comparisons).

In Fig. 6, we also compare with diffusion-based VSR
(UAV [80], DiffIR2VR-Zero [73], and VEnhancer [20]) that
are trained on larger datasets. Despite large-scale train-
ing, they exhibit severe temporal inconsistency and low fi-
delity (significantly higher LPIPS) to the ground truth due
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Method LPIPS↓ Ewarp ↓ (×10−3) Eref
warp ↓ (×10−3)

Bicubic 0.3396 1.161 2.4232

RealViformer [79] 0.2298 3.128 2.3183
TTVSR [39] 0.1836 1.390 2.1178
BasicVSR++ [8] 0.1786 1.401 2.1206
RVRT [37] 0.1727 1.438 2.1217
MIA-VSR [81] 0.1659 1.439 2.1172
VRT [35] 0.1818 1.398 2.1184
EvTexture [26] 0.1684 1.488 2.1320
StableVSR [47] 0.1934 3.957 2.2123

UAV [80] 0.4157 12.881 7.5241
DiffIR2VR-Zero [73] 0.3265 6.665 3.0942
VEnhancer [20] 0.4744 14.270 2.7383

Ours 0.1582 2.313 2.1773

Ground truth - 2.127 2.1272

Ours (base model)

Ours (+temporal attn)

TTVSR

VRT

StableVSR

RVRT

EvTexture

MIA-VSR

Ours (+BlurPool)

Ours
(+Feat Prop)

Ours (final)

BasicVSR++

Figure 6. Trade-off between per-frame quality (LPIPS↓) and temporal consistency (RWE Eref
warp ↓). Our final model achieves a good

balance between temporal consistency and per-frame quality. The commonly used Ewarp for temporal consistency favors more blurry
results. The naive BICUBIC upsampling method achieves the lowest Ewarp. To address this issue, we propose to use the referenced
warping error (RWE) Eref

warp (Eqn. 4) for temporal consistency.

to model hallucination.
Our final model, VideoGigaGAN, achieves a balanced

trade-off, significantly enhancing both temporal consis-
tency and per-frame quality over the base GigaGAN model
with our proposed improvements.

Table 3. More comparison. Per-frame runtimes on 320×180 →
1280×720 are evaluated on REDS4 [42]. VideoGigaGAN demon-
strates competitive runtimes compared to (a) regression-based
models [35, 37, 68] and is substantially faster than (b) diffusion
models [20, 47, 73, 80]. (c) Scaling up BasicVSR++ does not
yield performance improvements. (d) Adding LPIPS to the train-
ing loss improves performance on LPIPS, but it introduces lower
PSNR/SSIM and makes the training unstable.

Model #Params (M) Runtime (ms) LPIPS↓ PSNR↑

R
eg

re
ss

. IA-RT [68] 13.4 1895 0.1629 32.89
VRT [35] 35.6 219 0.1818 32.19
RVRT [37] 10.8 169 0.1727 32.74

D
iff

us
io

n UAV [80] 746 7153 0.4157 23.03
VEnhancer [20] 2496 5168 0.4744 19.92
DiffIR2VR-Zero [73] 166 12212 0.3265 24.95
StableVSR [47] 712 9242 0.1934 27.98

Sc
al

in
g BasicVSR++ (small) [8] 7.3 77 0.1786 32.39

BasicVSR++ (medium) 166 85 0.1834 32.09
BasicVSR++ (large) 368 92 0.1941 31.74

+L
PI

PS BasicVSR++ (small) + LPIPS 7.3 77 0.1646 31.42

RVRT + LPIPS 10.8 169 diverged diverged

VideoGigaGAN (ours) 369 295 0.1582 30.46

4.5. Additional results

Model sizes and runtimes. Table 3 compares model sizes
and runtimes across VSR methods. Despite its larger size
due to generative capacity, our model maintains competitive
speed. Unlike slower diffusion-based models [20, 47, 73,
80] requiring iterative denoising, VideoGigaGAN achieves
fast results in a single feedforward pass.

Scaling-up experiments. For fair comparison, we scale up
BasicVSR++[8] with additional layers and channels, evalu-
ating on REDS4[42]. Consistent with findings in [27], scal-
ing up BasicVSR++ alone does not enhance performance.
Despite a similar model size, training BasicVSR++ (large)
becomes unstable past 40K iterations. We report its perfor-
mance at 35K in Table 3, which is worse than our model.

Adding LPIPS to the training loss. We also add LPIPS
to the training loss of BasicVSR++ and RVRT [37]. We
report the results in Table 3. The performance of Ba-
sicVSR++ (small) on LPIPS metric improves, but with a
drop in PSNR and SSIM. Training RVRT with LPIPS is un-
stable and finally diverges. Moreover, training BasicVSR++
with LPIPS produces severe checkerboard artifacts in all re-
sults, similar to previous works. We show some qualitative
results in our supplementary material.

More perceptual metrics. We mainly use LPIPS as the
metric for per-frame quality but acknowledge its limitations
in capturing higher-level structures [14]. To address this, we
also evaluate FID and DISTS in the supplementary material.

5. Conclusions

We present VideoGigaGAN, a novel generative VSR model
that enhances high-frequency details and temporal con-
sistency in upscaled videos. Unlike previous regression-
based VSR methods that produce blurrier outputs, VideoGi-
gaGAN leverages the powerful GigaGAN image upsam-
pler. We address key challenges like temporal flickering
and aliasing by introducing new components that improve
both consistency and per-frame quality. Our results show
that VideoGigaGAN effectively balances the consistency-
quality trade-off in VSR, outperforming previous methods.
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