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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. Qur 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
[22L 151} 157,166]. 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
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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, fusion methods to model temporally coherent video se-
existing methods make pixel-wise losses intractable for quences by operating in a compressed latent space rather
long-duration videos as the gradients of these losses requirghan pixel space [4, 25, 66, 75]. Operating in a latent space
the recurrent accumulation of activations through the de-[3, 31, 47, 57] reduces per-frame dimensionality and en-
coder. These pixel-level perceptual losses are used extenables tractable scaling to longer and higher-resolution clips
sively in netuning image diffusion models and video mod- while preserving perceptual delity [22, 24]. Early video
els with short-duration, low-resolution videos in applica- diffusion formulations applied standard image-based dif-
tions such as single-step model distillation][73], enhance- fusion techniques directly to short clips, jointly denois-
ment of neural rendered scengs|[11, 61], image translationing xed-length frame blocks and introducing conditioning
[41], video super-resolutiori [12], and controlled driving strategies to extend temporal length [2, 13, 25, 47].
video generatior] [34, 55]. In work such as|[34, 41, 55, 61], One of the most prevalent architectural advancements
the decoder itself is netuned, making support for pixel- powering latent video diffusion is the use of temporal com-
wise losses a strict requirement for training these types ofpression [9, 14, 18, 19, 80, 84] and causal caching to pre-
models. serve latent integrity and temporal consistency when pro-
To enable pixel-wise losses for high-resolution, long du- cessing long sequences [2, 17, 74]. Causal caching has
ration video diffusion, this work introduces ChopGrad, a been used to maintain reconstruction delity and avoid tem-
truncated backpropagation scheme for video decoding (Fig.poral icker while dramatically reducing memory and la-
1). Truncated backpropagation prevents activation accumu-tency during encoding/decoding [32, 63]. Unfortunately,
lation over the full unrolled network by limiting the number  this causal caching mechanism for video encoding intro-
of previous frames the gradients can propagate through. Taduces a recurrent structure into the encoders and decoders
validate this, we de ne latent temporal locality to demon- used by latent video diffusion models, resulting in pro-
strate that the effect of prior video frames in the gradi- hibitive memory consumption due to activation accumula-
ent error drops off at an exponential rate. We show that tion during training when pixel-wise losses are used.
the proposed method enables ef cient training using pixel- A similar problem was encountered in early natural lan-
wise losses, such as the LPIPS [78] loss, across a varietyyjuage processing with recurrent neural networks [42—44],
of tasks and multiple video diffusion models. We evaluate where truncated backpropagation through time was used to
our method on several applications, including video super- mitigate this issue [1, 60]. To the best of our knowledge, this
resolution, video inpainting, video enhancement of neural paradigm has not been investigated or applied for image or
rendered scenes, and controlled driving video generationyideo models.
outperforming existing latent video diffusion adaptation  pjffusion models often require long inference times, as
methods in terms of quantitative frame-wise and video per- the model must be run many times to generate an output.
formance metrics. These results are achieved with modeskingle and few-step distillation [6, 26, 36, 39, 45, 52, 69, 73]
computational resources (training times of approximately 3 has been used to reduce the number of steps required.
to 4 hours on 4 to 8 A100 GPUs). The contributions of this sjngle-step distillation has also been used to adapt diffusion

paperare. o _ models to image-to-image translation tasks like changing
* Amathematical derivation and error analysis of truncated eather or generating images from sketches [10, 30, 41].
backpropagation for causal video autoencoders, In applications where input/output pairs are readily avail-

* A memory-ef cient, practical approach for implement-  gple (such as super-resolution [12, 21, 53, 58] or 3D gaus-
ing pixel-wise losses for ne-tuning latent video diffusion  gjgn splatting post-processing [16, 34, 55, 61]), pretrained
models that generalizes across multiple diffusion models, diffusion models [12, 16, 50, 55] or their one-step distilled

* Validation of the method across several tasks requiring Counterparts [34, 61] have been netuned for Single_step in-
pixel-wise losses, including video super-resolution, video ference on the given task. Many of these single-step distil-
inpainting, video enhancement of neural-rendered SCeNeS|ation and netuning approaches re|y on pixe|-Wise percep-
and controlled driving video generation, comparing favor- 3 |osses, albeit at low resolution and video duration in the

ably to existing baselines in all experiments. case of video models due to memory constraints. As such,
these single-step diffusion applications can derive the most
2. Related Work bene t from ChopGrad.

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 Latent video diffusion models work by rst mapping from
and causal caching have demonstrated signi cant improve-the high-dimensional pixel space to a lower-dimensional la-
ments in video quality and temporal consistency. tent space, down-sampling both the spatial and temporal di-
Latent video diffusion models extend latent image dif- mensions via a pre-trained 3D VAE video encoder [3, 70].

2.1. Preliminaries



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 xed numbek{f ) of previous frame groups.

Once encoded, the video embeddings are then processed hyre-trained video autoencoders with causal caching demon-
the network backbone, often a transformer, which learns thestrate temporal locality, where frame groups only affect
temporal evolution of the video embeddings. Finally, the other frame groups in close temporal proximity. Motivated
output embeddings are re-projected into pixel space via theby this insight, ChopGrad applies truncated backpropaga-
pre-trained 3D VAE decoder. tion through time to the decoder cache to increase computa-

The structure of such 3D VAE networks groups a set of tional ef ciency with minimal degradation in performance.
frames into a single latent embedding. To retain temporal With truncated backpropagation, gradients of each frame
consistency these networks use what is called causal logigroup are only able to accumulate to a portion of prior frame
padding [63] or causal caching [32], where the trailing N groups set by the truncation distance. This breaks the recur-
outputs from the previous frame group are concatenated tosive loop present in popular video autoencoders and enables
the beginning of the subsequent frame group at each layer opixel-wise losses for long, high-resolution videos. In Sec-
the encoder and decoder [70, 74]. This results in a recurrention 3.3 we quantify temporal locality and truncation gra-
structure, where the gradients of pixel-wise losses on laterdient error in the Wan2.1 decoder and transformer. Imple-
frames propagate through all previous frame groups. mentation details are provided in the Appendix.

When training 3D VAES, computational resources are
dedicated solely to the VAE, and approaches such as se
guence parallelism can be used to mitigate these issues, a$he temporal VAE architecture with causal masking is rst
described in [70]. In addition, 3D VAEs are also able to formalized. Let X = fx 1;X»;:::; X7 g denote a video se-
be trained at lower resolutions/durations with results gen- quence of T frames, where each framexR"W ¢  has
eralizing to higher resolution/duration videos with no ad- height H, width W, and C channels.
ditional ne-tuning [70]. However, when training or ne- The 3D VAE encoder groups consecutive frames
tuning latent video diffusion model transformers or U-nets, into non-overlapping segments. For a frame group of
the majority of the memory budget is consumed by thesesize G, the i-th frame group contains frames; X=
backbones, prohibiting the allocation of signi cant mem- fx ig ;Xig+1 ;:::;Xic+c1 gfori=0;1;2;:::;dT=Ge.
ory resources to decoder backpropagation. The backbones Let z,, 2 R4 T "W °H ° pa the video latent embed-
must also be trained at high resolution/duration if they are ding of frame group i at encoder layer m, where’:hv°
to perform well for high-resolution/duration inference, fur- are the down-sampled spatial dimension8jsTthe down-
ther compounding these memory requirements, especiallysampled temporal dimension, ang ds the latent dimen-
as adding pixel-wise losses also requires the decoders tsion for layer m.
perform inference at high resolution/duration, even if their ~ The causal caching mechanism ensures that the decoder

3.1. Causal Caching in Temporal VAES

own parameters are frozen. (D) for frame group i receives context from the previous
group. Specically, let £, denote the causal cache of
3. ChopGrad size N of decoded features from group i 1 for the decoder

layer m. The decoder then reconstructs the frames and con-

In order to enable training of video diffusion models
structs the cache

on long, high-resolution videos with pixel-wise losses

while maintaining modest memory requirements we present Zime1 25 =D m(Concat(Fy ., Zim )): (1)
ChopGrad, a novel method for backpropagating through ’ '

the video decoder. Sections 3.1 and 3.2 report that popular The causal structure creates a recurrent dependency



where the pixel-wise Iossﬁi_x for group i depends on all
previous groups through the concatenated contgxt at
each decoder layer.

3.2. Truncated Backpropagation and Locality

Truncated backpropagation leverages temporal locality to
enable ef cient training while preserving the essential tem-
poral dependencies. The following analysis focuses on
causal caching within the decoder network.

Let z 2 RY denote the unrolled latent, where the layer Figure 3. Temporal Locality. In uence measure samples (2) as a
indices m are omitted for notational convenience. Let fynction of temporal distance between decoder inputs (i.e. latent
D(i;j) be a distance metric such that D(i;j) = 0 if and embeddings) and outputs (i.e. pixels) alongside the mean and line
only if i and j refer to latents belonging to the same frame of best t. As temporal distance increases, the in uence between
group. This index-based distance formalism allows us to embeddings decreases exponentially, resulting in minimal gradient
reason about temporal proximity and the in uence of one contributions (5).
latent on another.

LetJi; = @z=@z 2 RY? denote the Jacobian of la-
tent i with respect to latent j. The scalar in uence measure by

is then de ned as

@L  @kunc X aL
C D runc —
exp( trunc) @z

Lij =kJik @) @z @z

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 de ned as the existence of constants Packpropagation.

(6)

where Lyunc denotes the loss computed with truncated

C; > 0 such that the in uence measure decays exponen- A truncation distance Rinc 2 log(<) can therefore
tially with distance be chosen to satisfy a desired error tolerance . In practice,
the network still learns effectively with a small truncation
Lij C exp( D(;))): 3) distance as shown in Sections 3.3 and 4.

N _ _ The integration of causal caching with truncated back-
Intuitively, this means that a latent only meaningfully af- - propagation creates a hybrid approach: the network back-
fects nearby latents in time. Using the chain rule, the gradi- hone can still attend to all video latent embeddings for

ent of the overall loss L with respect to a latentdecom-  global temporal understanding, while the 3D VAE decoder
poses as operates with limited temporal context, reducing compu-
X X tational complexity. This design preserves essential tem-
@L: oLer = @L\]m : (4) poral dependencies while making large-scale video diffu-
@z | @@z | @z sion model training using pixel-wise losses computationally
) i ) . tractable.
Taking the norm of both sides and applying the triangle
inequality, 3.3. Analysis
@L X @l . () Temporal Locality. We analyze the proposed method by

rst con rming that temporal locality holds in the popular
WAN 2.1 video decoder [51]. The locality measure (3) is
which shows that the loss gradient atig dominated by  averaged across several videos, each with 97 frames and
contributions from latents in close temporal proximity as- down-sampled to a resolution of 64 128 to prevent pro-
suming temporal locality holds. Our key insight is that the hibitive memory requirements. Fig. 3 reports the mean of
temporal locality enables effective truncated backpropaga-the in uence measure (2) as a function of temporal distance,
tion in the 3D VAE decoder. When we truncate gradients where a distance of 0 indicates pixel i is in the frame group
to only ow through a limited number of previous frame of latent j. Notably, the locality measure decays at an ex-
groups, the exponential decay in the in uence measure en-ponential rate, meaning the in uence of pixels on frame
sures that the approximation error is bounded. groups signi cantly decreases as the temporal distance in-

Speci cally, for truncated backpropagation at temporal creases. This property is demonstrated implicitly for other
distance Qune the error in gradient computation is bounded 3D VAES by the results presented in Section 4.

@7 .@Lij,



Figure 4. Impact of Truncation Distance on Backbone Model
Parameter Gradients. Normalized MAE and cosine distance
(computed by attening all model parameters) are shown. Though
error is signi cant at small truncation distances, the cosine sim-
ilarity remains high across all distances, implying that the errors
are primarily of magnitude, not direction.

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.

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

th(’? full backprope}gatlon S_Cheme' Differences are mefasureq:igure 6. Resource Utilization. Computational time and memory
using the Frobenius matrix norm and these, along with rel- requirements as a function of truncation distance.
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, con rming 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 pgrameters of th.e DUbI!C.Wan 2.1 1'38Figure 7. Spatial Locality in 3D VAEs. The video frame on the
transformer checkpoint over the entire training set of the

. left is decoded from the original latents, while on the right a sec-
DL3DV-benchmark dataset (see Section 4.2), around 100tion of latents is zeroed. The red line indicates the boundary be-

videos. We perform this computation over a range of trun- yeen original and zeroed latents. The upper portion of the frame
cation distances and compare to the gradients of the fullis entirely unaffected by the corruption of the bottom.

backwards pass, with results presented in Fig. 4. Reported

is the normalized mean absolute error (MAE) and cosine

similarity, computed by attening all model parameters into

a single vector. The error is large for small truncation dis- Runtime and Memory. Fig. 6 con rms that the proposed
tances, indicating that the errors introduced by truncation approach scales linearly with respect to truncation distance
are not averaged out over the dataset, and are propagateid terms of both computational time and memory. We reiter-
to model parameters. However, the high cosine similarity ate that memory use is constant with respect to video length.
indicates that the error is primarily one of magnitude, not To further save on memory, gradients are truncated spatially
direction, and since gradient magnitudes are scaled by op-as well as temporally, such that gradients are computed over
timizers, the impact on training is negligible. This is con- spatial chunks of the video separately. This spatial locality
rmed by the results in Table 2, where increasing truncation is illustrated in Fig. 7 and has been explored and leveraged
distance only modestly improves performance. by existing state-of-the-art video diffusion models [51, 70].
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