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Abstract

Autoregressive video diffusion models accumu-
late error over long rollouts, a failure mode known
as drift. Diffusion Forcing (Chen et al., 2024)
corrupts every frame in a window by an inde-
pendently sampled noise level, a partial mask-
ing of its content, and computes the denoising
loss at all positions. At inference the past con-
text is noise-free, a configuration that occurs with
nearly zero probability under this training dis-
tribution, yielding a train–test mismatch that is
often linked to drift. A popular remedy is clean-
context training, which instead conditions the
model on a clean, uncorrupted past during train-
ing so as to match how it is queried at inference.
We study clean-context effects through a con-
trolled, parameter- and compute-matched com-
parison across denoiser backbones and datasets.
We find that the benefit is backbone-dependent:
clean-context training substantially reduces drift
for a convolutional U-Net but provides none for a
parameter-matched diffusion transformer. A sim-
ple structural probe finds the cause: the U-Net’s
temporal normalization lets future frames affect
past ones, while the transformer keeps frames
separate. We find that clean-context training is
most helpful when the denoiser leaks information
across frames in this way, and that removing the
leakage removes the benefit.

1. Introduction
Generative video models are increasingly used as general-
purpose world simulators: they capture physical dynamics
(Yang et al., 2024), act as playable neural game engines
(Valevski et al., 2024; Savva et al., 2026), and serve as
virtual environments for policy evaluation (Quevedo et al.,
2025). Two paradigms dominate how they are generated.
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Autoregressive models rollout a sequence one token at a
time, each step conditioned on the past, making them natu-
rally causal and able to rollout to arbitrary length. Diffusion
models instead denoise an entire window in parallel, yield-
ing high per-frame fidelity and flexible conditioning but
fixing the size of what is generated. Autoregressive video
diffusion merges the best of both worlds through Diffusion
Forcing (DF) (Chen et al., 2024), where a single denoiser
gives each frame its own independent noise level so that
it acts as a diffusion model within a window and autore-
gressively across windows, inheriting diffusion’s per-frame
quality together with autoregression’s unbounded, causal
rollout. This method now dominates the autoregressive
video diffusion landscape.

Even so, the Diffusion Forcing paradigm degrades as the
video context grows, accumulating error the longer the roll-
out. This failure mode is drift: small conditioning errors
compound as the model is rolled forward, and rollouts that
look plausible early gradually lose temporal consistency,
geometric coherence, and physical plausibility. Reducing
drift is a prerequisite for almost every downstream use of
long-horizon video generation. The flexibility that makes
Diffusion Forcing attractive is also a source of this drift. Be-
cause every frame is noised independently during training,
including frames that later serve as context, the model is
supervised almost entirely on noisy windows. At inference,
the context is clean, a setting the model almost never sees
in training, since independent per-frame noising makes a
fully clean context extremely unlikely. Operating in this
unfamiliar regime, DF inference tends to propagate small
errors that feed back as context and compound into drift.

A growing body of work addresses this train–test gap by
training on clean past frames and noisy future frames (Hu
et al., 2024; Jin et al., 2025; Gao et al., 2025; Sand-AI, 2025;
Gu et al., 2025). We defer a more in depth discussion of re-
lated work to Section A. Closest to our setup, FAR (Gu et al.,
2025) introduces Stochastic Clean Context, replacing part of
the noisy training context with clean frames and excluding
those frames from the loss. This combines two changes.
First, the loss is computed only on the future frames the
model must generate, not on the past frames it is given as
context, akin to standard autoregressive training. Second,
context is kept noise-free during training so it matches in-
ference. This second change is a form of teacher forcing:
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the model only ever sees perfect, ground-truth context in
training, so it never learns to handle the imperfect context it
feeds itself during a rollout, risking exposure bias (Bengio
et al., 2015; Ranzato et al., 2016). Whether keeping the
context noise-free helps or hurts is unclear a priori. Because
prior methods apply both changes at once and test only a
single backbone, two questions remain open: which change
actually reduces drift, and whether the gain comes from the
training change at all rather than from the architecture it
happens to use. We therefore test each change on its own,
across two denoiser backbones.

We evaluate each configuration on long autoregressive roll-
outs, measuring how far the generated video drifts from
the ground-truth distribution as the horizon grows. As our
primary metric we report Fréchet Video Distance (FVD,
Unterthiner et al., 2018), the de facto standard for video
generation quality. Because FVD has been found to be
content-biased and to under-weight long-range temporal co-
herence (Ge et al., 2024), we additionally report the JEPA
Embedding Distance (JEDi) (Luo et al., 2025), a distance
on features from a Joint-Embedding Predictive Architecture
(JEPA) (Bardes et al., 2024) that is more sensitive to tem-
poral structure, as a robustness check. We compute both
at endpoint horizons and on contiguous 32-frame segments
of the rollout, so that drift can be read as the rise across
segments rather than from a single endpoint number.

Our main contributions are as follows.

1. We run a controlled, parameter- and compute-matched
study of clean-context training, isolating its two changes
(clean prefix, masked prefix loss) and crossing them with
two denoiser backbones (convolutional U-Net, diffusion
transformer) and two datasets, DMLab (Beattie et al.,
2016) and Minecraft (Yan et al., 2023).

2. We find that the benefit of clean-context training is
backbone-dependent: it substantially reduces drift for
a convolutional U-Net but gives none for the diffusion
transformer, where keeping the context noise-free is actu-
ally harmful. This finding is robust across both datasets
and under both FVD and a JEPA-based metric.

3. We trace this difference to whether the denoiser is frame-
causal: a weight-independent probe shows the U-Net’s
temporal normalization lets future frames influence past
ones, while the diffusion transformer’s does not. We
confirm this directly: making the U-Net’s normalization
frame-causal removes the leak, and the benefit of clean-
context training vanishes with it. Clean-context training
still closes the train–test mismatch, but that mismatch
hurts drift only in architectures with the leak, so the
benefit is architecture-dependent.

2. Setup
A causal video generator predicts future frames from a win-
dow of past context, and rolls out long videos by sliding that
window forward and feeding its own outputs back as con-
text. We make this setup precise and define our experimental
configurations below.

Diffusion Forcing. A DF video model is trained on win-
dows x1:T of T frames. Each frame t samples an in-
dependent noise level kt ∈ {0, . . . ,K} ( kt=0 clean,
kt=K pure noise) and is corrupted to xkt

t . A single
denoiser fθ reads the noised window together with its
noise levels and predicts every frame, trained with the
v-objective (Salimans & Ho, 2022; Chen et al., 2024):
LDF = Ex, k1:T

[∑T
t=1 ∥fθ(x

k1:T

1:T , k1:T )t − vt∥2
]
. Draw-

ing each kt independently allows one model to support any
noise pattern at test time, whether autoregressive or full-
sequence diffusion.

The train–test mismatch. At inference the past is ob-
served rather than noised. The initial c context frames are
clean (k1:c=0) while only the future xc+1:T is denoised,
and long rollouts slide this window forward, with each step
using the newly generated frames as the next conditional
context. During training, every kt is drawn independently
and uniformly, so the single window that inference always
uses, a clean prefix beside a noisy future, arises only with
probability (K+1)−c per draw. With K on the order of 103

diffusion steps, even a single clean context frame is seen
essentially never, and a four-frame prefix is a roughly 10−12

event. The denoiser is therefore trained almost entirely out-
side the inference regime. At test time it must condition on
a clean past it never learned to denoise, so its small errors
feed back as context and compound into drift.

Two training-side axes. Clean-context training bundles
two changes, which we separate into independent axes. The
first is a clean prefix: we clamp the first c frames to the
clean noise level, matching the schedule used at inference.
In practice we hold them not at exactly zero noise but at a
small stabilization level, because at inference the context
is the model’s own previously generated frames rather than
ground truth; a little noise keeps training from conditioning
on a context cleaner than any it will encounter. The second
is a masked prefix loss: we stop supervising the prefix and
pay loss only on the frames the model must predict, reallo-
cating the supervision budget toward them, as in standard
autoregressive loss masking. Crossing the two axes yields
the four configurations of Figure 1: DF (neither), Clean-
only (clean prefix only), Mask-only (masked loss only),
and Full (both). All four share the same denoiser, sampler,
parameter count, and per-step compute, and run identical
sliding-window inference on a clean past, and differ only in

2



What Matters in Clean-Context Autoregressive Video Diffusion

(a) Diffusion Forcing (b) Masked Prefix Loss

(c) Clean Prefix Only (d) Full (clean-context)

Figure 1. The four training configurations as a 2×2 over the two
axes: the shading is the per-frame noise level (white clean, dark
noised) and the orange bar marks the supervised frames, with the
c=4 prefix noised (top, DF) or kept noise-free (bottom) and its
loss calculated for all positions (left) or masked (right).

training.

Two backbones. Prior clean-context work couples the
scheme with a particular denoiser, so a gain reported on
one architecture does not reveal whether the scheme or the
architecture is responsible. We therefore run the entire 2×2
on two denoisers that share the per-frame-noise interface of
Diffusion Forcing but differ in how they mix information
across time.

U-Net. We instantiate the 3D-convolutional U-Net back-
bone with causal temporal attention and rotary position
encoding taken directly from the public Diffusion Forcing
codebase (Chen et al., 2024). It has spatial-only convolu-
tions, so frames interact only through the temporal attention
and through the temporal GroupNorm in its ResNet blocks,
which pools statistics across all frames in the window.

DiT. We implement a strictly frame-causal diffusion trans-
former following the per-frame-noise formulation of Song
et al. (2025) and the transformer design of Peebles & Xie
(2023), with per-frame conditioning and a causal mask on its
temporal attention. The causal mask lets each frame attend
only to itself and earlier frames, so its prediction depends
on the present and past but never on future frames. The DiT
of Song et al. (2025), by contrast, attends over the whole
window in both directions, letting later frames influence
earlier ones. We train and sample the DiT under Diffusion
Forcing exactly as the U-Net, with the same per-frame-noise
objective, the four configurations of Figure 1, and the same
sliding-window inference, so only the architecture differs
between the two backbones.

We match the two backbones to within 1.01× in parame-
ter count (18.65M for the U-Net and 18.84M for the DiT;
Section B), so that any difference between them is not an
artifact of capacity.

Datasets. We run the study on two procedurally gener-
ated navigation environments standard in the autoregressive-
video literature (Yan et al., 2023): DMLab (DML) (Beattie
et al., 2016), a first-person 3D maze with random textures

and a moving camera, and Minecraft (MC), an open-world
game with richer scene content and faster camera motion.
Both are controlled proxies for long-horizon state drift at
a resolution that admits parameter- and compute-matched
training within a single GPU-day, and we roll out 128 frames
over 128 held-out clips per configuration.

Evaluating drift. Two properties of drift shape how we
measure it. First, drift is distributional: individual frames
can still look realistic while the rollout as a whole drifts
away from real video. We therefore score each rollout as
a distribution, using FVD and JEDi, rather than compar-
ing its frames to a single ground-truth video. Pixel metrics
are a poor fit, since they compare against one ground-truth
trajectory and can reward a degenerate, near-static rollout.
Second, drift accumulates over the rollout, so a single end-
point score hides when a model starts to fail. We compute
each metric on the four contiguous 32-frame segments and
measure drift as the rise from the first segment to the last.
Because FVD and JEDi use different feature backbones, we
trust results that agree across both.

Altogether, the study crosses the 2×2 of training axes with
two denoiser backbones and two datasets, scoring each roll-
out by two distributional metrics of long-horizon consis-
tency (FVD and JEDi). We additionally report standard per-
frame fidelity metrics (LPIPS (Zhang et al., 2018), PSNR,
and SSIM (Wang et al., 2004)) in Table 5.

3. Experiments
U-Net results. On the convolutional U-Net, clean-context
training is a large and consistent win over Diffusion Forcing
(Table 1). In every U-Net setting the best configuration is a
clean-context variant, on both datasets and under both met-
rics, and the gap to DF is substantial rather than marginal.
Which clean-context variant wins shifts from one dataset
to the next, so the ordering within the family is not stable
enough to draw a conclusion from. The improvement is also
immediate: the U-Net’s DF deficit is already present on the
very first segment, before autoregressive errors have had
time to accumulate (Table 3). Because little drift has com-
pounded that early, this opening gap reflects a conditioning
mismatch the model faces from the first frame rather than
accumulated drift, a distinction we return to in Section 4.

DiT results. Now the best configuration in every setting
is a random-prefix variant, DF or Mask-only, and the clean-
prefix configurations consistently perform worse (Table 1).
The clean prefix that improves the U-Net is precisely what
hurts the DiT. The contrast is sharpest at the opening of the
rollout: where DF carried a large first-segment penalty on
the U-Net, the DiT shows none, DF being its best configu-
ration from the very first frames (Table 3). A frame-causal
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Table 1. Endpoint FVD and JEDi (both ↓) at horizon h=128 over 128 held-out clips, for the four configurations across two backbones
(U-Net, DiT) and two datasets (DML=DMLab, MC=Minecraft). Bold marks the best configuration per column: every U-Net winner is a
clean-context variant (Clean-only or Full), every DiT winner a random-prefix variant (DF or Mask-only).

FVD↓ JEDi↓
U-Net DiT U-Net DiT

Config DML MC DML MC DML MC DML MC

DF 487 3692 568 1379 5.78 88.7 17.6 33.7
Mask-only 217 1969 608 1192 4.25 42.9 20.1 39.3
Clean-only 165 2910 631 2193 2.36 41.1 23.0 40.9
Full 214 1605 686 1940 3.55 26.6 21.3 43.1
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Figure 2. Segment-wise FVD (↓) across the four 32-frame seg-
ments of the rollout with bootstrap confidence intervals over 128
clips. On the U-Net (top row) the clean-context configurations sit
below DF (gray dashed) at every segment. On the DiT (bottom
row) DF is already the lowest.

DiT shows no sign of the immediate conditioning mismatch
that clean-context training tries to fix.

Segment-wise drift. The endpoint scores in Table 1 av-
erage distributional quality over the whole rollout, which
hides when a model fails: a configuration that produces a
few sharp opening frames and then degrades earns the same
score as one that is uniformly mediocre. We therefore split
each 128-frame rollout into four contiguous 32-frame seg-
ments, score each against its matched ground-truth window,
and read drift as the rise in FVD from the first segment to
the last (Figure 2, numerics in Table 3). The segment view
tells the same story as the endpoints, but more sharply.

On the U-Net (top row), Clean-only, Mask-only, and Full all
sit below DF at every segment. DF’s deficit is already clear
in the opening segment—a conditioning mismatch present
before much autoregressive error has accumulated—and it
widens as DF climbs over the rollout while the others stay
lower. Where the variants differ is in how flat they stay. Full
is the standout: it posts the lowest final-segment FVD on
both datasets and is the only configuration that stays flat on
Minecraft as well as DMLab. Clean-only and Mask-only
flatten the DMLab rollout but rise steeply on Minecraft,
where only Full rises more slowly than DF. On the DiT
(bottom row) the pattern reverses: DF sits among the lowest
and flattest trajectories while the clean-prefix configurations
climb above it, and DF is the best or near-best configuration
in nearly every setting. The two metrics agree on this split—
in every setting JEDi and FVD pick the same family winner,
clean-prefix on the U-Net and random-prefix on the DiT
(Table 1).

Across both datasets and both metrics, clean-context training
improves the U-Net’s generation quality but degrades it on
the DiT.

4. Why the Benefit Is Backbone-Dependent
Frame-causality. The two denoisers have the same pa-
rameter count, so capacity cannot explain the reversal. What
differs is whether the output for one frame can depend on
the noise levels of the other frames in the window. The
U-Net’s ResNet blocks normalize every frame with a mean
and variance pooled over the whole window using a tempo-
ral GroupNorm. Since a clean frame and a noisy frame have
very different statistics, the shared statistics are dominated
by the noisy ones, and the clean frame is normalized as
if it were noisy too, leaking information from the future
to the past. Thus, with temporal GroupNorm, we lose the
frame-causal nature that autoregressive rollouts should have.

In normal DF training every frame is given a random noise
level, so the model sees windows with all kinds of clean
and noisy mixtures, but almost never the one situation it
meets at every inference step: a fully clean past beside a
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Figure 3. Cross-frame influence M [i, j]: the mean change in
output frame i when input frame j is perturbed, so a frame-causal
denoiser is lower-triangular. The U-Net’s temporal GroupNorm
leaks across the boundary (nonzero upper triangle), while the
frame-causal variant and the DiT’s per-frame conditioning leave it
exactly zero.

noisy future. Because of the leak, that combination of a
clean past and a noisy future yields normalization statistics
the model essentially never saw in training, and since this
happens on the very first generated frame, the U-Net drifts
right away rather than only late in the rollout, as seen in
Figure 2. Clean-context training fixes this for the U-Net by
training on exactly that case. A frame-causal denoiser never
runs into it: each frame is normalized on its own, so a clean
past frame is processed the same way regardless of the noisy
future, and clean frames are familiar from training.

Clean-context training, however, comes at a cost. As the
rollout progresses the model conditions not on ground truth
but on its own earlier output, which carries small, com-
pounding errors, whereas clean-context training only ever
showed it a perfect, error-free past. The model therefore
learns to lean on a flawless history it will not actually have
at test time. By keeping the past slightly noisy, plain DF
is a closer match to the imperfect self-generated context,
so forcing the prefix perfectly clean trades that robustness
away, the classical exposure-bias problem (Bengio et al.,
2015; Ranzato et al., 2016). The two effects then settle the
backbone split: for the U-Net, fixing the leak is worth more
than the exposure-bias cost and clean-context training wins
overall; for the frame-causal DiT there is no leak to fix,
so only the cost remains and the clean prefix makes things
slightly worse.

A cross-frame leakage probe. To make frame-causality
measurable, we perturb input frame j for each denoiser and
measure the resulting mean change in output frame i, which
gives an influence matrix M [i, j] (Figure 3). We define the
acausal mass as the mean of its strict upper triangle (j>i, a
future input moving a past output), which must be zero for
a strictly frame-causal model. The DiT’s acausal mass is
exactly zero. The U-Net’s is nonzero, 1.18×10−3, or about
1.6% of its causal mass. Its convolutions are spatial-only
(kernel 1×3×3) and its attention is causal, which leaves
the temporal GroupNorm, which pools mean and variance
over all frames in the window, as the only acausal path.

Replacing it with a GroupNorm that folds the time axis into
the batch dimension (see Section D) drives the acausal mass
to exactly zero while leaving the causal mass essentially
unchanged, confirming that the temporal GroupNorm is the
sole leak. This is a structural property of the architectures
and is independent of the trained weights.

To confirm the leak is the cause, we retrain the U-Net with
the leak removed. We replace its temporal GroupNorm
with the frame-causal variant and train both DF and the full
scheme again, at the same budget (Section D). With the
leaky GroupNorm the full scheme clearly helps, as demon-
strated in the main U-Net result. However, with the frame-
causal GroupNorm, the same change no longer helps and
is mildly harmful, just as on the DiT. Removing the leak
also lowers DF’s own drift, so the leak hurts even before any
change to training. The segment-wise results agree: with the
leak the clean prefix helps most in the early frames, where
the mismatch is worst, and costs little later. Without the leak
it gives no early gain and only a late cost. Clean-context
training is worth as much as the information leak it corrects,
and no more.

5. Conclusion
Clean-context training is often presented as a general rem-
edy for autoregressive drift, but in our controlled study its
value is set entirely by the denoiser: a clear win for the
convolutional U-Net, and nothing, even a small loss, for the
parameter-matched frame-causal transformer. The cause
is a single acausal path, the U-Net’s temporal GroupNorm,
and removing it removes the benefit, so the scheme is not a
general fix but a correction for a specific architectural leak,
worth as much as the leak it offsets. This matters in prac-
tice: as autoregressive video denoisers move toward strictly
frame-causal designs (Gu et al., 2025; Sand-AI, 2025), gains
reported for clean-context training on convolutional back-
bones should not be assumed to carry over, and drift inter-
ventions are best reported together with the architecture they
were measured on.

Limitations. We train a single seed per setting and sub-
stitute cross-dataset and cross-metric replication for seed
repeat robustness. The causal GroupNorm ablation that
grounds the mechanism (Section D) is trained on a reduced
30k-step budget and n=32 validation clips, compared to the
100k-step budget and n=128 validation clips of the other
models. Our transformer is strictly frame-causal and differs
from the bidirectional DiT of Song et al. (2025), so the
finding is scoped to frame-causal versus temporally leaky
denoisers rather than to transformers in general. We also
operate at 64×64 resolution for 100k steps, below the scale
of the diffusion-forcing transformer literature.
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Impact Statement
This paper studies methods for generative video modeling.
As with generative models in general, the techniques could
be used in both beneficial and harmful ways; we do not see
consequences specific to this work beyond those already
widely discussed for generative modeling.
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A. Related Work
Our work builds on Diffusion Forcing (Chen et al., 2024), whose objective noises every frame in a window to an independent
level and supervises all of them, and on the clean-context family that modifies it. These methods close the train–inference
gap on the training side by holding past frames at clean noise levels and, in most cases, masking the loss there: ACDiT
(Hu et al., 2024) attends from noised blocks to clean past blocks through a skip-causal mask, Pyramidal Flow Matching
(Jin et al., 2025) and Ca2-VDM (Gao et al., 2025) interleave clean and noised blocks for efficiency, MAGI-1 (Sand-AI,
2025) scales a clean-history variant, and FAR (Gu et al., 2025), closest to our setup, replaces part of the noisy context with
clean frames excluded from the loss. These works bundle the two changes and validate each on a single backbone; we
instead separate the two axes and cross them with the denoiser, which is where the effect turns out to live. Several of these
systems are transformers run at scale, but their causal models do not contradict our reading: the DiT of Song et al. (2025)
(DFoT) is bidirectional, and its causal video models use U-Net and U-ViT backbones. We therefore scope our claim to the
frame-causality of the denoiser, not to convolution versus transformers or to any system’s headline performance.

Other methods attack the same gap along different axes. Self Forcing (Huang et al., 2025) works on rollout supervision,
generating short autoregressive rollouts during training and supervising them against a teacher, in the spirit of scheduled
sampling (Bengio et al., 2015; Ranzato et al., 2016); History-Guided Video Diffusion (Song et al., 2025) works on the
sampler, leaving the DF objective unchanged and instead guiding inference with classifier-free guidance (Ho & Salimans,
2021) over noisy past frames; and Rolling Diffusion (Ruhe et al., 2024) changes the noise schedule itself, correlating
neighboring frames’ levels. Clean-context training, which we do not compare against these empirically, is purely a training-
data change. It also sits on the teacher-forcing side of a classical tension (Williams & Zipser, 1989): conditioning on
ground-truth context risks exposure bias, since the model never trains on its own imperfect outputs, which is why a small
stabilization noise is kept on the prefix in practice.

Finally, long-context and world-model video diffusion extend the architecture for longer context (Harvey et al., 2022; Ho
et al., 2022; Yu et al., 2024; Valevski et al., 2024); clean-context training is complementary, since any such system still
chooses a noise schedule for its visible context. Throughout we use standard diffusion training (Ho et al., 2020) and DDIM
sampling (Song et al., 2021) with the v-objective and a cosine schedule (Karras et al., 2022; Salimans & Ho, 2022).
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B. Reproducibility
Dataset preparation. We use the standard video-prediction preparation of DMLab and Minecraft: source clips at
64×64 RGB from a random-/scripted-policy agent, sub-sampled (DMLab frame skip=2). We use each dataset’s default
training/validation split, and evaluate on 128 held-out validation clips, fixed across configurations, backbones, and runs.

Architectures. The two backbones are described in Section 2 and their sizes are listed in Table 2; the DiT additionally
uses factorized spatial-full and temporal-causal attention with patch size 8. The U-Net is the convolutional video backbone
of the Diffusion Forcing codebase, not the recurrent (GRU) temporal variant of the original paper (Chen et al., 2024).

Table 2. Architecture and training hyperparameters for the two denoisers. Training, diffusion, and sampling settings are shared; only the
architecture differs.

U-Net DiT

Architecture
hidden size 48 256
depth (1, 2, 4, 8) mults 11 blocks
attention heads 4 8
head dim 32 32
patch size — 8
normalization temporal GroupNorm per-frame AdaLN-Zero
parameters 18.65M 18.84M

Training (shared)
optimizer AdamW, β=(0.9, 0.99)
learning rate 8×10−5, 10k warmup
weight decay 2×10−3

batch size 8
steps 100k
gradient clip 1.0
precision fp16 (mixed)
window × resolution 32 frames × 64×64

Diffusion / sampling (shared)
objective v-prediction
noise schedule cosine, K=1000
sampler DDIM, 100 steps, η=0
stabilization level 15

Training. Every setting (four configurations across two backbones and two datasets) is trained on a single NVIDIA H200
GPU; the optimizer, learning-rate schedule, and diffusion settings are shared across all of them and are listed in Table 2. The
configurations differ only in how the training-step noise schedule and loss mask treat the clean prefix.

Sampling. At inference we sample with DDIM (100 steps, η=0) and the v-objective. For autoregressive rollout we use
a sliding 32-frame window with a c=4-frame clean prefix; for horizons longer than the window, the window slides, each
step emitting new frames and re-using the previous window’s last 4 frames as the clean prefix. All four configurations of a
backbone run identical sliding-window denoising at inference, so they differ only in their trained weights.

Endpoint and segment-wise metrics. Each model is rolled out autoregressively to 128 generated frames per validation
clip, over n=128 held-out clips. Endpoint FVD/JEDi at horizon h use features over the [0, h] window relative to the matched
ground-truth window; segment-wise FVD/JEDi partition the rollout into four contiguous 32-frame windows and score each
against the matched ground-truth window. FVD uses I3D features (Unterthiner et al., 2018; Carreira & Zisserman, 2017);
JEDi is a polynomial-MMD on V-JEPA features (Luo et al., 2025; Bardes et al., 2024). We compute the Fréchet distance with
the eigenvalue identity tr

√
ΣaΣb =

∑√
eigvals(ΣaΣb) rather than scipy.linalg.sqrtm for numerical stability.

Code and checkpoints. Code and all sixteen trained checkpoints (four configurations × two backbones × two datasets),
together with the frame-causal-norm probe and the evaluation scripts that reproduce Tables 1, 3 and 4 and Figures 2 and 3,
can be found at https://github.com/jwei302/cct.
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C. Segment-wise Numerics
Table 3 gives the per-segment FVD behind Figure 2. Each entry is FVD computed independently on a contiguous 32-frame
segment of the rollout against the matched ground-truth segment: ∆drift is segment 4 minus segment 1.

Table 3. Segment-wise I3D-FVD↓ over 128 held-out clips, all four settings. ∆drift is FVD97−128−FVD1−32.

Backbone / Dataset Config 1–32 33–64 65–96 97–128 ∆drift

U-Net / DMLab

DF 398 516 704 692 +294
Mask-only 249 299 404 395 +146
Clean-only 268 243 264 307 +39
Full 250 292 332 293 +43

U-Net / Minecraft

DF 2053 3998 4375 4582 +2530
Mask-only 668 2292 3125 3536 +2868
Clean-only 962 3700 4258 4384 +3422
Full 841 1832 2250 2340 +1499

DiT / DMLab

DF 535 540 632 695 +160
Mask-only 643 620 725 683 +41
Clean-only 666 783 720 827 +161
Full 625 808 815 862 +237

DiT / Minecraft

DF 987 1187 1449 1958 +971
Mask-only 986 1119 1050 1224 +238
Clean-only 978 2276 2427 2363 +1385
Full 767 2308 2906 3570 +2803
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D. Causal GroupNorm Ablation
The standard temporal GroupNorm in the U-Net’s ResNet blocks normalizes each 5D activation (B,C, F,H,W ) over the
channel and frame axes jointly, pooling mean and variance across all F frames in the window; a noisy future frame therefore
shifts the normalization statistics of a clean past frame, the acausal leak of Section 4. The frame-causal variant closes this
path with a single change: it reshapes the activation to (B·F,C,H,W ) before normalizing, so each frame is normalized
on its own statistics, then reshapes back. Every other component, including the spatial-only convolutions and the causal
temporal attention, is left untouched, so the variant differs from the U-Net only in that its one acausal path is removed.

We isolate the temporal GroupNorm as the cause of the U-Net’s clean-context benefit by training the same backbone under
both DF and the full clean-context scheme, once with the standard (leaky) GroupNorm and once with the frame-causal
variant. All four runs share a matched 30k-step budget on DMLab and are evaluated on 32 held-out clips; the budget is
below the main runs, so absolute FVD is higher, but the four runs are matched and only the GroupNorm and the training
scheme vary.

With the leaky GroupNorm, clean-context training lowers FVD substantially, most of the gain arriving in the early segments
where the inference-time schedule mismatch is largest. With the frame-causal GroupNorm the same change no longer helps
and is mildly harmful, and the endpoint benefit FVD(DF)−FVD(Full) flips from strongly positive to slightly negative.
Independently, making the GroupNorm frame-causal sharply lowers DF’s own drift across every segment, which identifies
the leak as a source of drift in its own right rather than only as the reason clean-context helps.

Table 4. Causal GroupNorm ablation: segment-wise and endpoint (h=128) FVD↓ for DF and Full under the leaky and frame-causal
GroupNorm.

GroupNorm scheme seg1 seg2 seg3 seg4 h=128 ∆

leaky DF 1367 1481 1794 1591 1492
Full 841 1011 1416 1620 1038 +454

frame-causal DF 735 765 694 736 461
Full 702 738 773 902 530 −69
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E. Pixel-Level Metrics
For completeness, Table 5 reports per-clip pixel-level metrics (LPIPS, PSNR, SSIM) against the matched ground-truth
rollout for one representative setting (U-Net / DMLab). The scores are close across configurations and do not track the
distributional separation, confirming that the gap between methods is distributional rather than pixel-wise.

Table 5. Pixel-level metrics (LPIPS↓, PSNR↑, SSIM↑) on autoregressive rollouts at h∈{32, 64, 128} on U-Net / DMLab.

LPIPS↓ PSNR↑ SSIM↑
Config h=32 h=64 h=128 h=32 h=64 h=128 h=32 h=64 h=128

DF 0.450 0.481 0.498 11.85 11.15 10.74 0.175 0.140 0.121
Mask-only 0.455 0.487 0.500 11.70 11.09 10.92 0.173 0.141 0.124
Clean-only 0.455 0.481 0.493 11.88 11.31 11.05 0.176 0.146 0.127
Full 0.455 0.483 0.502 11.75 11.13 10.76 0.174 0.145 0.127
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F. Qualitative Rollouts
The displayed clip is the one at the median per-clip FVD improvement of Full over DF.
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Figure 4. Qualitative rollout over the first eight generated frames (t=1–8).
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Figure 5. Qualitative rollout over the last eight generated frames (t=121–128).
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