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Abstract

Recent video diffusion models achieve high-quality genera-
tion through recurrent frame processing where each frame
generation depends on previous frames. However, this re-
current mechanism means that training such models in the
pixel domain incurs prohibitive memory costs, as activa-
tions accumulate across the entire video sequence. This
fundamental limitation also makes fine-tuning these models
with pixel-wise losses computationally intractable for long
or high-resolution videos. This paper introduces Chop-
Grad, a truncated backpropagation scheme for video de-
coding, limiting gradient computation to local frame win-
dows while maintaining global consistency. We provide a
theoretical analysis of this approximation and show that it
enables efficient fine-tuning with frame-wise losses. Chop-
Grad reduces training memory from scaling linearly with
the number of video frames (full backpropagation) to con-
stant memory, and compares favorably to existing state-
of-the-art video diffusion models across a suite of condi-
tional video generation tasks with pixel-wise losses, in-
cluding video super-resolution, video inpainting, video en-
hancement of neural-rendered scenes, and controlled driv-
ing video generation. Our project page is available at
https://light.princeton.edu/chopgrad.

1. Introduction
Recent methods in latent video diffusion are capable of
generating high-resolution videos over long time horizons
[22, 51, 57, 66]. Similar to latent image diffusion models,
latent video diffusion models rely on pre-trained autoen-
coders to compress videos into latent embeddings and then
learn over these embeddings [4, 5, 19]. An enabling fac-
tor for recent video diffusion results is the use of temporal
compression, where the autoencoder not only compresses
video frames along spatial dimensions, but also along the
temporal dimension [37, 76, 84].

Temporal compression groups multiple image frames

Figure 1. ChopGrad Method. ChopGrad unlocks pixel-wise
losses for high resolution, long-duration video diffusion models.
It leverages truncated backpropagation to eliminate recursive ac-
tivation accumulation in video autoencoders with causal caching.
Solid arrows indicate the flow of information in the decoder for-
ward pass, dashed ones indicate the backward flow of gradients
with ChopGrad. Adding ChopGrad to training procedures is easy
and produces state of the art performance in a variety of appli-
cations that benefit from pixel-wise losses, such as video super-
resolution, video inpainting, video enhancement of neural ren-
dered scenes, and controlled driving video generation.

into a single latent frame group. To incentivize temporal
consistency between these frame groups causal caching has
been introduced [63, 70, 74]. This technique appends em-
beddings from previous frame group encodings onto the be-
ginning of subsequent frame groups at each layer of the
video encoder and decoder. Notably, this approach intro-
duces a recurrent structure into the autoencoder, where the
dependency graph of video latents requires gradients to be
propagated through all previous frame embeddings.

At the same time, most successful latent video diffusion
models are trained within the latent space [2, 22, 51, 70],
meaning gradients are not propagated through the encoder
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or decoder during latent video diffusion training. As such,
existing methods make pixel-wise losses intractable for
long-duration videos as the gradients of these losses require
the recurrent accumulation of activations through the de-
coder. These pixel-level perceptual losses are used exten-
sively in finetuning image diffusion models and video mod-
els with short-duration, low-resolution videos in applica-
tions such as single-step model distillation [73], enhance-
ment of neural rendered scenes [11, 61], image translation
[41], video super-resolution [12], and controlled driving
video generation [34, 55]. In work such as [34, 41, 55, 61],
the decoder itself is finetuned, making support for pixel-
wise losses a strict requirement for training these types of
models.

To enable pixel-wise losses for high-resolution, long du-
ration video diffusion, this work introduces ChopGrad, a
truncated backpropagation scheme for video decoding (Fig.
1). Truncated backpropagation prevents activation accumu-
lation over the full unrolled network by limiting the number
of previous frames the gradients can propagate through. To
validate this, we define latent temporal locality to demon-
strate that the effect of prior video frames in the gradi-
ent error drops off at an exponential rate. We show that
the proposed method enables efficient training using pixel-
wise losses, such as the LPIPS [78] loss, across a variety
of tasks and multiple video diffusion models. We evaluate
our method on several applications, including video super-
resolution, video inpainting, video enhancement of neural
rendered scenes, and controlled driving video generation,
outperforming existing latent video diffusion adaptation
methods in terms of quantitative frame-wise and video per-
formance metrics. These results are achieved with modest
computational resources (training times of approximately 3
to 4 hours on 4 to 8 A100 GPUs). The contributions of this
paper are:
• A mathematical derivation and error analysis of truncated

backpropagation for causal video autoencoders,
• A memory-efficient, practical approach for implement-

ing pixel-wise losses for fine-tuning latent video diffusion
models that generalizes across multiple diffusion models,

• Validation of the method across several tasks requiring
pixel-wise losses, including video super-resolution, video
inpainting, video enhancement of neural-rendered scenes,
and controlled driving video generation, comparing favor-
ably to existing baselines in all experiments.

2. Related Work
Latent video diffusion has experienced rapid advancement
in recent years thanks in part to novel video auto-encoding
methods [5, 8, 37, 66]. In particular, temporal compression
and causal caching have demonstrated significant improve-
ments in video quality and temporal consistency.

Latent video diffusion models extend latent image dif-

fusion methods to model temporally coherent video se-
quences by operating in a compressed latent space rather
than pixel space [4, 25, 66, 75]. Operating in a latent space
[3, 31, 47, 57] reduces per-frame dimensionality and en-
ables tractable scaling to longer and higher-resolution clips
while preserving perceptual fidelity [22, 24]. Early video
diffusion formulations applied standard image-based dif-
fusion techniques directly to short clips, jointly denois-
ing fixed-length frame blocks and introducing conditioning
strategies to extend temporal length [2, 13, 25, 47].

One of the most prevalent architectural advancements
powering latent video diffusion is the use of temporal com-
pression [9, 14, 18, 19, 80, 84] and causal caching to pre-
serve latent integrity and temporal consistency when pro-
cessing long sequences [2, 17, 74]. Causal caching has
been used to maintain reconstruction fidelity and avoid tem-
poral flicker while dramatically reducing memory and la-
tency during encoding/decoding [32, 63]. Unfortunately,
this causal caching mechanism for video encoding intro-
duces a recurrent structure into the encoders and decoders
used by latent video diffusion models, resulting in pro-
hibitive memory consumption due to activation accumula-
tion during training when pixel-wise losses are used.

A similar problem was encountered in early natural lan-
guage processing with recurrent neural networks [42–44],
where truncated backpropagation through time was used to
mitigate this issue [1, 60]. To the best of our knowledge, this
paradigm has not been investigated or applied for image or
video models.

Diffusion models often require long inference times, as
the model must be run many times to generate an output.
Single and few-step distillation [6, 26, 36, 39, 45, 52, 69, 73]
has been used to reduce the number of steps required.
Single-step distillation has also been used to adapt diffusion
models to image-to-image translation tasks like changing
weather or generating images from sketches [10, 30, 41].
In applications where input/output pairs are readily avail-
able (such as super-resolution [12, 21, 53, 58] or 3D gaus-
sian splatting post-processing [16, 34, 55, 61]), pretrained
diffusion models [12, 16, 50, 55] or their one-step distilled
counterparts [34, 61] have been finetuned for single-step in-
ference on the given task. Many of these single-step distil-
lation and finetuning approaches rely on pixel-wise percep-
tual losses, albeit at low resolution and video duration in the
case of video models due to memory constraints. As such,
these single-step diffusion applications can derive the most
benefit from ChopGrad.

2.1. Preliminaries

Latent video diffusion models work by first mapping from
the high-dimensional pixel space to a lower-dimensional la-
tent space, down-sampling both the spatial and temporal di-
mensions via a pre-trained 3D VAE video encoder [3, 70].
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Figure 2. ChopGrad Model Architecture. Given the processed video frame latents, the video decoder iteratively applies causal caching
at each layer, producing pixel outputs. Caching is performed by taking a subset of the layer outputs and appending these to the beginning
of the layer inputs for the next frame group. While substantially reducing memory use at inference time compared to full 3D convolution
over all frame groups, during training this process introduces recursive activation accumulation in the decoder, making backpropagation
prohibitively expensive for high-resolution or long videos when using pixel-wise losses. Using truncated backpropagation, we only allow
gradients to accumulate through a fixed number (Dtrunc) of previous frame groups.

Once encoded, the video embeddings are then processed by
the network backbone, often a transformer, which learns the
temporal evolution of the video embeddings. Finally, the
output embeddings are re-projected into pixel space via the
pre-trained 3D VAE decoder.

The structure of such 3D VAE networks groups a set of
frames into a single latent embedding. To retain temporal
consistency these networks use what is called causal logic
padding [63] or causal caching [32], where the trailing N
outputs from the previous frame group are concatenated to
the beginning of the subsequent frame group at each layer of
the encoder and decoder [70, 74]. This results in a recurrent
structure, where the gradients of pixel-wise losses on later
frames propagate through all previous frame groups.

When training 3D VAEs, computational resources are
dedicated solely to the VAE, and approaches such as se-
quence parallelism can be used to mitigate these issues, as
described in [70]. In addition, 3D VAEs are also able to
be trained at lower resolutions/durations with results gen-
eralizing to higher resolution/duration videos with no ad-
ditional fine-tuning [70]. However, when training or fine-
tuning latent video diffusion model transformers or U-nets,
the majority of the memory budget is consumed by these
backbones, prohibiting the allocation of significant mem-
ory resources to decoder backpropagation. The backbones
must also be trained at high resolution/duration if they are
to perform well for high-resolution/duration inference, fur-
ther compounding these memory requirements, especially
as adding pixel-wise losses also requires the decoders to
perform inference at high resolution/duration, even if their
own parameters are frozen.

3. ChopGrad
In order to enable training of video diffusion models
on long, high-resolution videos with pixel-wise losses
while maintaining modest memory requirements we present
ChopGrad, a novel method for backpropagating through
the video decoder. Sections 3.1 and 3.2 report that popular

pre-trained video autoencoders with causal caching demon-
strate temporal locality, where frame groups only affect
other frame groups in close temporal proximity. Motivated
by this insight, ChopGrad applies truncated backpropaga-
tion through time to the decoder cache to increase computa-
tional efficiency with minimal degradation in performance.
With truncated backpropagation, gradients of each frame
group are only able to accumulate to a portion of prior frame
groups set by the truncation distance. This breaks the recur-
sive loop present in popular video autoencoders and enables
pixel-wise losses for long, high-resolution videos. In Sec-
tion 3.3 we quantify temporal locality and truncation gra-
dient error in the Wan2.1 decoder and transformer. Imple-
mentation details are provided in the Appendix.

3.1. Causal Caching in Temporal VAEs
The temporal VAE architecture with causal masking is first
formalized. Let X = {x1,x2, . . . ,xT } denote a video se-
quence of T frames, where each frame xt ∈ RH×W×C has
height H , width W , and C channels.

The 3D VAE encoder groups consecutive frames
into non-overlapping segments. For a frame group of
size G, the i-th frame group contains frames Xi =
{xiG,xiG+1, . . . ,xiG+G−1} for i = 0, 1, 2, . . . , ⌈T/G⌉.

Let zi,m ∈ Rdm×T ′×W ′×H′
be the video latent embed-

ding of frame group i at encoder layer m, where H ′,W ′

are the down-sampled spatial dimensions, T ′ is the down-
sampled temporal dimension, and dm is the latent dimen-
sion for layer m.

The causal caching mechanism ensures that the decoder
(D) for frame group i receives context from the previous
group. Specifically, let zci−1,m denote the causal cache of
size N of decoded features from group i−1 for the decoder
layer m. The decoder then reconstructs the frames and con-
structs the cache

zi,m+1, z
c
i,m = Dm(Concat(zci−1,m, zi,m)). (1)

The causal structure creates a recurrent dependency
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where the pixel-wise loss Lpix
i for group i depends on all

previous groups through the concatenated context zci−1 at
each decoder layer.

3.2. Truncated Backpropagation and Locality
Truncated backpropagation leverages temporal locality to
enable efficient training while preserving the essential tem-
poral dependencies. The following analysis focuses on
causal caching within the decoder network.

Let zi ∈ Rd denote the unrolled latent, where the layer
indices m are omitted for notational convenience. Let
D(i, j) be a distance metric such that D(i, j) = 0 if and
only if i and j refer to latents belonging to the same frame
group. This index-based distance formalism allows us to
reason about temporal proximity and the influence of one
latent on another.

Let Ji,j = ∂zi/∂zj ∈ Rd×d denote the Jacobian of la-
tent i with respect to latent j. The scalar influence measure
is then defined as

Li←j := ∥Ji,j∥, (2)

for a chosen matrix norm. This quantity captures the effect
of latent j on latent i and is a vector-norm on a vector space.

Temporal locality is defined as the existence of constants
C,α > 0 such that the influence measure decays exponen-
tially with distance

Li←j ≤ C · exp(−αD(i, j)). (3)

Intuitively, this means that a latent only meaningfully af-
fects nearby latents in time. Using the chain rule, the gradi-
ent of the overall loss L with respect to a latent zi decom-
poses as

∂L
∂zj

=
∑
i

∂L
∂zi

∂zi
∂zj

=
∑
i

∂L
∂zi

Ji,j . (4)

Taking the norm of both sides and applying the triangle
inequality, ∥∥∥∥ ∂L

∂zj

∥∥∥∥ ≤∑
i

∥∥∥∥ ∂L
∂zi

∥∥∥∥Li←j , (5)

which shows that the loss gradient at zi is dominated by
contributions from latents in close temporal proximity as-
suming temporal locality holds. Our key insight is that the
temporal locality enables effective truncated backpropaga-
tion in the 3D VAE decoder. When we truncate gradients
to only flow through a limited number of previous frame
groups, the exponential decay in the influence measure en-
sures that the approximation error is bounded.

Specifically, for truncated backpropagation at temporal
distance Dtrunc, the error in gradient computation is bounded
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Figure 3. Temporal Locality. Influence measure samples (2) as a
function of temporal distance between decoder inputs (i.e. latent
embeddings) and outputs (i.e. pixels) alongside the mean and line
of best fit. As temporal distance increases, the influence between
embeddings decreases exponentially, resulting in minimal gradient
contributions (5).

by∥∥∥∥ ∂L
∂zj
− ∂Ltrunc

∂zj

∥∥∥∥ ≤ C · exp(−αDtrunc)
∑
i

∥∥∥∥ ∂L
∂zi

∥∥∥∥ , (6)

where Ltrunc denotes the loss computed with truncated
backpropagation.

A truncation distance Dtrunc ≥ 1
α log(Cϵ ) can therefore

be chosen to satisfy a desired error tolerance ϵ. In practice,
the network still learns effectively with a small truncation
distance as shown in Sections 3.3 and 4.

The integration of causal caching with truncated back-
propagation creates a hybrid approach: the network back-
bone can still attend to all video latent embeddings for
global temporal understanding, while the 3D VAE decoder
operates with limited temporal context, reducing compu-
tational complexity. This design preserves essential tem-
poral dependencies while making large-scale video diffu-
sion model training using pixel-wise losses computationally
tractable.

3.3. Analysis

Temporal Locality. We analyze the proposed method by
first confirming that temporal locality holds in the popular
WAN 2.1 video decoder [51]. The locality measure (3) is
averaged across several videos, each with 97 frames and
down-sampled to a resolution of 64 × 128 to prevent pro-
hibitive memory requirements. Fig. 3 reports the mean of
the influence measure (2) as a function of temporal distance,
where a distance of 0 indicates pixel i is in the frame group
of latent j. Notably, the locality measure decays at an ex-
ponential rate, meaning the influence of pixels on frame
groups significantly decreases as the temporal distance in-
creases. This property is demonstrated implicitly for other
3D VAEs by the results presented in Section 4.
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Figure 4. Impact of Truncation Distance on Backbone Model
Parameter Gradients. Normalized MAE and cosine distance
(computed by flattening all model parameters) are shown. Though
error is significant at small truncation distances, the cosine sim-
ilarity remains high across all distances, implying that the errors
are primarily of magnitude, not direction.

Decoder Input Gradient Error. We likewise present the
gradient error (6) between the full and truncated backpropa-
gation algorithms as a function of truncation distance. Gra-
dients are computed by backpropagating pixel-wise losses
to each decoder input latent considering varying truncation
distances. Reported results are the absolute and relative dif-
ference between the gradients for the truncated distance and
the full backpropagation scheme. Differences are measured
using the Frobenius matrix norm and these, along with rel-
ative differences, are presented in Fig. 5. From this plot
we see that, even for low truncation distances, gradients ap-
proach those of full backpropagation, confirming that trun-
cated backpropagation can be applied with minimal degra-
dation in temporal consistency as the decoder network only
considers small temporal neighborhoods.

Effect on Backbone Model Parameters. Next, we eval-
uate the effect of gradient truncation on the backbone
model parameters during training by computing the aver-
age gradient of the parameters of the public Wan 2.1 1.3B
transformer checkpoint over the entire training set of the
DL3DV-benchmark dataset (see Section 4.2), around 100
videos. We perform this computation over a range of trun-
cation distances and compare to the gradients of the full
backwards pass, with results presented in Fig. 4. Reported
is the normalized mean absolute error (MAE) and cosine
similarity, computed by flattening all model parameters into
a single vector. The error is large for small truncation dis-
tances, indicating that the errors introduced by truncation
are not averaged out over the dataset, and are propagated
to model parameters. However, the high cosine similarity
indicates that the error is primarily one of magnitude, not
direction, and since gradient magnitudes are scaled by op-
timizers, the impact on training is negligible. This is con-
firmed by the results in Table 2, where increasing truncation
distance only modestly improves performance.
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Figure 5. Truncation Induced Gradient Error. Mean gradi-
ent error (6) between the truncated and full backpropagation al-
gorithms as a function of truncation distance.
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Figure 6. Resource Utilization. Computational time and memory
requirements as a function of truncation distance.

Figure 7. Spatial Locality in 3D VAEs. The video frame on the
left is decoded from the original latents, while on the right a sec-
tion of latents is zeroed. The red line indicates the boundary be-
tween original and zeroed latents. The upper portion of the frame
is entirely unaffected by the corruption of the bottom.

Runtime and Memory. Fig. 6 confirms that the proposed
approach scales linearly with respect to truncation distance
in terms of both computational time and memory. We reiter-
ate that memory use is constant with respect to video length.
To further save on memory, gradients are truncated spatially
as well as temporally, such that gradients are computed over
spatial chunks of the video separately. This spatial locality
is illustrated in Fig. 7 and has been explored and leveraged
by existing state-of-the-art video diffusion models [51, 70].
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4. Applications
We validate the efficacy of ChopGrad in four applications
across multiple diffusion models: video super-resolution
(Sec. 4.1), novel view synthesis (Sec. 4.2), video inpaint-
ing (Sec. 4.3), and controlled driving video generation
(Sec. 4.4).

4.1. Video Super-Resolution
We first show that adding ChopGrad to a state-of-the-art
video super-resolution method yields significant improve-
ments in perceptual losses by finetuning DOVE [12] using
ChopGrad. DOVE finetunes CogVideoX [70], a DiT (Dif-
fusion Transformer) model, for super-resolution. DOVE
uses pixel-wise losses, including MSE and DISTS [15], but
is forced to encode and decode each video frame separately
during loss computation due to memory constraints, reduc-
ing inter-frame consistency and requiring the addition of a
frame consistency loss to attempt to compensate for this.
In contrast, for ChopGrad, we start with the publicly avail-
able DOVE checkpoint and perform full finetuning on the
HQ-VSR dataset [12] for 500 steps using video lengths of
24 frames, omitting interframe consistency losses. We use
frame-wise DISTS loss with a weight of 0.1 and pixel-wise
MSE with a weight of 1. All other settings are consistent
with the original DOVE Stage-2 implementation, except
that in DOVE 80% of the batches are images, not videos,
while we train on videos only. For the DOVE baseline, the
publicly available DOVE checkpoint is used. As we found
additional fine-tuning using the original DOVE method to
result in equivalent performance, the results for the original
model are presented.

Quantitative results for video super-resolution are pre-
sented in Table 1. The addition of the proposed truncated
backpropagation scheme improves performance across the
majority of datasets and metrics, and the improvements
are more pronounced for perceptual metrics (LPIPS and
DISTS). Selected frames from processed videos are shown
in Fig. 8, where ChopGrad synthesizes fine-grained details
such as fur, hair, and clouds better than the baseline ap-
proach.

4.2. Artifact Removal in Novel View Synthesis
Next, we use ChopGrad for refining renders from imperfect
neural rendering models [29, 38], which has recently be-
come an established task [11, 61]. Renders of 3D Gaussian
Splatting novel view synthesis methods [29] often contain
artifacts such as “floaters” that a set of recent diffusion mod-
els mitigate. Specifically, MVSplat-360 [11] and Difix3D+
[61] are designed for this task. MVSplat-360 is trained to
refine video sequences of 14 frames rendered from 3DGS
models while Difix is trained to refine individual frames.
As a result, MVSplat-360 operates at a lower resolution
(448 × 256) with a small window of temporal consistency

High-Res Low-Res DOVE ChopGrad

Figure 8. Video Super-Resolution Comparison. Shown from
left to right: high-resolution, low-resolution input, DOVE [12],
and the proposed approach, ChopGrad. ChopGrad synthesizes
fine textures better and reduces motion blur, especially in regions
with high-frequency details like fur, hair, cloth, and clouds. LPIPS
scores for each frame are shown in the bottom right-hand corner,
where a lower score indicates better perceptual quality. The asso-
ciated videos can be found in the Appendix.

while Difix operates at a higher resolution (960 × 544) but
has no capacity to enforce temporal consistency. While
MVSplat-360 and Difix both leverage pixel-wise losses,
they are unable to scale to long and high-resolution videos.

We generate a dataset using the DL3DV-Benchmark
[33], a collection of 140 videos and camera trajectories.
Gaussian splat models are generated using every 50th frame
of each video and rendered videos are constructed along
entire camera trajectories. For ChopGrad, we initialize
the video diffusion model from a pre-trained Wan 2.1 14B
[51] model and fine-tune the transformer backbone for 10
epochs. Difix is fine-tuned for 10000 steps on the same data.
As MVSplat-360 is trained on the DL3DV dataset, no fine-
tuning is applied. We found that using the MVSplat-360
refinement model on our rendered videos led to poor per-
formance. Performance was significantly improved using
the same number of sparse views for constructing the 3DGS
model when using the views specified in the MVSplat-360
repository. As such, we opt to use these improved selections
for computing MVSplat-360 metrics.

Fig. 9 depicts ChopGrad alongside the baseline meth-
ods for several scenes from the DL3DV-Benchmark test set
and Table 2 presents quantitative results. ChopGrad out-
performs the baselines across all metrics except temporal
flickering where results are competitive with MVSplat-360.
A user study, available in the Appendix, also found that
95.6% of users preferred the videos generated by Chop-
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Table 1. Quantitative Comparison for Video Super-Resolution. The first, second, and third best results are highlighted with dark green,
light green, and yellow, respectively. ChopGrad outperforms all baselines in the majority of metrics and datasets, and achieves competitive
performance otherwise.

Dataset Metrics RealESRGAN ResShift RealBasicVSR Upscale-A-Video MGLD-VSR VEnhancer STAR DOVE ChopGrad
[56] [77] [7] [82] [67] [20] [65] [12] (Ours)

UDM10

PSNR (↑) 24.04 23.65 24.13 21.72 24.23 21.32 23.47 26.48 26.70
SSIM (↑) 0.7107 0.6016 0.6801 0.5913 0.6957 0.6811 0.6804 0.7827 0.7753
LPIPS (↓) 0.3877 0.5537 0.3908 0.4116 0.3272 0.4344 0.4242 0.2696 0.2346
DISTS (↓) 0.2184 0.2898 0.2067 0.2230 0.1677 0.2310 0.2156 0.1492 0.1143

SPMCS

PSNR (↑) 21.22 21.68 22.17 18.81 22.39 18.58 21.24 23.11 23.67
SSIM (↑) 0.5613 0.5153 0.5638 0.4113 0.5896 0.4850 0.5441 0.6210 0.6274
LPIPS (↓) 0.3721 0.4467 0.3662 0.4468 0.3263 0.5358 0.5257 0.2888 0.2647
DISTS (↓) 0.2220 0.2697 0.2164 0.2452 0.1960 0.2669 0.2872 0.1713 0.1448

YouHQ40

PSNR (↑) 22.82 23.32 22.39 19.62 23.17 19.78 22.64 24.30 24.58
SSIM (↑) 0.6337 0.6273 0.5895 0.4824 0.6194 0.5911 0.6323 0.6740 0.6760
LPIPS (↓) 0.3571 0.4211 0.4091 0.4268 0.3608 0.4742 0.4600 0.2997 0.2581
DISTS (↓) 0.1790 0.2159 0.1933 0.2012 0.1685 0.2140 0.2287 0.1477 0.1079

RealVSR

PSNR (↑) 20.85 20.81 22.12 20.29 22.02 15.75 17.43 22.32 22.43
SSIM (↑) 0.7105 0.6277 0.7163 0.5945 0.6774 0.4002 0.5215 0.7301 0.7193
LPIPS (↓) 0.2016 0.2312 0.1870 0.2671 0.2182 0.3784 0.2943 0.1851 0.1934
DISTS (↓) 0.1279 0.1435 0.0983 0.1425 0.1169 0.1688 0.1599 0.0978 0.0944

MVSR4x

PSNR (↑) 22.47 21.58 21.80 20.42 22.77 20.50 22.42 22.42 22.55
SSIM (↑) 0.7412 0.6473 0.7045 0.6117 0.7418 0.7117 0.7421 0.7523 0.7550
LPIPS (↓) 0.4534 0.5945 0.4235 0.4717 0.3568 0.4471 0.4311 0.3476 0.3212
DISTS (↓) 0.3021 0.3351 0.2498 0.2673 0.2245 0.2800 0.2714 0.2363 0.2071

Table 2. Neural Novel View Synthesis Results. Top section: ChopGrad out-performs all baselines across all metrics except temporal
flickering, where it achieves competitive performance with MVSplat-360 [11]. Interestingly, while increasing the truncation distance no-
ticeably increases training time memory, the metric differences are minimal. Bottom section: Ablation Results for ChopGrad. ChopGrad*

uses the same 1-step diffusion network, but is only trained using latent mean-squared error. ChopGrad† likewise uses latent mean-squared
error for training but is trained twice as long. As such, both ablations do not propagate gradients through the video decoder. The perfor-
mance of ChopGrad using various truncation distances is also presented.

Method FID (↓) PSNR (↑) SSIM (↑) LPIPS (↓) Dists (↓) VBench Overall VBench Temporal Inference Time Train Time
Quality (↑) Flickering (↑) [s/frame] [H]

Difix [61] 16.637 17.213 0.561 0.407 0.122 0.766 0.898 0.37 2.0
MVSplat-360 [11] 38.203 15.502 0.492 0.532 0.231 0.743 0.926 2.89 -
ChopGrad 11.209 19.237 0.610 0.342 0.113 0.783 0.921 1.11 4.0

ChopGrad* 48.525 19.501 0.588 0.440 0.244 0.753 0.933 1.11 2.3
ChopGrad† 48.173 19.401 0.586 0.439 0.238 0.751 0.932 1.11 4.5
ChopGrad Dtrunc = 0 11.775 19.231 0.605 0.345 0.115 0.782 0.920 1.11 3.5
ChopGrad Dtrunc = 1 11.209 19.237 0.610 0.342 0.113 0.783 0.921 1.11 4.0
ChopGrad Dtrunc = 2 11.742 19.308 0.609 0.343 0.115 0.782 0.922 1.11 4.5

Grad over those generated by MVSplat-360 or Difix. No-
tably, while MVSplat-360 requires 60K training iterations
[11], ChopGrad requires a small number of fine-tuning it-
erations when starting with the WAN2.1 14B pre-trained
model. This demonstrates that ChopGrad enables diffusion
models to quickly generalize to unseen tasks by fine-tuning
using pixel-space losses.

To demonstrate that the performance gains are a result
of pixel-wise losses enabled by ChopGrad and not simply
a more powerful backbone, we report ablation experiments
in Table 2 (bottom section) and a qualitative comparison in
Fig. 10, where ChopGrad is trained using only MSE loss
in the latent space and using various truncation distances.
While training only on the video latents is faster, the percep-
tual quality is worse and blurring is prevalent, especially in

regions with fine details. As discussed in Section 3.3, trun-
cation distance has a minor impact on result quality. Videos
of the DL3DV-Benchmark for ChopGrad and baselines can
be found in the Appendix.

4.3. Video Inpainting
We demonstrate that in video inpainting applications, Chop-
Grad allows for reducing inference time by 50× while re-
maining on-par in terms of quality. We evaluate ChopGrad
for video inpainting on three datasets: DL3DV-Benchmark
[33], Waymo Open Dataset [48], and ROVI [62]. For
DL3DV-Benchmark and Waymo, we mask a fixed central
region covering half the height and width of each frame and
use an uninformative prompt. With ROVI, we use the in-
cluded object masks and text descriptions. For ChopGrad
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Ground Truth 3DGS MVSplat-360 Difix ChopGrad

Figure 9. ChopGrad vs Baselines for Neural Novel View Synthesis. Ground truth video frames and 3D Gaussian Splat renders are shown
on the left. Results for MVSplat-360 [11] and Difix [61] are presented alongside ChopGrad.

ChopGrad* ChopGrad† Dtrunc = 0 Dtrunc = 1 Dtrunc = 2

Figure 10. Ablation Experiments for Neural Novel View Syn-
thesis. ChopGrad* and ChopGrad† are trained using only the MSE
loss in the latent space. The Dtrunc cases show ChopGrad results
at various truncation distances.

we finetune a Wan 2.1 14B model using latent MSE and
pixel LPIPS losses for single-step inference using a trunca-
tion distance of 1. The baseline is VACE [28] 14B, a control
adapter for Wan 2.1 14B which is trained for a variety of
tasks, including inpainting. VACE inference is performed
using the default 50 steps from the VACE repository [28].
For all datasets, we train both ChopGrad and VACE the
same number of steps. More training details are available
in the Appendix.

Quantitative results are reported in Table 3, qualita-
tive results in Fig. 11. ChopGrad outperforms VACE on
reconstruction-based metrics and maintains similar video
quality metrics (VBench overall quality score within 1%
across all datasets) while reducing inference time compute
budget by 50×. FVD (Fréchet Video Distance) is higher for

ChopGrad on ROVI but lower for the other two datasets,
likely stemming from the overall more extreme masking
in D3LDV and ROVI. Qualitatively, we observe that the
ChopGrad model adheres better to the scene and intro-
duces fewer novel structures compared to VACE, occasion-
ally at the cost of visual quality. In the more extreme
masking regime of DL3DV and Waymo, VACE is penal-
ized less for novel structures (relative to ChopGrad), as the
unmasked region is less informative about the region in-
side the mask, resulting in smaller relative improvements
in reconstruction-based losses.

4.4. Controlled Driving Video Generation

Visually realistic controlled driving video generation is es-
sential for autonomous vehicle safety as it enables vali-
dation of vehicle behavior in rarely encountered scenar-
ios. 3DGS [29] offers powerful scene reconstruction ap-
proaches, and recent neural driving simulators allow for ma-
nipulation of vehicles and reconstructed assets using scene
graphs [35, 40, 81] of reconstructed splats to enable this
kind of simulation. However, large manipulation of vehicles
and assets in these simulators [35, 81] leads to myriad vi-
sual artifacts (see Naive Insertion columns of Fig. 12 for ex-
amples). Post-processing videos rendered from such neural
scenes with single-step diffusion is a promising approach
for overcoming these issues, but existing methods such as
[34, 55] suffer from resolution / duration limitations.

Following [34, 55] we create a dataset based on Waymo
Open Dataset [48] where 3DGS models are constructed,
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Table 3. Video Inpainting Evaluation. ChopGrad results are
output in a single step, a 50× compute time improvement over
VACE. VBench components are provided in the Appendix. Dark
green is best, light green is second best.

Dataset Method FID ↓ FVD ↓ PSNR ↑ SSIM ↑ LPIPS ↓ DISTS ↓ VBench
Overall ↑

DL3DV VACE 45.060 574.441 20.678 0.757 0.236 0.083 0.792
ChopGrad 40.948 583.581 21.699 0.765 0.221 0.077 0.792

Waymo VACE 34.856 440.651 23.229 0.804 0.212 0.079 0.836
ChopGrad 27.057 470.545 25.048 0.823 0.192 0.071 0.835

ROVI VACE 30.491 201.610 22.618 0.834 0.223 0.112 0.752
ChopGrad 27.547 188.546 25.200 0.859 0.199 0.095 0.747

Table 4. Controlled Driving Video Generation Results. Chop-
Grad was produced by initializing with Mirage followed by fur-
ther finetuning Mirage’s Harmonization stage for 1000 steps at
high resolution (HR) / duration using ChopGrad. Dark green is
best, light green is second best.

Method PSNR ↑ SSIM ↑ LPIPS ↓ DISTS ↓ FID ↓ FVD ↓
Mirage (HR) 27.30 0.8912 0.2067 0.0740 10.28 204.66
ChopGrad 29.49 0.9031 0.1719 0.0561 5.86 154.49

then assets are extracted and reinserted, producing the de-
sired artifacts and input/output pairs to train and test with.
Dataset construction details are presented in the Appendix.

We demonstrate ChopGrad for controlled driving video
generation on Mirage [55] with our own Wan2.1-based im-
plementation (details in the Appendix), as we were unable
to acquire the original implementation even after contact-
ing the authors. We train our implementation on 9-frame
clips at a resolution of 480x832. After training Mirage we
performed inference and evaluation at high resolution / du-
ration (720x1280, 97 frames) as up-scaling training resolu-
tion outputs yielded poorer results. Subsequently, we fine-
tuned Mirage’s harmonization stage model using ChopGrad
for 1000 steps at 720x1280 resolution, 49 frame duration,
and performed inference on 49 frame segments. Results
are reported in Table 4 and Fig. 12. Quantitative metrics
are improved across all tests, while inspection of the quali-
tative results shows that finetuning Mirage with ChopGrad
improves lighting fixing, artifact removal, and shadow in-
sertion. Notably, the parameters of the decoder itself are
finetuned in Mirage, confirming that ChopGrad can be used
for decoder, as well as transformer, training.

5. Conclusion
We introduce ChopGrad, a truncated backpropagation ap-
proach that enables pixel-wise supervision at high resolu-
tions and long durations in latent video diffusion models
with causal caching. In architectures where the decoder is
finetuned (e.g. [55]) this capability is required, while in oth-
ers it leads to significantly improved results (bottom of Ta-
ble 2). Applications of such models trained with pixel-wise
losses are numerous, including single-step model distilla-
tion [73], enhancement of neural rendered scenes [11, 61],

VACE ChopGrad Ground Truth

Figure 11. Video Inpainting. We find that the recent VACE [28]
tends to hallucinate (e.g., top section, top panel), while ChopGrad
stays closer to the input but can also produce implausible results.
ChopGrad results are output in a single step, a 50× compute time
improvement over VACE. Top:DL3DV, Middel: Waymo, Bottom:
ROVI.

image translation [41], video super-resolution [12], and
controlled driving video generation [34, 55].
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Naive Insertion Mirage ChopGrad Ground Truth

Figure 12. Controlled Driving Video Generation. Training with
ChopGrad improves lighting, removes more artifacts, and pro-
duces better shadows.

By analyzing latent temporal locality, we demonstrate
that long-range gradient dependencies in causal video au-
toencoders decay exponentially, allowing gradients to be
truncated without compromising performance. This in-
sight enables efficient fine-tuning of high-resolution, long-
duration video diffusion models using perceptual losses that
were previously intractable due to recursive activation accu-
mulation.
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Appendix

Section A provides additional implementation information
for the proposed ChopGrad architecture using the WAN
2.1 [51] and CogVideoX [70] video autoencoders. Next,
Section B reports additional details regarding evaluation
setups and baseline implementations for all applications,
while Section C provides details about model architectures,
training setups, and inference schemes. Next, Section D de-
scribes additional algorithmic optimizations for ChopGrad
to minimize computation times when long truncation dis-
tances are used. Finally, Sections F and E report additional
quantitative and qualitative results, respectively.

A. Implementation Details

ChopGrad is formalized in Algorithm 1 and illustrated in
Fig.2 of the primary document. The latent cache is first ei-
ther initialized as empty or detached from the previous de-
coder pass (lines 2 - 3). Critically, the cache is detached
prior to running the forward pass, so the gradients do not
propagate backwards through the full video. The pixel-wise
loss is computed using the decoded frames (line 4) and the
gradients backpropagated to the latents and cache (lines 5-
6). Truncated backpropagation is then run using the speci-
fied truncation distance (lines 7-9), and the compute graph
for latent zi−Dtrunc

is subsequently released. Cache gradi-
ents are zeroed after each backpropagation. Notably, main-
taining the compute graph in memory requires storing ac-
tivations, resulting in memory use that scales linearly with
Dtrunc, as does compute time as shown in Fig.6.

Algorithm 1 ChopGrad.

Require: Video latents {zi}⌈T/G⌉
i=1 , Dtrunc, Lpix.

Ensure: Gradients {∇ziL} for all latent frame groups
1: for i from 1 to ⌈T/G⌉ do
2: zci−1 ← detach(zci−1)
3: X̂i, z

c
i = D(Concat(zci−1, zi))

4: Li =
1
T

∑
t L

pix
i (X̂i,t,Xi,t)

5: ∇zi
← ∂Li

∂zi

6: ∇zc
i−1
← ∂Li

∂zc
i−1

7: for k = 1 to min(Dtrunc, i) do
8: ∇z(i−k)

+ =
∂zc

(i−k)

∂z(i−k)
∇zc

(i−k)

9: ∇zc
(i−k−1)

← ∂zc
(i−k)

∂zc
(i−k−1)

∇zc
(i−k)

10: end for
11: if i ≥ Dtrunc then
12: Release compute graph for z(i−Dtrunc)

13: end if
14: end for

B. Additional Evaluation and Baseline Details
This section provides additional evaluation and baseline de-
tails. Sec. B.1 presents details for Video Super-Resolution,
Sec. B.2 for Artifact Removal in Novel View Synthesis,
Sec. B.3 for Video Inpainting, and Sec. B.4 for Controlled
Driving Video Generation.

B.1. Video Super-Resolution
Video super-resolution is evaluated across the following
datasets: UDM10 [72], SPMCS [49], YouHQ40 [83], Re-
alVSR [68], and MVSR4x [54]. Metric evaluations are per-
formed using the publicly available DOVE evaluation script
and reference baseline metrics are taken from those reported
by DOVE. Notably, the evaluation metrics computed using
this script using the DOVE checkpoint match those origi-
nally reported.
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Figure 13. Computational time and memory requirements as a
function of truncation distance for the modified ChopGrad algo-
rithm. The full video length is 24 frame groups. The dashed hori-
zontal lines indicate time and memory requirements of the original
backpropagation scheme.

B.1.1. DOVE.
The publicly available DOVE code is used for inference
and evaluation. DOVE contains a 2-stage training scheme,
where the first stage uses video sequences and the second
stage uses a combination of video sequences and individual
frames to train the network.

Additional Stage 2 fine-tuning was performed for 500
iterations, but no performance improvement was observed,
indicating that the public checkpoint was already converged
and as such did not benefit from additional training. As
such, the original DOVE checkpoint is used in the evalua-
tions.

B.2. Artifact Removal in Novel View Synthesis
We evaluate our neural-rendering enhancements on the
DL3DV-Benchmark [33], which we split into 95 training
scenes, 40 testing scenes, and 5 validation scenes. Each
video in the dataset is approximately 300 frames long and
a 3DGS model is trained using GSplat [71] using only ev-
ery 50th frame for each scene. Training of the 3DGS mod-
els follows the standard gsplat implementation, where the
first 500 iterations do not modify the number of Gaussians,
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then the next 14.5k iterations are tailored for adaptive den-
sity control and the remaining iterations are for Gaussian
parameter optimization.

The 3DGS model is trained using 960 × 544 resolution
images for a total of 30k iterations, requiring approximately
5 minutes of training for each scene using an A100 GPU.

In addition, we conduct an anonymized study for deter-
mining user preference for novel view synthesis video gen-
eration. Participants are presented with three side-by-side
videos from ten scenes randomly selected from the test set.
Each of the 3 videos is generated by one of the baselines,
MVSplat [11], Difix [61], and the proposed method, Chop-
Grad (Dtrunc = 1), and users are asked to mark the video
which they preferred. The order of video appearance for
each scene was randomized. A total of 34 users participated
in the survey. The percentage of users who preferred Chop-
Grad is computed for each scene and then averaged across
all 10 scenes, yielding an overall preference rate of 95.6%
for the proposed method.

B.2.1. Difix.

Difix utilizes an image diffusion model backbone to process
individual frames from input video sequences. This diffu-
sion network is initialized from the SD-Turbo [46] check-
point and is fine-tuned for neural render enhancement.

For a fair comparison, additional fine-tuning was per-
formed on the DL3DV dataset using the training settings
provided in the paper. For each training iteration, video
frames are randomly sampled from the dataset. Difix is
fine-tuned for 10k iterations on 4 A100 GPUs, taking ap-
proximately 2 hours.

B.2.2. MVSplat360.

The MVSplat-360 baseline approach takes as input a sparse
set of views and uses a pre-trained feed-forward network
to estimate a 3DGS model. Next, a video sequence is gen-
erated along a camera trajectory and this video is refined
using a fine-tuned video diffusion network. The video diffu-
sion network is initialized using the publicly available Sta-
ble Video Diffusion (SVD) checkpoint [3]. The fine-tuned
video diffusion checkpoint is provided by the MVSplat-360
authors and used in the experiments.

The SVD model groups together 14 video frames dur-
ing the diffusion process. Self attention is used to enable
frame groups to attend to one another, but this resulted in
prohibitive memory requirements when evaluating videos
with 294 frames, even at low resolution. As such, this fea-
ture was disabled and frame groups were not able to attend
to each other.

As MVSplat-360 was trained on the DL3DV dataset, no
additional fine-tuning was performed.

B.3. Video Inpainting
We evaluate inpainting on 3 datasets: D3LDV-
benchmark[33], Waymo[48], and ROVI[62]. For D3LDV-
Benchmark we use the same dataset and train/test split as
was described in Sec. B.2. For Waymo, we use the dataset
as described in Sec. B.4. For both of these cases we mask
the ground truth videos as described in Section 4.2, with a
fixed rectangular mask having half the height and half the
width of the video. We also use a fixed prompt for both.
We also include a new experiment where vehicle bounding
boxes are masked in Waymo. Specifically, we randomly
select 50% of the labeled vehicles in the scene, and mask
out the vehicle throughout the entire video. We refer to this
setup as “Waymo-Bbox.” For ROVI we use the train/test
split from the original dataset, as well as prompts provided
by this dataset.

B.3.1. VACE.
For all experiments, we train the VACE baseline for the
same number of steps as ChopGrad, with the same video
duration, and resolution. All other settings are also the
same, unless otherwise indicated in this section. VACE is
trained using the standard latent MSE velocity objective (as
Wan 2.1 and thus VACE are flow models), with the denois-
ing timestep sampled using a timestep shift of 5, the same
shift being used during sampling. The model is sampled
over 50 steps following default settings in the VACE imple-
mentation1. Masks are provided to the model during train-
ing and inference.

B.4. Controlled Driving Video Generation
We evaluate on the Waymo Open Dataset [48], reconstruct-
ing 300 sequences, 230 for training and 70 for evaluation,
using SplatAD [23], a dynamic 3D Gaussian Splatting-
based method. SplatAD [23] decomposes each scene into
static background and dynamic actors represented as Gaus-
sian primitives, which allows us to remove selected actors
and replace them with generated 3D vehicles at the original
pose. Our vehicle generation pipeline consists of vehicle ex-
traction followed by vehicle alignment. We extract object-
centric image patches from the curated Waymo object ve-
hicle set using camera detections and LIDAR track IDs to
assemble multi-view crops. Using instance and segmenta-
tion masks, we remove background pixels, and the result-
ing patches are used as input to the TRELLIS image→3D
pipeline [64] to produce 3D Gaussian representations of the
vehicles. Since TRELLIS produces reconstructions in an
unanchored coordinate frame, the generated vehicles can
be arbitrarily rotated. To ensure consistent forward-facing
poses, we render each vehicle from angles of 0 °, 90°, 180°,
270° and estimate its yaw with Orient-Anything [59]. ve-
hicles with inconsistent cyclic orientation patterns or orien-

1https://github.com/ali-vilab/VACE
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tation confidence below a threshold are discarded, and the
original 3DGS scene models are used.

B.4.1. Mirage.
Mirage code is not publicly available, and we were not able
to gain access by emailing the authors, so we re-implement
it based on the description of the method provided in the pa-
per. We choose to use Wan 2.1 14B instead of CogVideoX
as this is a more modern and capable diffusion model, but
uses a similar VAE architecture. For fair comparison, for
ChopGrad we keep the same model architecture, losses, etc.
and only modify the training duration and resolution, since
use of ChopGrad allows us to greatly increase these.

The main architectural modifications to the diffusion
model proposed by Mirage are the addition of skip con-
nections to the decoder, and the addition of several Lo-
RAs. The skip connections are extracted from the encoder
in “2D” mode, i.e., where each frame is encoded separately
and no temporal compression is used. They are extracted
from the output of the layer immediately preceding the first
spatiotemporal downsample step, and are fused into the de-
coder immediately following the final spatio-temporal up-
sample step. To perform fusion, we concatenate the skip
connections with decoder features along the channel dimen-
sion, then perform convolution with a 3× 3 kernel to com-
pute the fused features. We use LoRA rank and alpha values
of 16 in the VAE, while for the transformer we set rank to
128 and alpha to 64.

We replicate Mirage’s two training stages – Reconstruc-
tion and Harmonization. We train each for 10k steps, with
separate LoRAs for each stage. The Reconstruction phase
trains the fusion blocks and a decoder reconstruction LoRA,
while Harmonization trains a transformer LoRA and an-
other decoder LoRA and keeps the fusion blocks frozen.
For both stages learning rate is 2 × 10−4, batch size is 8,
clip length is 9 frames and clip resolution is 480× 832. We
updated the resolution slightly from the original paper to
match Wan 2.1’s training resolution. We trained the recon-
struction phase with LPIPS and MSE losses, with the LPIPS
component scaled by a factor of 0.1.

The harmonization phase was trained with a fixed
timestep (200). To be better aligned with Wan 2.1’s ve-
locity prediction training scheme, we trained the model to
predict the difference between output and input. A com-
bination of LPIPS and Gram losses was used, with Gram
loss being scaled by 0.1. The AdamW optimizer was used
with a weight decay of 0.01, betas of 0.9 and 0.99. All
trainings were performed on a node with 8 80GB A100
GPUs. Though the original paper trained on H200s with
a smaller base model, we were able to fit our implementa-
tion on A100s by fully sharding the model and optimizer
parameters with FSDP2, and using transformer and decoder

2https://docs.pytorch.org/docs/stable/fsdp.html

activation checkpointing.

C. Architecture, Training, and Inference De-
tails

This section provides additional details on architectures,
training, and inference. Sec. C.1 presents details for Video
Super-Resolution, Sec. C.2 for Artifact Removal in Novel
View Synthesis, Sec. C.3 for Video Inpainting, and Sec. C.4
for Controlled Driving Video Generation.

C.1. Video Super-Resolution
Network Architecture. For video super-resolution, the
DOVE [12] checkpoint is used to initialize ChopGrad.
DOVE uses the CogVideoX [70] autoencoder. Similar to
the WAN 2.1 [51] video autoencoder, the CogVideoX au-
toencoder compresses multiple video frames into frame
groups. This temporal compression differs from the WAN
2.1 autoencoder however, in that the number of decoded
frames changes depending on how many frame groups are
used. When an odd number of frame groups are passed to
the decoder, the first frame group is decoded into a single
frame and the remaining frame groups are decoded into 4
frames. When an even number of frame groups are passed
to the decoder, all frame groups are decoded into 4 frames.
This behavior necessitates that 2 frame groups must be
decoded together for each decoding step. Although this
behavior could be addressed through minor modifications
to the implementation, no changes were made to preserve
compatibility with the original network.

Training. The default DOVE configuration performs
training at a resolution of 640 × 320. Given this low res-
olution, no spatial chunking was used. Fine-tuning is con-
ducted using videos with lengths of 24 frames. The second
stage training implementation from DOVE is adopted with
original hyperparameters and initialization is performed
from the provided checkpoint. Fine-tuning is performed for
500 iterations on 4 A100 GPUs, requiring approximately 8
hours. In contrast to the original DOVE Stage 2 procedure,
only videos are used, no images are trained on.

C.2. Artifact Removal in Novel View Synthesis
Network Architecture. ChopGrad and ablations are ini-
tialized using the pretrained Wan 2.1 14B [51] diffusion
transformer model. This model is then fine-tuned using the
latent embeddings of the 3DGS renders as inputs and the
ground-truth images as targets. Notably, WAN is trained to
output velocity v = ẑ − z, where ẑ is the latent embed-
ding of the rendered video and z is the latent embedding
of the ground truth video. In order to better align with the
original training objective of Wan 2.1 [51], we leverage the
same training scheme for fine-tuning. A fixed text caption is
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used to condition the refinement and the diffusion timestep
is fixed to 200. No modifications to the video encoder have
been made and the pre-trained WAN network has not been
pre-distilled for single-step inference.

The WAN 2.1 video autoencoder has a temporal com-
pression factor of 4, meaning there are 4 video frames per
frame group latent. Notably, the network pads the first video
frame with 3 empty frames, meaning the total length of the
video processed by WAN 2.1 is 4N + 1, where N is the
number of frame groups. This temporal compression factor
corresponds to G = 4 from Section 3.4. ChopGrad decodes
latents to pixels using a spatial chunk size of H/2 ×W/2,
resulting in 4 chunks. This preserves the aspect ratio of the
video and enables parallel processing for each chunk.

Training. ChopGrad is trained using both a latent MSE
loss and a pixel-space LPIPS [78] loss with VGG features.
An LPIPS weight of 100 was used while the latent MSE
weight was set to 1 for all experiments, including ablations.

A scene is randomly chosen from the dataset and a ran-
dom 81-frame sequence from this scene is used for each
training iteration. Videos have a resolution of 832 × 480.
Notably, larger resolution videos may be used for training
(i.e. 1280× 720), but lower resolution videos were used in
experiments for fair baseline comparisons.

Training is conducted for approximately 3-4 hours on 8
A100 GPUs. PyTorch’s Fully Sharded Data Parallel archi-
tecture [79] is leveraged to shard the model parameters and
optimizer states of the WAN diffusion transformer. To min-
imize memory, 8-way sequence parallelism is used.

The AdamW optimizer is used with a learning rate of
1e−5, a weight decay of 0.1, betas of 0.9 and 0.99, and
a batch size of 1. ChopGrad and all ablations, excluding
ChopGrad†, are trained for 880 training iterations. Chop-
Grad† is trained for 1760 training iterations. Training times
are presented in Table 2.

Inference. Inference times in Table 1 are measured by
processing the entire video and dividing by the number of
total video frames and finally multiplied by the number of
GPUs to account for sequence parallelism.

This ensures a fair comparison with the baseline meth-
ods which both utilize only a single GPU. These inference
times also include pre-processing as well as the full net-
work pass (i.e., video encoding, decoding, and transformer
forward pass).

Inference is performed on the first 297 frames of the
video as this corresponds to the temporal compression of the
WAN 2.1 video autoencoder using a total of N = 75 frame
groups. The evaluation is conducted on the first 294 frames
of the video to maintain compatibility and a fair comparison
with the baseline methods as MVSplat-360 is only able to
process multiples of 14 frames.

C.3. Video Inpainting
Network Architecture. We use the same network setup
as described in Section C.2. ChopGrad is initialized us-
ing the pretrained Wan 2.1 14B [51] diffusion transformer
model. This model is then fine-tuned using the latent em-
beddings of the masked videos as inputs and the ground-
truth videos as targets. Notably, WAN is trained to output
velocity v = ẑ − z, where ẑ is the latent embedding of the
rendered video and z is the latent embedding of the ground
truth video. In order to better align with the original train-
ing objective of Wan 2.1 [51], we leverage the same train-
ing scheme for fine-tuning. A fixed text caption (except for
the ROVI case) is used to condition the refinement and the
diffusion timestep is fixed to 200. No modifications to the
video encoder have been made and the pre-trained WAN
network has not been pre-distilled for single-step inference.

The WAN 2.1 video autoencoder has a temporal com-
pression factor of 4, meaning there are 4 video frames per
frame group latent. Notably, the network pads the first video
frame with 3 empty frames, meaning the total length of the
video processed by WAN 2.1 is 4N + 1, where N is the
number of frame groups.This temporal compression factor
corresponds to G = 4 from Section 3.4. ChopGrad decodes
latents to pixels using a spatial chunk size of H/2 ×W/2,
resulting in 4 chunks. This preserves the aspect ratio of the
video and enables parallel processing for each chunk.

Training. Training is done using the same settings as
described in Section C.2, except for differences in dura-
tion and number of training steps, which vary across the
datasets. For DL3DV-benchmark we trained for 5 epochs
at 49 frames, for Waymo (and Waymo-Bbox) 5 epochs at
49 frames, for ROVI 10k steps at 29 frames. The train
times were 1.5, 3, and 18 hours, respectively. Train time for
Waymo-Bbox was the same as for Waymo. The increased
train steps for ROVI reflect the fact that it is a much larger
dataset than the other two (5172 videos in the training set).

Inference. We perform inference at the same duration as
training, evaluating on the first N frames of each video,
where N is the training/inference duration.

C.4. Controlled Driving Video Generation
Network Architecture. For ChopGrad, we keep the
same network as for Mirage (described in detail in Supple-
mental Section B.4.1).

Training. We initialize with the Mirage harmonization
checkpoint which had been trained for 10k steps. The val-
idation loss plateaued around 5k steps so we are confident
the model had converged. We then train it for a subsequent
1k steps using ChopGrad at a resolution of 720×1280 and a
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duration of 49 frames. We use 16 spatial chunks (4h× 4w)
and a truncation distance of 1. During this training batch
size was set to 1 and the learning rate is maintained at
2 × 10−4. The AdamW optimizer is used with a weight
decay of 0.1, betas of 0.9 and 0.99. The training process
took approximately 10 hours on 8 A100 GPUs.

D. Algorithmic Optimizations for Truncated
Backpropagation

The time complexity of ChopGrad as described in Algo-
rithm 1 scales linearly with respect to Dtrunc. This com-
plexity stems from the need to backpropagate over each
frame group Dtrunc times. This is not the case with the
standard backpropagation scheme, which only needs to
make one backward pass, having accumulated gradients
from all frame groups i+1...N prior to computing the gradi-
ent for frame group i. This section examines in more detail
the origin of this difference in time complexity and intro-
duces a minor modification to Algorithm 1 that ensures, as
the truncation distance approaches the full video length, the
overall time complexity converges to that of the full back-
propagation scheme.

ChopGrad requires multiple backward passes over each
frame group because in order to compute the gradient for
frame group i, gradients for frame groups i+1...i+Dtrunc

must be available. Furthermore, the compute graph for
frame group i cannot be released from memory until all
Dtrunc future gradients have backpropagated through it. In
order to release frame group i as soon as possible, i.e. once
the algorithm reaches frame group i + Dtrunc, it is im-
perative to backpropagate all the way from i + Dtrunc to
i as soon i + Dtrunc is decoded and the loss computed.
This necessitates performing a backward pass through all
intermediate frame groups as well. Since backpropagation
is performed through Dtrunc frame groups each time the
compute graph from frame group i is released, the compute
must scale linearly with Dtrunc. There is a time-memory
tradeoff present – graphs could be released less often, for
example every s steps instead of every single step, reducing
the time complexity by a factor of s but increasing memory
consumption accordingly, since Dtrunc+s frames worth of
activations need to be stored in memory.

In Algorithm 1, backpropagation is performed all the
way back through the previous Dtrunc steps as soon as a
new frame group is decoded. If this is delayed so that the
backpropagation only occurs when it is time to evict the
compute graph for frame group i −Dtrunc, a performance
improvement can be gained in regimes where Dtrunc is
close to the full video length, T . This is because the total
number of backpropagation steps through individual frame
groups (and as such the time complexity) becomes equal to
Dtrunc ∗ nevict, where nevict is the number of cache evic-
tions, and nevict = T −Dtrunc. Empirical complexity re-

sults for this modification are shown in Figure 13. Note that
a low resolution video (128x64) is used to make computa-
tion of the vanilla backpropagation method and ChopGrad
with high truncation distances tractable.

In Figure 13 ChopGrad has slightly worse time and
memory performance that vanilla backpropagation at
Dtrunc = T as some overhead is introduced by fragment-
ing the compute graph and maintaining detached versions
of the cache.

It is not recommended to use ChopGrad at truncation
distances greater than 2, as the results from Section 4
demonstrate that causal VAEs exhibit strong spatial local-
ity, and terms from faraway latents do not contribute sig-
nificantly to the gradient. In regimes with small values
of Dtrunc, the modified and unmodified algorithms exhibit
practically equivalent performance characteristics. This
section is included for completeness, but should not have
much impact on real-world uses of ChopGrad.

E. Additional Quantitative Results
Supplemental Table 5 presents individual VBench [27]
component scores used to compile the VBench Overall
Quality metric reported for the Video Inpainting application
in main document Table 3. Higher is better for all scores.
In addition to a 50× reduction in compute time, ChopGrad
delivers modest improvements in motion smoothness and
temporal flickering across all datasets, while VACE consis-
tently has slightly higher imaging quality and subject con-
sistency, with the remaining scores having mixed results
across datasets. This pattern is consistent with our observa-
tion that VACE is more prone to hallucination – conforming
less closely to the input video allows it to generate slightly
higher quality images (despite being included in VBench,
aesthetic quality is an image-based metric) and more con-
sistent subjects. The ChopGrad trained single-step model
hallucinates less, retains higher reconstruction metrics (as
evidenced in main document Table 3), and its improved mo-
tion smoothness and temporal flickering can be attributed to
it staying closer to the original video, as real videos often
have smooth motion and less flicker than generated videos.

Supplemental Table 6 presents the same metrics as main
document Table 3 for the new Waymo-Bbox task. Re-
sults are consistent with other tasks, with ChopGrad train-
ing resulting in improved reconstruction metrics and similar
video quality metrics, while achieving a 50× inference time
reduction.

F. Additional Qualitative Results
Additional qualitative results for Video Super-Resolution,
Artifact Removal in Novel View Synthesis, and Controlled
Driving Video Generation experiments are presented in Fig-
ures 14, 15, and 20 respectively. Qualitative results for
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Table 5. Breakdown of VBench Scores for Video Inpainting. Full VBench component scores corresponding to the VBench Overall
values reported in main document Table 3. In addition to a 50× reduction in compute time, ChopGrad delivers modest improvements in
motion smoothness and temporal flickering across all datasets, while VACE consistently has slightly higher imaging quality and subject
consistency, with the remaining scores having mixed results across datasets.

Dataset Method
Aesthetic
Quality

Background
Consistency

Dynamic
Degree

Imaging
Quality

Motion
Smoothness

Subject
Consistency

Temporal
Flickering

VBench Overall
Quality

DL3DV VACE 0.531 0.917 0.950 0.731 0.957 0.912 0.912 0.792
ChopGrad 0.519 0.912 0.950 0.729 0.961 0.903 0.919 0.792

Waymo VACE 0.512 0.956 0.882 0.716 0.987 0.953 0.969 0.836
ChopGrad 0.517 0.960 0.894 0.695 0.988 0.945 0.972 0.835

Waymo-Bbox VACE 0.519 0.957 0.859 0.704 0.987 0.950 0.970 0.834
ChopGrad 0.525 0.962 0.847 0.696 0.988 0.955 0.972 0.835

ROVI VACE 0.472 0.926 0.816 0.538 0.959 0.885 0.941 0.752
ChopGrad 0.457 0.924 0.749 0.521 0.964 0.884 0.947 0.747

Table 6. Waymo-Bbox Video Inpainting Results. Quantitative comparison between VACE and ChopGrad on the Waymo-Bbox setting.
Results are consistent with other tasks, with ChopGrad training resulting in improved reconstruction metrics and similar video quality
metrics, while achieving a 50× inference time reduction.

Method FID FVD PSNR SSIM LPIPS DISTS VBench Overall

VACE 12.084 253.710 27.661 0.873 0.154 0.061 0.834
ChopGrad 12.358 252.599 28.838 0.875 0.146 0.057 0.835

inpainting are presented in four separate figures based on
dataset: DL3DV in Fig. 16, Waymo in Fig. 17, Waymo-
Bbox in Fig. 18, and ROVI in Fig. 19. These additional
results report a number of the benefits of training at in-
creased resolution / duration with ChopGrad. In the case
of Video Super-Resolution (Fig. 14), ChopGrad enabled
back-propagating through the decoder for entire videos
(rather than individual frames), allowing the transformer to
properly account for temporal compression and resulting in
improved visual quality, especially for fine details such as
fur, cloth, and clouds. In the case of Artifact Removal in
Novel View Synthesis (Fig. 15), ChopGrad trained models
have access to more views of the scene simultaneously as a
result of extended video duration, leading to enhanced arti-
fact removal capabilities. In Video Inpainting (Figs. 16, 17,
18, and 19), ChopGrad is used to produce a significantly
faster model (single-step vs 50 steps for VACE) while also
reducing hallucinations. Finally, Fig. 20 shows that for
Controlled Driving Video Generation, tuning with Chop-
Grad (as compared to training at low resolution/duration
and performing high resolution/duration inference) leads to
a stronger model that is able to make larger changes to in-
put images, improving lighting and shadows and removing
more Gaussian Splat artifacts. Collectively, these results il-
lustrate a variety of ways in which state-of-the-art methods
may be improved further by using truncated backpropaga-
tion to enable pixel-wise perceptual losses.
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High-Res Low-Res DOVE ChopGrad

Figure 14. Additional Video Super-Resolution Comparison. Shown from left to right: high-resolution, low-resolution input, DOVE [12],
and the proposed approach, ChopGrad. ChopGrad synthesizes fine textures better and reduces motion blur, especially in regions with
high-frequency details like fur, hair, cloth, and clouds.
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Ground Truth 3DGS MVSplat-360 Difix
ChopGrad
Dtrunc = 1

ChopGrad
Dtrunc = 2

Figure 15. Additional Qualitative Results for Artifact Removal in Novel View Synthesis on the DL3DV-Benchmark Dataset [33]. Ground
truth video frames and 3DGS model renders are shown on the left. Results for MVSplat-360 [11] and Difix [61] are presented alongside
the ChopGrad with a truncation distance of 1 and 2. ChopGrad corrects significantly more artifacts than other methods (e.g., fourth row
from the top) with fewer hallucinations (e.g., 5th row from the bottom), and maintains temporal consistency over the entire video sequence.
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VACE ChopGrad Ground Truth

Figure 16. Additional Video Inpainting Comparison on D3LDV Dataset. Shown from left to right: VACE, ChopGrad, Ground Truth.
Training with ChopGrad reduces hallucinations despite 50× lower inference budget.
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VACE ChopGrad Ground Truth

Figure 17. Additional Video Inpainting Comparison on Waymo Dataset. Shown from left to right: VACE, ChopGrad, Ground Truth.
Training with ChopGrad reduces hallucinations despite 50× lower inference budget.
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VACE ChopGrad Ground Truth Mask

Figure 18. Additional Video Inpainting Comparison on Waymo-Bbox Task. In this task, 50% of the vehicles are randomly selected for
masking. Shown from left to right: VACE, ChopGrad, Ground Truth. Training with ChopGrad reduces hallucinations despite 50× lower
inference budget.
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VACE ChopGrad Ground Truth Mask

Figure 19. Additional Video Inpainting Comparison on ROVI Dataset. Shown from left to right: VACE, ChopGrad, Ground Truth.
Training with ChopGrad reduces hallucinations despite 50× lower inference budget.
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Naive Insertion Mirage ChopGrad Ground Truth

Figure 20. Additional Controlled Driving Video Generation Comparison. Shown from left to right: Naive Insertion, Mirage [55], Chop-
Grad, and Ground Truth. The top six rows demonstrate that training with ChopGrad increases realism by improving lighting and shadows,
and removing more Gaussian Splat artifacts. The bottom two rows, which have been cropped, demonstrate that training with ChopGrad
enables the model to make stronger collections in the presence of very poor vehicle model quality – note that these very poor vehicle
models are relatively rare in the dataset.
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