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Causal video diffusion models generate video autoregressively, which suits streaming, interactive, and
long-video generation. Under standard training, however, they often yield lower generation quality than
bidirectional models of the same size. Many existing approaches address this gap by initializing from
or distilling a pretrained bidirectional teacher. We instead train a causal model from an image-model
initialization, with no bidirectional video model at any stage. Because this path requires neither a large
bidirectional teacher nor a complex distillation pipeline, it is simpler and more scalable. On this path,
we find that a causal model trained on ground-truth history becomes strongly dependent on it, so that
at inference errors in its own generated history propagate forward. We hypothesize that much of this
dependence is unnecessary, because the current input already determines much of what the history
provides. We propose Conditional Residual Prediction (CRP), a simple recipe for reducing a model’s
reliance on a condition: the model first predicts the target without the condition, and the condition may
only add a residual on top of this prediction. Applied to history, CRP makes the model predict each chunk
from the present as far as it can and use the past only for what the present cannot supply. In controlled
experiments, CRP nearly closes the 6.14-point gap to a bidirectional model trained under the same
setup. Scaling this recipe, we train Optica, a 2B-parameter causal video model that autoregressively
generates 5-second 480p videos and reaches 82.78 on VBench with only about 15M training videos.

1. Introduction

Many high-quality video diffusion systems are fixed-window, non-causal generators: they jointly
denoise all latent frames in a clip, and their temporal operators can exchange information in both
directions within that window [1–7]. Throughout this paper, “bidirectional” refers specifically to
that connectivity, not to the forward and reverse processes of diffusion. Fixed-window generation is
effective for short clips, but it must complete a window before emitting output and does not expose the
temporal KV-cache structure used by streaming causal models [8–11]. By contrast, the autoregressive
generation process of causal video models is naturally compatible with long-video and streaming
settings [8–13], with direct applications to practical scenarios such as world models and neural
renderers [14–17].
Despite these theoretical advantages, causal video models often remain unsatisfactory in practice.
More specifically, even for short durations such as 5 seconds, a causal video model produces videos with
substantially lower visual quality and semantic fidelity than a bidirectional model with a comparable
parameter count.
Recent works have recognized this phenomenon and proposed several solutions. Early methods
initialize a causal student from a pretrained bidirectional video model and retain a bidirectional
teacher for ODE initialization or score distillation [8, 9]. Later methods still start from a bidirectional
base but replace the ODE- or score-providing teacher with a causal one, at initialization or throughout
scoring [18–20].
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Figure 1 | Overview. (a) Conditional Residual Prediction (CRP) applied to history. The same network
𝑓𝜃 is evaluated twice on the same input: the History-Free branch masks out the history and predicts
𝑥free, and the History-Conditioned branch sees the history and predicts only a residual 𝑥cond on top
of it. The History-Free hidden states are detached and added to the History-Conditioned branch
after every block, never the reverse, so the History-Free branch stays free of history. (b) A video VAE
encodes the first frame into its own latent and every later four frames into one, with causal temporal
convolutions that entangle latents across time. (c) An image VAE encodes every frame independently
into the same kind of latent; a temporal down/up layer keeps the cost of the DiT unchanged.

Compared with vanilla causal video models, these methods have achieved clear success, approaching
or even surpassing their bidirectional teacher models. Yet their complex training and reliance on a
pretrained teacher limit scaling: a stronger causal model first needs a stronger bidirectional one. More
importantly, recent work finds that using a causal rather than bidirectional teacher for distillation
yields a better causal student [18, 20]: the mismatch between bidirectional and causal models limits
post-distillation performance, and a bidirectional teacher can leak future information that the student
cannot access at generation time. This line of work further motivates our objective. Directly training
a multi-step causal video model without relying on a bidirectional model not only provides a simple
and scalable multi-step generator in its own right, but may also enable distillation into a stronger,
efficient few-step model.
Our approach centers on one idea: reducing over-reliance on history. We find that a causal model
trained on a ground-truth prefix becomes strongly dependent on it, and we hypothesize that much
of this dependence is unnecessary: it covers information that the current input already determines
(Sec. 3.1). We propose Conditional Residual Prediction (CRP; Fig. 1(a)), which first predicts the target
without a condition and lets the condition add only a residual on top of this prediction. Applied to
history, CRP splits the forward passes over the same input into a History-Free branch and a History-
Conditioned branch and combines them to form the final output. To prevent the History-Conditioned
branch from contaminating the History-Free branch, we detach the output of the History-Free branch
with a stop-gradient, so that the History-Conditioned loss does not backpropagate through it; the
shared parameters are updated by both losses. Under this design, the History-Conditioned branch
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effectively models the residual of the History-Free prediction. Intuitively, the History-Free branch
models as much as possible without relying on history, while the History-Conditioned branch supplies
only the signals that necessarily depend on history. In our controlled experiments, CRP, together with
the 𝑥0-prediction it builds on, narrows the VBench Total gap between the causal and bidirectional
models from 6.14 to 0.19, with CRP itself accounting for 4.68 points.
CRP acts within the DiT, but the video VAE introduces a second source of history dependence that no
change to the DiT can remove: its causal temporal compression couples latent frames. We therefore
also use an image VAE rather than a video VAE. On top of CRP, the image VAE further narrows
the gap from 0.19 to −0.20. It also suits CRP: encoding every frame independently removes the
encoder-induced distinction between single-frame and four-frame latents.
Overall, this paper demonstrates that a causal video model can achieve strong performance without
relying on a bidirectional teacher: building on CRP, we train Optica, a 2B-parameter causal video
model that reaches 82.78 on VBench. It also demonstrates the effectiveness of reducing history
over-reliance and offers a simple recipe for native, scalable training of causal video models.

2. Background

Let the latent sequence of a video be 𝑥 = (𝑥1, . . . , 𝑥𝑁), where the subscript denotes a position along
the temporal dimension. Let 𝑦 be the text condition and 𝑓𝜃 the DiT to be trained. We use this notation
throughout the paper.

2.1. Bidirectional Video Diffusion Model

In image diffusion, attention is typically bidirectional [21–24]. This carried over naturally to video
diffusion, where it has been successful [1–3, 25–27] and now dominates the field [4, 6, 28–32]. Such
methods draw one noise level 𝑡 shared across all positions, form the interpolation 𝑥𝑡 = (1 − 𝑡) 𝑥 + 𝑡 𝜖

with 𝜖 ∼ N(0, 𝐼), and regress the corresponding velocity [33, 34]. Attention is bidirectional along
time, so every position attends to every other within the window, and generation integrates the ODE
jointly over the whole window from 𝑡 = 1, producing all positions at once.

2.2. Causal Video Diffusion Model

Causal video diffusion models [12, 13, 16, 35–41] differ from bidirectional models above all in
how they treat time, factorizing it by the chain rule: 𝑝(𝑥 | 𝑦) =

∏𝑁
𝑖=1 𝑝(𝑥𝑖 | 𝑥<𝑖, 𝑦). A matching

causal attention mask in the DiT keeps information flowing in one direction only. Some works apply
causality at the chunk level [8–10, 13] rather than the frame level [16, 35, 36, 39, 40, 42, 43], which
places them between the two extremes; adjusting the chunk size turns such a model into either a
bidirectional or a causal one [44]. Throughout this paper we call a model causal when its chunk size
is below two seconds and bidirectional when it is above.
Training normally uses teacher forcing [45]: the model is conditioned on the ground-truth prefix
and noise is added only to the current position, so the noised query at position 𝑖 attends to the clean
prefix 𝑥<𝑖 and to itself: Lcausal = 𝔼[∑𝑁

𝑖=1 ∥ 𝑓𝜃(𝑥
𝑡𝑖
𝑖
, 𝑥<𝑖, 𝑡𝑖, 𝑦) − (𝜖𝑖 − 𝑥𝑖)∥2]. Here, each position has an

independent noise level 𝑡𝑖, while the conditioning prefix 𝑥<𝑖 comes from real data. Inference instead
proceeds autoregressively, that is, on the model’s own generated frames as history: for 𝑖 = 1, . . . , 𝑁,
the model conditions on the generated prefix 𝑥<𝑖 and integrates the ODE from 𝑥1

𝑖
∼ N(0, 𝐼) to obtain

𝑥𝑖. Under autoregressive inference the generated history may differ from the real history, which
introduces a training–inference gap and hence a loss of quality. This is the central problem studied in
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Figure 2 | Per-frame image quality degradation and comparison. Per-frame no-reference quality
is measured with Q-ReAlign Mini [57]. (a) Teacher-forced (TF) generation remains approximately
stable, whereas autoregressive (AR) quality decreases with chunk index. (b) Quality change under
a corrupted history, Δ𝑄 = 𝑄corrupted − 𝑄clean, with each corruption type triggered independently
per history frame with probability 0.3; negative values indicate degradation. Curves show means
and shaded regions standard errors across clips. CRP and the image VAE progressively reduce the
degradation. In (a), with the video VAE, + CRP falls below the baseline at chunk 0, which is generated
without history; the image VAE removes this drop (Sec. 3.3).

this paper.

2.3. Initialization and Distillation from a Bidirectional Teacher

Many works address the quality degradation of causal video models by exploiting a high-quality
bidirectional model: some build on it by initialization or fine-tuning, as short-chunk causal mod-
els [46, 47] or clip- and shot-level extenders [48–50], while others distill from it, usually with
Diff-Instruct [51] or DMD [52] objectives [8–11, 43, 53–55], or post-train the initialized causal
model adversarially [56]. This line of work has been markedly successful, with the causal student
approaching or even surpassing its bidirectional teacher.
Recent work further finds that the bidirectional teacher is itself a bottleneck, and that making each
stage causal works better. Self Forcing [9] replaces the ground-truth prefix with the model’s own
rollout during training. Causal Forcing [18] traces the problem to ODE initialization and uses a
teacher-forced multi-step causal model as the ODE teacher. Context-Matched Distillation [20] makes
the score-providing teacher causal as well, since a bidirectional one sees future frames the student
cannot. Appendix A expands these comparisons.

3. Method

3.1. The History Over-Reliance Hypothesis

The most important difference between a causal video model and a bidirectional model is the former’s
autoregressive generation process: the model first generates the earlier portion and then uses it
as the basis for generating later positions. A common source of poor quality during autoregressive
generation is exposure bias [58–61]. Errors in early positions are not only carried forward as fixed
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history and propagated to later positions, but also move the sequence away from the ground-truth
history distribution seen during training, thereby degrading model performance. This train–test
mismatch has also been observed directly in autoregressive video diffusion [9, 62]. We first quantify
the mismatch through per-frame image quality, scored with Q-ReAlign Mini1, a modernized version of
Q-Align [57], over 1,000 real clips (Appendix D.2). On our causal baseline (Sec. 4.2), quality under a
ground-truth prefix is flat across the clip, 0.824 in the first chunk and 0.822 in the twentieth, whereas
the same model under an autoregressive rollout falls to 0.592, a mean gap of 0.138±0.003 (Fig. 2(a)).
Corrupting the ground-truth history rather than replacing it with generated frames reproduces the
effect, costing 0.089 ± 0.001 (Fig. 2(b)). We use these two diagnostics throughout to test whether an
intervention reduces history reliance, independently of VBench.
History dependence thus poses an apparent dilemma. The model must rely on the history to generate
the current position, yet this reliance lets errors accumulate. Simply weakening or severing its access
to the history reduces these errors but also removes useful signals, which hurts performance. We
decompose this problem from an information-theoretic perspective. Information provided by history
may be redundant with information at later positions; that is, some information can be recovered
from the current-position signal alone, without relying on history.
More precisely, let the history be 𝐻 = 𝑥<𝑖, the current input be 𝑐 = 𝑥𝑡

𝑖
, the target be 𝑥 = 𝑥𝑖, and

the text input be 𝑦, where 𝑖 denotes the temporal position and 𝑡 the noise level in the diffusion or
flow-matching formulation. By the chain rule for mutual information [63],

𝐼(𝑥; 𝑐, 𝐻, 𝑦) = 𝐼(𝑥; 𝑐, 𝑦) + 𝐼(𝑥; 𝐻 | 𝑐, 𝑦).

We call the first term the history-free information, which the current input and text determine on their
own, and the second the history-exclusive information, which only the past can supply.

Hypothesis 1 (History Over-Reliance). A causal video model trained on a ground-truth prefix
relies on the history for history-free information instead of modeling it from the current input, and
thereby acquires history dependence that the task does not require.

Why is this hypothesis plausible, and why would it cause severe exposure bias? During training, the
model receives a ground-truth prefix, so relying on the ground-truth prefix for this history-free signal
yields a lower error than generating it independently. At inference, however, the history itself contains
errors that accumulate during generation, exacerbating exposure bias. If the model generates this
component by itself, the training loss may be higher, but at inference time the component no longer
depends on history and therefore avoids interacting with its accumulated errors.
We therefore separate history-free and history-exclusive information explicitly: the former is modeled
from the current input, and a History-Conditioned branch models only the remaining residual. We
formalize this design as Conditional Residual Prediction in Sec. 3.2, and complement it in Sec. 3.3 by
removing the history dependence that the video VAE introduces. CRP also differs from two standard
techniques: training on corrupted history and on rollout history. Diffusion Forcing [36], the best-
known example of the former, injects noise into the history during training. If inference uses a clean
history, training and inference become inconsistent; if inference keeps the noise, it discards history
information that the current position needs, by an amount set by a hand-crafted noise level that
is hard to control. Training with rollout history, or scheduled sampling [58], changes the training
objective and can lead to a suboptimal solution [64]. See Appendix A for more discussion.

1https://huggingface.co/q-future/Q-ReAlign-Mini-0.8B

https://huggingface.co/q-future/Q-ReAlign-Mini-0.8B
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3.2. Conditional Residual Prediction

We first focus on the DiT, where history may only add a residual on top of a History-Free prediction.

Definition 1 (Conditional Residual Prediction). Let a network 𝑓𝜃 predict a target 𝑥 from an input
𝑐 and a condition ℎ. CRP evaluates the same network twice: a condition-free branch 𝑥free = 𝑓𝜃(𝑐)
that never accesses ℎ, and a residual branch 𝑥cond = 𝑓𝜃(𝑐, ℎ) that may also receive the detached
features of the condition-free branch but passes nothing back to it. With a loss ℓ, the two branches
are trained with

Lfree = ℓ(𝑥free, 𝑥), Lcond = ℓ(sg[𝑥free] + 𝑥cond, 𝑥),

where the stop-gradient sg[·], which we use throughout, keepsLcond from backpropagating through
the condition-free branch, and the prediction is 𝑥free + 𝑥cond, or 𝑥free alone when ℎ is unavailable.
The condition-free branch thus carries no information about ℎ in its features or output; everything
that depends on ℎ is carried by the residual branch, without additional parameters.

Table 1 | Roadmap of the controlled ablation,
trained on 4M videos at 256p and 5s. Each row
adds one configuration change on top of the row
above, and Δ is the resulting change in Total.
The causal baseline is substantially worse than
the bidirectional baseline, CRP nearly closes this
gap, and the image VAE further brings it on par
with the bidirectional model. All scores use the
standard VBench prompt set and its fixed seeds;
Appendix F compares reconstruction in image
and video modes.
Configuration Total Quality Semantic Δ

Bidirectional reference 77.28 79.64 67.82 –
Causal baseline 71.14 75.13 55.16 –

+ 𝑥0-prediction 72.41 74.96 62.22 +1.27
+ CRP 77.09 78.09 73.10 +4.68
+ Image VAE 77.48 78.43 73.72 +0.39

In this paper, ℓ is the squared error, and we in-
stantiate Definition 1 with the noisy current chunk
and the text as the input, 𝑐 = (𝑥𝑡

𝑖
, 𝑦), the history

as the condition, ℎ = 𝐻 = 𝑥<𝑖, and the clean chunk
as the target, 𝑥 = 𝑥𝑖.
Conditional residual branches have conceptual
precedents in ControlNet and temporal-residual
video diffusion [65, 66]. ControlNet, however,
injects an additional, separately parameterized
condition branch into a frozen base, so that the
features and output of the base carry the condition.
CRP reverses this direction within a single network
and keeps the condition-free branch clean. SCD
separates temporal causal reasoning from frame-
wise denoising [43]. Appendix A further discusses
History Guidance and remedies for over-reliance
on history in imitation learning.
Specifically, for the same network and the same set of inputs, we compute two forward-pass results
simultaneously (Fig. 1(a)): a History-Free branch with past frames masked out and a History-
Conditioned residual branch with access to past frames. During sampling, the first chunk, which
has no history, uses only 𝑥free. We pass the detached hidden state of the History-Free branch to the
History-Conditioned branch after every block, allowing the latter to process History-Free signals in
latent space rather than only in output space; we refer to this as latent fusion. Since the residual is
most naturally defined on the clean target, CRP uses 𝑥0-prediction.

3.3. From Video VAE to Image VAE

CRP acts within the DiT, but the latents it models come from the VAE. Like many common video
VAEs, the Wan2.1 VAE we adopt [6] is built from causal temporal convolutions: it encodes the first
frame into its own latent and every later four frames into one, and each latent depends on the frames
before it (Fig. 1(b)). This causes two problems.
First, the VAE introduces history dependence of its own, which no change to the DiT can remove:
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it learns to reconstruct later positions partly from preceding signals. We observe that, under the
common setting of 5 seconds at 16 fps, an error in an early latent propagates all the way to the last
frame (Appendix E). In autoregressive generation, an error in an earlier chunk is thus carried into
every later one.
Second, the video VAE produces two types of latent, a single-frame latent for the first frame and a
four-frame latent for each later group of four frames, and one model must generate both. The two are
also inherently imbalanced: the single-frame latent appears only at the first position and receives a
small share of training, which an extra image task can alleviate. In CRP, the imbalance becomes more
pronounced: the History-Free branch predicts without history at every position, almost always on
four-frame latents. Since the first chunk is generated by this branch alone, it falls below the baseline
(Fig. 2(a), chunk 0). Rather than adding an image task, we unify the latent representation.
Motivated by these two issues, we replace the video VAE with an image VAE, which encodes every
frame independently into the same kind of latent (Fig. 1(c)). To avoid introducing other changes, we
keep the same Wan2.1 VAE but use its image mode instead of its video mode, which loses no fidelity
(1.11 dB higher paired PSNR; Appendix F). This removes both problems: a perturbation of one latent
no longer spreads to later frames, and the chunk-0 drop disappears.
To keep the DiT’s cost unchanged with four times as many latents, we add a lightweight temporal
patch layer that merges every four adjacent latents at the input and splits them at the output (Fig. 1(c);
Appendix B.2). Consistent with JiT [67], we observe that 𝑥0-prediction performs better than velocity
prediction with these higher-dimensional tokens. We refer to this complete configuration as “+ Image
VAE.”

4. Controlled Ablation Experiments

4.1. Setup

Data For the controlled ablation experiments, we use approximately 4M internal video clips at 256p
resolution and a duration of 5 seconds. Further details on the data are provided in Appendix C.

Model Our model is initialized from the 1.6B-parameter SANA-1.5 T2I checkpoint [68, 69]. Follow-
ing SANA-Video [7], we add a temporal convolutional layer to the MLP and adapt kernelized linear
attention [70] for RoPE [71]. We replace 25% of the linear-attention layers with softmax attention.
For the causal model, all components involving the temporal dimension, including temporal convo-
lution, attention, and RoPE, are made strictly causal. The resulting model contains 2B parameters.
We use the Wan2.1 VAE. Since SANA-1.5 is pretrained in the DC-AE latent space [72], we follow
DC-VideoGen [73] and adapt its input and output layers to the Wan2.1 latent space before the main
training (Appendix B.3).

4.2. Bidirectional and Causal Baselines

We first train bidirectional and causal baselines under this setup. For the baseline models, we use
the standard velocity loss. For the causal baseline, we use teacher forcing rather than diffusion
forcing, following prior work [18]. The causal baseline scores 71.14 VBench Total, well below the
bidirectional baseline’s 77.28. This is consistent with prior autoregressive video diffusion results [8, 9].
Qualitatively, we observe clear exposure bias: as generation proceeds, the causal baseline rapidly
departs from the real-image distribution, producing distorted textures, incorrect structures, and
artifacts (Fig. 3, first row).
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Figure 3 | Qualitative effect of reducing history over-reliance over an autoregressive rollout.
Rows, top to bottom: causal baseline; + CRP; + CRP + Image VAE. All three are the 4M-video
controlled-ablation models under the same sampling parameters, so the differences between them
isolate the effect of each added component. The causal baseline deteriorates rapidly as the temporal
index increases. With + CRP, the scene keeps its structure throughout, but later frames darken and
develop speckle artifacts; adding the image VAE removes them.

4.3. Causal Model with CRP

Starting from the causal baseline, we first add CRP to the DiT, keeping the video VAE. Because
CRP predicts a residual on top of an 𝑥0 prediction, we first switch the causal baseline from velocity
prediction to 𝑥0-prediction, which on its own raises VBench Total from 71.14 to 72.41 (Table 1), and
then add CRP (Sec. 3.2).
CRP raises VBench Total from 72.41 to 77.09, close to the bidirectional baseline of 77.28. CRP alone
therefore accounts for 4.68 of the 6.14-point gap between the causal and bidirectional baselines. On
the two diagnostics in Fig. 2, CRP reduces the quality gap between autoregressive generation and
teacher forcing from 0.138± 0.003 to 0.066± 0.003, and the quality loss caused by corrupted history
from 0.089± 0.001 to 0.020± 0.001. In the rollout of Fig. 3, the scene keeps its structure throughout,
although later frames darken and develop speckle artifacts.

4.4. Causal Model with Image VAE

We then replace the video VAE with the image VAE of Sec. 3.3, together with the temporal patch
layer, which adds about 40M parameters, or 2% of the total (Fig. 1(c)).
The image VAE further raises VBench Total from 77.09 to 77.48, matching the bidirectional baseline.
Adding the image VAE also reduces the two diagnostics to 0.039 ± 0.002 and −0.004 ± 0.001,
respectively; at this corruption strength, there is no longer any measurable degradation. It also
removes the drop of CRP at chunk 0 (Fig. 2(a); Sec. 3.3) and the darkening and speckles in later
frames (Fig. 3).

4.5. Ablation of CRP Components

To isolate the contribution of each component, we remove them from the + CRP model of Sec. 4.3
(Table 2). Removing latent fusion lowers VBench Total from 77.09 to 76.31, and removing the
stop-gradient lowers it to 75.87. Replacing the composed prediction sg[𝑥free] + 𝑥cond with a direct
prediction of the History-Conditioned branch (− CRP) lowers it much further, to 72.63, close to the
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Table 2 | Ablation of the CRP components in the controlled setting. Full CRP is the + CRP row of
Table 1, and each row below it removes the components marked ×. Extra History-Free training applies
Lfree to every chunk, whereas the causal baseline predicts without history only for the first chunk.
Latent fusion passes the detached hidden states of the History-Free branch to the History-Conditioned
branch after every block. CRP composes the final prediction as sg[𝑥free] + 𝑥cond; without it, the
History-Conditioned branch predicts 𝑥0 directly. The stop-gradient acts on whichever of these two
paths is present and does not apply (–) when neither is.

Extra History-Free
Training

Latent
Fusion CRP Stop

Gradient Total Quality Semantic

Causal baseline (𝑥0) × × × – 72.41 74.96 62.22
Full CRP ✓ ✓ ✓ ✓ 77.09 78.09 73.10
− Latent fusion ✓ × ✓ ✓ 76.31 77.06 73.32
− CRP ✓ ✓ × ✓ 72.63 75.11 62.74
− Both ✓ × × – 71.14 74.08 59.37
− Stop gradient ✓ ✓ ✓ × 75.87 77.39 69.79

𝑥0 causal baseline of 72.41. The model therefore tends to over-rely on history: latent fusion alone
still lets it bypass the History-Free signals, and only composing the two branches at the output forces
it to model them. CRP trains Lfree and Lcond jointly, but the extra History-Free training alone does
not account for its gain. Without latent fusion and CRP (− Both), VBench Total falls to 71.14, below
the 𝑥0 causal baseline of 72.41. Without CRP, the History-Free prediction is used only for the first
chunk, which has no history; we attribute the drop to the extra History-Free training diluting the
share of History-Conditioned training for every later chunk.
Figure 4 shows the History-Conditioned training loss of these variants. Without latent fusion, the
History-Conditioned branch cannot obtain History-Free signals in latent space, and both the loss and
VBench Total are worse: the loss stays above that of full CRP throughout training and ends at 0.0867,
versus 0.0818. Without the stop-gradient, the loss decreases faster at first and stays below that of full
CRP until about 16K steps, but Lcond also updates the History-Free branch, whose loss ends 0.0012
higher; the final loss of 0.0827 and VBench Total are both worse. Without CRP, the model over-relies
on history: its loss is lower throughout and ends at 0.0790 (0.0792 for − Both), yet these two variants
have the lowest VBench Total. This is the behavior that Hypothesis 1 predicts: under a ground-truth
prefix, relying on the history yields a lower training error, whereas at inference the history contains
the model’s own errors (Sec. 3.1). Together, these results isolate the contribution of each component
of CRP and support the history over-reliance hypothesis.

5. Scaling Experiments

Data Building on the controlled experiments, we continue training at 256p and 5 seconds up to
7M videos, and then switch to 480p and train up to 14.5M videos. Finally, we perform supervised
fine-tuning (SFT) on 0.5M internal high-quality videos (Appendix C), for 15M videos in total.

Model The scaled-up model continues training from the controlled-experiment checkpoint. All
controlled experiments use a chunk size of one latent position; for the scaled-up model, we increase
the chunk size to four latent positions and fine-tune directly.
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Figure 4 | CRP reduces history over-reliance and improves generation. The History-Conditioned
loss is the loss of the final prediction on chunks that have history, for the variants of Table 2. (a) Loss
during training. (b) Final loss against VBench Total. The variants without CRP (dashed lines, open
markers) reach the lowest loss but the lowest VBench Total.

Results Optica achieves VBench Total/Quality/Semantic scores of 82.78/83.02/81.83 (Table 3). It
is trained on only approximately 15M internal real video clips, contains 2B parameters, and uses no
initialization, ODE sample, or score from a bidirectional teacher.
Among methods that do not rely on any bidirectional video model, Optica achieves the highest VBench
Total score: 82.78, exceeding Pyramid Flow, NOVA, and MAGI-1 by 1.06, 2.66, and 3.60 points,
respectively. This advantage comes primarily from Semantic: Optica scores 81.83, compared with
69.62, 79.05, and 67.74. Our Quality score remains below that of Pyramid Flow (83.02 vs. 84.74).
We observe a similar pattern when comparing against causal models distilled from bidirectional
teachers. Optica’s Semantic score is already comparable to those of the strongest models in this
group. For example, Causal Forcing, Causal-rCM, and Self Forcing achieve Semantic scores of 81.84,
81.31, and 81.28, respectively, compared with 81.83 for Optica. On Quality, however, Optica remains
1.0–4.0 points lower. The same holds relative to the bidirectional SANA-Video 5-second checkpoint,
the closest published model architecturally: their Semantic scores are nearly identical (81.83 vs.
81.35), and the primary gap lies in Quality (83.02 vs. 84.35).
The remaining gap should be read together with the training budget. Although many distilled causal
models contain only 1.3B parameters, they are initialized from or distilled with pretrained Wan video
models, commonly at 1.3B and in most cases with 14B teacher supervision [8–10, 43, 55]. The cost of
this upstream training is not reflected in their parameter counts. By contrast, Optica uses only about
15M video clips and starts from an image model. More importantly, in our controlled experiments
with identical data, model sizes, and evaluation protocols, our causal model already matches the
bidirectional reference (Table 1). This points to training budget, rather than the causal architecture,
as the main source of the remaining gaps.
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Table 3 | Comparison with video generators on VBench. Total, Quality, and Semantic are short-
video VBench-T2V scores [74]. For our model, we report scores on 480p+5s videos generated
autoregressively in 5 chunks. Appendix D.1 lists the sources of the quoted scores.

Method Steps #Params Bi. source Use Total Quality Semantic
Fixed-window, non-causal
Step-Video [75] 50 30B – – 81.83 84.46 71.28
Open-Sora-2.0 [76] 50 11B – – 84.34 85.40 80.12
HunyuanVideo [5] 50 13B – – 83.24 85.09 75.82
Wan2.1 [6] 50 14B – – 83.69 85.59 76.11
CogVideoX1.5 [4] 50 5B – – 82.17 82.78 79.76
SANA-Video [7] 50 2B – – 83.71 84.35 81.35
LTX-Video [77] 20 1.9B – – 80.00 82.30 70.79
Wan2.1 [6] 50 1.3B – – 84.26 85.30 80.09
Causal, distilled from a bidirectional teacher
CausVid [8] 4 1.3B Wan-1.3/14B init.+dist. 81.20 84.05 69.80
Self Forcing [9] 4 1.3B Wan-1.3/14B init.+dist. 84.31 85.07 81.28
LongLive [10] 4 1.3B Wan-1.3/14B init.+dist. 84.87 86.97 76.47
Rolling Forcing [11] 5 1.3B Wan-1.3/14B init.+dist. 81.22 84.08 69.78
Context Forcing [54] 4 1.3B Wan-1.3B init.+dist. 83.44 84.98 77.29
Causal Forcing [18] 4 1.3B Wan-1.3/14B init.+dist. 84.04 84.59 81.84
Causal-rCM [55] 2 1.3B Wan-1.3/14B init.+dist. 84.63 85.46 81.31
SCD [43] 4 1.6B Wan-1.3/14B init.+dist. 84.03 85.14 79.60
Causal, bidirectional initialization only
SkyReels-V2 [12] 30 1.3B own bi. model init. 82.67 84.70 74.53
Causal, no bidirectional video model
NOVA [41] 25 0.6B – – 80.12 80.39 79.05
Pyramid Flow [38] 20 2B – – 81.72 84.74 69.62
MAGI-1 [13] 64 4.5B – – 79.18 82.04 67.74
Optica (ours) 50 2B – – 82.78 83.02 81.83

6. Conclusion

This paper studies history over-reliance in causal video models: teacher forcing supplies a consistently
correct prefix, so the model comes to rely on history for signals it could model from the current
position, and this reliance amplifies history errors during autoregressive inference. We address
this with Conditional Residual Prediction, which splits the DiT into a History-Free branch and a
History-Conditioned branch that predicts only a residual on top of it. We complement it with an image
VAE that removes history dependence between latents. In controlled experiments, CRP narrows the
6.14-point VBench Total gap to the bidirectional reference to 0.19, and the image VAE narrows it
further to −0.20, while substantially reducing quality degradation under generated and corrupted
histories. The scaled 2B-parameter Optica uses no initialization, sample, or score from a bidirectional
teacher and achieves 82.78 on VBench.
History remains necessary for modeling motion, identity, and temporal consistency; what CRP removes
is the reliance on history for what the current position can model on its own. This also makes Optica
complementary to distillation rather than an alternative to it. Recent work finds that a few-step
causal model benefits from distilling a multi-step causal teacher rather than a bidirectional one [18],
and Optica offers a way to train such a teacher natively, keeping the causal factorization consistent
between the pretrained model and the downstream student.
The same decomposition also suggests a target for compressing long context or memory in causal
video models: keep the history-exclusive information, which the current position cannot infer on
its own, and discard the rest. This gives an information-theoretic rather than heuristic criterion for
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which parts of the history are useful, and can guide the design of concrete compression algorithms.
Our experiments have several limitations. All controlled and scaling runs evaluate only 5-second videos,
so we have not verified that CRP keeps suppressing error accumulation over longer autoregressive
rollouts. We also instantiate CRP only with the history as the condition; other conditions that
generative models are known to over-rely on, such as the conditioning image in image-to-video
generation [78], are left for future work. This version of Optica also does not yet support image-to-
video generation. The image VAE gives up temporal compression and the History-Free branch adds a
forward pass, so the current 50-step model does not demonstrate real-time efficiency, and we have
not yet distilled Optica into a few-step model.
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Causal Distillation These works extend the pipeline of Sec. 2.3. Self-Forcing++ [53] re-noises
long rollouts to push self-rollout training past the teacher’s window. LongLive [10] adds KV recaching
at prompt switches and a frame-level attention sink for real-time interactive streaming. Rolling
Forcing [11] jointly denoises a rolling window with bidirectional intra-window attention while
emitting frames sequentially. Context Forcing [54] distills from a long-context teacher and restructures
the KV cache. Causal-rCM [55] combines teacher-forcing consistency distillation with self-forcing
DMD under a forward/reverse divergence view. SCD [43] decouples once-per-frame causal reasoning
from frame-wise denoising. Causal Forcing++ [19] inherits Causal Forcing’s teacher-forcing and DMD
stages, replaces its causal ODE stage with causal consistency distillation, and extends to frame-wise
one- and two-step generation.

Training with Perturbed History Diffusion Forcing [36] samples each noise level independently,
so that 16 frames with 1000 timesteps each already admit 𝑂(1048) noise-level combinations [39].
Rolling Diffusion [37], AR-Diffusion [39], SkyReels-V2 [12] and MAGI-1 [13] restrict the schedule to
be non-decreasing toward the future. The clean prefix can also be corrupted on top of a teacher-forced
schedule. MAGI-1 injects up to 5% noise into its clean chunks [13]. SkyReels-V2 adds noise to
the clean condition at inference to stabilize long rollouts [12]. Pyramid Flow noises the history
during training while conditioning on clean frames at inference [38]. GameNGen finds corrupting
context frames critical for long-horizon visual stability [16]. In-Context Forcing [82] argues that
clean context frames leak local detail and invite shortcuts; it adds more noise to adjacent frames and
less to distant ones while leaving the prediction target fixed, partly in service of cross-frame parallel
denoising, and studies few-step models downstream of a distillation pipeline. Such corruption is not
selective: it weakens the history-exclusive information that the current position needs along with the
redundant history-free information. It also leaves a dilemma between training and inference. With
noise augmentation as in Diffusion Forcing, noise applied only in training leaves inference with a clean
history that training rarely provides, whereas noise applied at inference as well discards information
by an amount set by the noise level rather than by what the current position needs. Frame-, block-,
and patch-level corruption or dropout face the same trade-off. Our runs condition on a clean prefix
throughout, following Zhu et al. [18], who report that plain teacher forcing usually outperforms
diffusion forcing, a finding our internal experiments reproduce.

Training with Rollout History Self Forcing [9] unrolls the student with KV caching inside the
training loop and supervises the rollout with a distribution-matching objective; the extensions
above [10, 11, 53, 55] keep this structure. A rollout carries no ground-truth target, so all of them draw
one from the distillation pipeline, and hence from a teacher. Resampling Forcing [62] does without
one and is the closest teacher-free work to ours: it shares our target of exposure bias under teacher
forcing, our stop-gradient, and our avoidance of any teacher or discriminator. It autoregressively
resamples the history with the online weights, detaches that rollout, and asks the model to predict a
clean target from the degraded prefix, so it learns to rectify history errors. Supervising a self-generated
history with the ground-truth continuation, as in scheduled sampling [58], is an improper objective
in general [64]: once the rollout drifts or collapses, the same generated history is consistent with
many real continuations, so the regression target either averages over them or asks the model to
recover information that the history no longer contains. Resampling Forcing initializes from pretrained
Wan2.1-1.3B weights rather than from an image model, and its history routing targets long-horizon
attention cost, which we do not address. Both families change the conditioning signal; CRP changes
the prediction target instead, at the price of one extra forward pass.
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Controlling the History Dependency History Guidance [83] uses a CFG-style mechanism to inject
the history signal at inference time, allowing the strength of the history signal to be controlled. It
evaluates a single network with and without history, but trains it to predict the full target in every case
and combines the predictions only at sampling time. MAGI-1 [13] sets a CFG guidance coefficient for
the history separately from the text one, and schedules it over the denoising steps. SCD [43] separates
the history-information extractor from the frame-wise denoiser, making the denoiser depend on a
compressed history and thereby providing a bottleneck on the history signal. In imitation learning,
policies conditioned on observation histories are known to over-rely on the history. This is addressed
with targeted interventions [84], with an adversarial objective that removes information about the
previous action [85], or by training a separate history module to predict the change of action and
feeding its detached features to a policy that predicts the full action [86]. By contrast, the residual in
CRP is added to a detached History-Free prediction of the same network.

Image-Initialized Causal Video Models Pyramid Flow [38] initializes from SD3 Medium,
NOVA [41] from its own from-scratch text-to-image model, and GameNGen [16] and ART·V [35]
from Stable Diffusion. Our setting belongs to this group, and Pyramid Flow is the closest published
point of comparison in Table 3.

B. Implementation Details

Optimization All models are trained with AdamW [87] (𝛽1=0.9, 𝛽2=0.999, 𝜖=10−10, weight decay
0) under a constant learning-rate schedule with a linear warmup of 500 steps per data-parallel replica.
The learning rate is 3.5× 10−5, except for the final SFT stage of the scaled model (Sec. 5), which uses
1 × 10−5 with all other settings unchanged. Gradients are clipped to a norm of 0.5. Training uses
bf16 mixed precision [88, 89] on an H20 cluster with a global batch size of 128. We do not use an
EMA of the weights.

Objective We use flow matching with a linear schedule [33, 34]. Timesteps are drawn from a
logit-normal distribution (𝜇=0, 𝜎=1) and warped by a training shift of 3.0. Each latent position
receives an independently sampled timestep and independent noise; when the chunk size exceeds
one, a single timestep is shared within a chunk and sampled independently across chunks. Text
conditions are dropped with probability 0.1 during training to enable classifier-free guidance at
inference [90].

Sampling We sample with a flow-adapted DPM-Solver++ multistep implementation [91], using 50
steps and an inference timestep shift of 7.0 (versus 3.0 during training) in all experiments. Classifier-
free guidance uses an empty-string negative prompt and no separate guidance on the history stream;
its text scale is 6.5 for all controlled ablations, diagnostics, and visualizations (Secs. 4.1–4.4 and the
corresponding appendices), and 9.5 for the scaling experiments (Sec. 5). Videos have 81 frames with
the video VAE and 80 frames with the image VAE, all at 16 fps, and are generated at 256p in the
controlled experiments and at 480 × 832 in the scaling experiments. Each latent position covers four
frames: it holds one latent of the video VAE (except the first, which covers a single frame) or four
per-frame latents of the image VAE merged by the temporal down layer. The controlled causal models
generate 20 chunks, with an extra first-frame chunk for the video VAE; the scaled model generates 5
chunks of four latent positions each.
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B.1. Architecture

The DiT is warm-started from an adapted 1.6B-parameter SANA-1.5 checkpoint [69] and keeps its
width and depth: 20 blocks at hidden width 2240, 20 attention heads of dimension 112. The input
layer is a 3D patch embedding with patch size (1, 2, 2) over the latent, i.e. no temporal patching at
this stage; temporal compression is handled separately (Appendix B.2). Captions are encoded by a
frozen Gemma-2-2B-IT decoder [92] at a maximum length of 512 tokens.

Temporal Convolution in the MLP Following SANA-Video [7], each block’s MLP carries a zero-
initialized temporal convolution with kernel size 3 and a shortcut after the spatial GLU path. In our
implementation this is a full (not depthwise) Conv2d with kernel (3, 1) over the (𝑇, 𝐻𝑊) layout.

Attention Following SANA-Video [7], we apply a ReLU feature map to 𝑞 and 𝑘 and only then apply
RoPE [71] to the features, making the two compatible. Positions use axis-wise video RoPE; we set
𝜃=104 along time and 𝜃=2 × 103 along height and width. We replace 25% of the blocks with softmax
attention; with depth 20 the rule places softmax at blocks {3, 7, 11, 15, 19}, i.e. every fourth block
ending at the last.

B.2. Temporal Patch Layer

With the image VAE every latent frame corresponds to one video frame, so we restore the token budget
inside the DiT rather than in the VAE. Immediately after the patch embedding, a down-projection
maps each group of 𝑝=4 adjacent latent frames to a single token group, and a matching up-projection
inverts it before the output layer; the transformer blocks therefore operate on 80/4 = 20 temporal
positions.
Both projections are implemented as a strided convolution along time with kernel size equal to stride,
which is exactly a bias-free linear map on the 𝑝 concatenated frames. The pair costs 40M parameters,
about 2% of the model; Fig. 1(c) shows where they sit.

B.3. Adapting SANA-1.5 to the Wan VAE Latent Space

SANA-1.5 is pretrained in the DC-AE latent space [72], whose 32× spatial compression and 32 latent
channels differ from the Wan2.1 VAE’s 8× and 16, so the pretrained input and output layers cannot
be reused as they are. We adapt them in two stages, following the embedding-alignment recipe of
DC-VideoGen [73].
The first stage aligns the two embedding spaces. The new input layer is a randomly initialized 3D
patch embedding with stride (1, 2, 2) over the Wan latent, and its output tokens are average-pooled
2 × 2 so that the grid matches the one the original SANA-1.5 input layer produces from the DC-AE
latent of the same image. With everything else frozen, we train the 146K parameters of this layer to
minimize the MSE between the two embeddings. It converges quickly: the cosine similarity between
them exceeds 0.4 within 500 steps and then climbs to about 0.7. The second stage freezes the DiT
blocks and trains only the input and output layers with the flow-matching loss on Wan VAE latents,
under the same prediction parameterization as the run it initializes. This stage is image-only and
consumes on the order of 1M samples.
The DC-VideoGen code had not yet been released at the time of writing, so the procedure above is
our own reimplementation from the paper’s description. It sped up convergence of the subsequent
video training in our runs.
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C. Training Data

Our training data come from an internal video corpus. Raw videos are first split into single-shot clips
with a shot-boundary detector, and the starting frame of each clip is chosen for sharpness; the clips are
then deduplicated and concept-balanced using video-level embeddings. A cascade of filters discards
clips with low aesthetic or technical quality, visual blur, and little or no motion as measured by optical
flow. The experiments in this paper use a subset of about 15M clips drawn from the resulting pool.
Each clip is 5–6 seconds long, and during training we uniformly sample a 5-second window at 16 fps.
Captions are generated for whole clips by a vision-language model and come in short, medium,
and long variants, which are sampled during training with probabilities of 10%, 30%, and 60%,
respectively. The controlled experiments and the subsequent 256p/480p scaling experiments use the
same dataset and differ only in training resolution. After these stages, the scaled model is further
fine-tuned (SFT) on 0.5M internal high-quality videos; the controlled experiments do not include this
stage.

D. Evaluation Protocol

D.1. VBench

We use the official VBench T2V evaluation [74]. For the scaled model, following the evaluation
protocol in the official VBench repository, we generate videos with the augmented prompts from
Huang et al. [9] but compute scores using the original short VBench prompts. The results for Optica
are measured at 480 × 832, 80 frames, and 16 fps. We sample for 50 steps with a flow-adapted
DPM-Solver++ implementation [91], using a text CFG scale of 9.5 and an inference flow shift of
7.0. The controlled ablations (Table 1) instead generate 256p videos directly from the standard short
VBench prompts, with 50 steps, a flow shift of 7.0, and a text CFG scale of 6.5 (Appendix B).
In Table 3, the scores of Step-Video, Open-Sora-2.0, HunyuanVideo, Wan2.1-14B, CogVideoX1.5, and
LTX-Video are taken from the public VBench leaderboard [93]; those of Wan2.1-1.3B, SkyReels-V2,
MAGI-1, and CausVid from Table 1 of Huang et al. [9], which evaluates CausVid through its official
Wan2.1-1.3B implementation; and all other rows from their own papers. The Rolling Forcing Total
is taken from Chen et al. [54], since Liu et al. [11] reports only Quality and Semantic. Evaluation
protocols, including prompt rewriting, resolution, and sampling, differ across rows.

D.2. Per-Frame Quality and the History-Corruption Diagnostic

To quantify quality degradation during autoregressive rollouts, we compare the per-frame image
quality of teacher forcing and autoregressive generation on 1,000 real video clips. The autoregressive
setting performs a complete autoregressive rollout. The teacher-forcing setting instead uses real
latents as history and generates each chunk sequentially. Both settings use a flow shift of 7.0 and a
text CFG scale of 6.5. For the video VAE, 81 frames correspond to 21 latent positions; Fig. 2 reports
the first 20 positions (0–19), including the initial position.
We use the public Q-ReAlign Mini checkpoint to evaluate the image quality of every frame. Q-ReAlign
reuses the discrete text-defined rating formulation introduced by Q-Align [57]. Specifically, the model
predicts probabilities for five ratings (excellent, good, fair, poor, and bad), which are weighted by
1.00, 0.75, 0.50, 0.25, and 0.00, respectively, to obtain the final score. We first average all frames
within each chunk, and then use each video clip as the statistical unit when computing the mean and
standard error.
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To more directly measure model sensitivity to erroneous history, we corrupt only the ground-truth
history used as the condition while leaving the current chunk to be generated unchanged. We use
five corruption types: brightness, contrast, saturation, elastic transform, and smooth grid warp. The
magnitude of each of the first three corruptions is 0.20. Elastic transform uses severity 3 from the
imagecorruptions library [94], which implements the corruptions of Hendrycks and Dietterich [95],
and the maximum displacement of smooth grid warp is 0.03 times the shorter image side. Each
corruption is triggered independently on every frame with probability 0.3, so multiple corruptions
may be applied to the same frame, while a frame on which none is triggered remains unchanged. In
Fig. 2, Δ𝑄 denotes 𝑄corrupted − 𝑄clean for the same video clip and chunk. All curves report the mean
and standard error over 1,000 clips.

D.3. VAE Decoder Perturbation Analysis

To analyze the history dependence introduced by the video VAE, we perform latent-perturbation
experiments directly, without involving the DiT. We first encode 1,000 real video clips using the
Wan2.1 VAE, then add Gaussian perturbations to one latent frame:

𝑧′𝑖 = 𝑧𝑖 + 3𝜖, 𝜖 ∼ N(0, 𝐼),

while leaving all other latent frames unchanged. We then decode the original and perturbed latents
separately and compute the pixel-space RMS for every output frame. This metric first computes the
root mean square over the spatial dimensions and then averages over channels. Figure 5(a) reports
the mean over all clips, with shading indicating the 95% confidence interval computed by clip-level
bootstrap.
For Fig. 5(b), at each latent position we pool all clips and spatial positions, estimate the mean and
variance of each channel, and compute KL(𝑞(𝑧𝑖) ∥ N (0, 𝐼)) using a moment-matched Gaussian. We
finally average over channels to obtain the KL per latent dimension.

E. History Dependence in the Video VAE

Like many common video VAEs, the Wan2.1 VAE we adopt [6] uses an architecture based on causal
temporal convolutions; related temporally compressive representations are used throughout latent
video generation [4, 5, 77, 96–99]. Related consequences of this design have been noted before,
though not for autoregressive rollouts: IV-VAE [100] shows that causal temporal convolution gives
frames unequal information access and unbalanced reconstruction quality, and UniTemp [101]
identifies the same temporal bias as an obstacle to generating in reverse temporal order. Neither
concerns exposure bias or error accumulation during autoregressive generation, which is the question
our analysis targets. We find that, when paired with the VAE training objective, the causal architecture
creates dependencies between earlier and later frames. Specifically, perturbing an earlier frame affects
the decoded results at later positions. Per-frame latents, which avoid this coupling, have precedent:
early latent video diffusion models operated on them [2, 3], and FAR [40] adopts an image VAE for
frame-level autoregression, though without arguing for the choice.
As shown in Fig. 5(a), an error introduced at one position propagates to subsequent positions. Under
the common setting of 5 seconds at 16 fps, an error introduced in an early latent propagates all the
way to the last frame. We also examine the KL divergence between per-channel moment-matched
Gaussian approximations of the Wan VAE latents and the standard Gaussian prior (Fig. 5(b)).
Under this moment-matched Gaussian approximation, the first latent frame has a substantially larger
KL to the prior than later frames. From latent frame 3 onward, the KL stays on a plateau 4.8× below
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Figure 5 | The video VAE couples latent frames. (a) Pixel-space RMS change over output-frame
index after perturbing a single latent frame and decoding the same sequence, for several perturbation
locations; every perturbation produces a persistent tail that reaches the end of the clip. (b) KL
between per-channel moment-matched Gaussian approximations and the standard Gaussian prior,
averaged over channels at each latent position. The KL is largest at the first latent frame and lower
from latent frame 3 onward.

that of the first latent frame. The first latent thus has different statistics from the later ones, matching
the two latent types of Sec. 3.3. For causal video, the propagation in Fig. 5(a) means that once a
signal at an earlier position is generated incorrectly, the VAE continually carries it into all subsequent
positions.
Note that we remove all history dependence from the VAE, not only the unnecessary part, and leave
history modeling entirely to the DiT, where CRP handles it. Another possible path is to retain necessary
dependence on history in the VAE while removing only unnecessary dependence. This alternative
could further compress the signal and reduce the modeling difficulty of the DiT, thereby improving
overall performance. We discuss this possibility in the hope of motivating further exploration by the
community.

F. VAE Reconstruction: Image vs. Video Mode

We verify that changing the temporal mode of the VAE does not improve the downstream model by
sacrificing reconstruction fidelity. Both settings use the same pretrained Wan2.1 VAE checkpoint;
video mode retains its causal temporal convolutions, whereas image mode encodes and decodes every
frame independently. We evaluate both modes on the same 1,000 real-video clips, each containing 81
frames at 192 × 336 resolution. For each mode, we encode and immediately decode the clip without
involving the DiT.

Table 4 | Reconstruction fidelity of the same Wan2.1 VAE checkpoint under video-mode and image-
mode encoding/decoding. Values are mean per-frame PSNR ± standard error over 1,000 paired
real-video clips. Encoding latency is the synchronized batch-one mean for an 81-frame clip.

VAE mode PSNR (dB) Encode (ms/clip)
Video mode (causal temporal) 27.93 ± 0.13 754
Image mode (per-frame) 29.04 ± 0.15 909

We clamp both the input and reconstruction to [0, 1], compute PSNR for every frame, average frames



Conditional Residual Prediction 26

within each clip, and finally average over clips. Uncertainty is computed with clips as the statistical
unit.

Ground truth

block 0
frame 0

block 1
frame 1

block 2
frame 5

block 3
frame 9

block 4
frame 13

Video VAE

Image VAE

Video VAE
(perturbed)

injected

RMS 0.5503 RMS 0.2875 RMS 0.1456 RMS 0.1021 RMS 0.0499

Image VAE
(perturbed)

injected

RMS 0.5503 RMS 0.0000 RMS 0.0000 RMS 0.0000 RMS 0.0000

Figure 6 | Reconstruction quality is comparable between the two VAE modes, but only the
video VAE propagates a latent error across frames. No DiT is involved. Columns are the pixel
frames 0, 1, 5, 9, 13. Rows 2–3 are ordinary reconstructions. Rows 4–5 repeat them after adding
3𝜖, 𝜖 ∼ N(0, 𝐼), only to the latent frame that owns pixel frame 0; the red box marks that injected
column, which therefore changes in both modes. Insets give the pixel-space RMS change from the
corresponding clean reconstruction. Past the injected column the video VAE still drifts by 0.05–0.29
RMS, while the image VAE is exactly 0.

Image mode improves paired PSNR by 1.11 ± 0.04 dB. Figure 6 shows the corresponding qualitative
comparison, and additionally visualizes in pixel space the latent coupling measured in Fig. 5(a).
Clean reconstructions from the two modes are visually close, consistent with the small paired PSNR
gap in Table 4. The perturbed rows behave very differently. Following the protocol of Appendix D.3,
we perturb the single latent frame that owns pixel frame 0 and decode the sequence again. In video
mode, the corruption remains plainly visible at every subsequent displayed frame. In image mode,
the same latent frame owns pixel frame 0 alone, and every later frame is recovered bit-for-bit.
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