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A stylish woman walks down a Tokyo street filled with warm glowing neon and animated city signage.

A man's face lit up with happiness as he received a heartfelt compliment.

Figure 1: By learning to predict future, Prospective Forcing generates long videos that remain dy-
namic, temporally consistent, and visually stable from a single text prompt.

ABSTRACT

Autoregressive video generators synthesize long videos through chunk-wise roll-
outs, yet they are typically trained to predict only the immediate future. This
limited prediction horizon makes it challenging to maintain video quality over
extended rollouts. To address this problem, we introduce Prospective Forcing, a
multi-head prediction framework that injects long-range predictive signals into au-
toregressive video representations. Built on a rolling-window generator, Prospec-
tive Forcing attaches lightweight, offset-specific heads that share the same condi-
tioning information and independently predict chunks at different future temporal
offsets. By extending supervision beyond the next chunk, these heads encourage
the shared history representation to retain information useful for longer-horizon
prediction, supporting temporally consistent generation. At inference time, we ac-
celerate sampling by using accepted future-chunk predictions to skip full-window
backbone executions. We equip the head with learnable embeddings to gener-
ate multiple candidates for the next chunk, and a learned verifier either selects a
candidate or rejects all and falls back to standard autoregressive generation.

1 INTRODUCTION

“The future enters into us, in order to transform itself in us, long before it happens.”
— Rainer Maria Rilke, Letters to a Young Poet

Autoregressive video generation provides a natural framework for modeling dynamic visual worlds
by extending a video one chunk at a time, which supports generative interactive environments (Bruce
et al., 2024), real-time game simulation (Valevski et al., 2025), robot control (Li et al., 2026), and
other applications that require coherent long-term visual rollouts. However, maintaining temporal
consistency over long videos remains an open challenge. A rollout may remain locally plausible
while subject identity, background appearance, spatial layout, color, and object structure gradually
drift. These failures become more visible as the generation proceeds. This drift stems from a lack
of long-horizon predictive capability, as next-chunk supervision prioritizes immediate continuation
without requiring representations to preserve the information needed to anticipate more distant fu-
tures. We refer to this myopic behavior as temporal shortsightedness.

Existing approaches improve the temporal consistency from different perspectives. Conditioning the
model on self-generated histories during training makes later predictions more robust to an imper-
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fectly generated context (Huang et al., 2025a). Rolling-window generation jointly denoises adjacent
chunks with progressive noise levels and retains initial states as global anchors, reducing error accu-
mulation while preserving a reference to the beginning of the video (Liu et al., 2026). Training-free
methods extend pretrained video generators by rescheduling noise across overlapping temporal win-
dows or maintaining a queue of partially denoised frames (Qiu et al., 2024; Kim et al., 2024). Other
approaches combine short-term conditioning on features from the preceding chunk with long-term
preservation of scene and object features from the initial chunk (Henschel et al., 2025).

These approaches primarily address exposure bias, inference-time context preservation, or tempo-
ral denoising schedules. We introduce Prospective Forcing to address temporal shortsightedness
through a complementary training objective. Specifically, the backbone encodes preceding chunks
into a shared history representation, and independent heads combine it with target-specific diffu-
sion noise to predict chunks at distinct future offsets. We train these heads through cross-chunk
self-distillation using the backbone’s own subsequent outputs as the teacher. When a target chunk
is reached later in the same causal rollout, the backbone’s detached feature and velocity predictions
supervise the corresponding longer-offset prediction from an earlier context. These losses propagate
through both the heads and the backbone, encouraging the shared representation to retain informa-
tion needed across multiple future chunks. The resulting representation captures rapid changes in
local motion while preserving relatively stable properties such as object identity and scene structure,
consistent with the fast-and-slow perspective of hierarchical causal representation learning (Li et al.,
2025). We call it a speculative representation to reflect its long-term predictive capability. Section 5
further analyzes this representation in an idealized setting.

At inference, our default configuration uses the speculative representation to produce multiple candi-
date continuations. A lightweight learned verifier selects one candidate or rejects them all, in which
case generation falls back to the standard autoregressive path. Each accepted candidate extends the
video by one additional chunk without another sequential execution of the backbone, reducing the
sampling cost. We evaluate on 30-second video generation with multiple metrics, where Prospec-
tive Forcing improves video quality, while accelerating sampling. Notably, the improvements persist
even when the prediction heads are removed at inference, indicating that the speculative representa-
tion itself captures information that benefits long-horizon generation.

Our main contributions are as follows. First, we introduce Prospective Forcing to address temporal
shortsightedness by learning a speculative representation that supports explicit prediction of multiple
future chunks from the current state, thereby improving long-term video quality. Second, we develop
a verifier-guided speculative inference procedure that reuses the prediction heads to extend rollouts
without additional sequential backbone executions. Third, we demonstrate improved video quality
across multiple video generation metrics alongside sampling speedups.

2 RELATED WORK

Autoregressive video generation. Unlike bidirectional video diffusion models which jointly de-
noise a fixed temporal window (Blattmann et al., 2023; Yang et al., 2025; Kong et al., 2024; Wan
et al., 2025), autoregressive models generate frames or chunks sequentially, enabling low-latency
streaming with KV caching. Existing methods differ mainly in how the causal generator is trained:
with per-token noise levels (Chen et al., 2024a), by distilling few-step causal students from bidirec-
tional or causal teachers via distribution matching (Yin et al., 2024; 2025; Huang et al., 2025a; Zhu
et al., 2026; Zhao et al., 2026), or end-to-end without a teacher (Guo et al., 2025).

Long video generation. To mitigate drift over long rollouts, prior methods either align training
with long-horizon inference (Cui et al., 2026b; Yang et al., 2026; Chen et al., 2026; Lin et al., 2026),
design denoising schedules and anchor frames that preserve early context (Liu et al., 2026; Henschel
et al., 2025), or manage the KV cache and positional encoding at inference time without additional
training (Yi et al., 2026; Cui et al., 2026a). Instead, our method improves long video generation by
learning representations with long-horizon predictive capabilities.

Future-predictive representations. Predicting future observations has long served as an auxil-
iary objective for learning sequential representations in reinforcement learning (Guo et al., 2020;
Schwarzer et al., 2021), image generation (Yu et al., 2026b), language modeling and speculative
decoding (Gloeckle et al., 2024; Li et al., 2024; Cai et al., 2024). Concurrent video works such as
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Video-Mirai (Yu et al., 2026a) and Next Forcing (Xu et al., 2026) incorporate future information
via JEPA-style representation alignment (Bardes et al., 2024) and recurrent future-chunk prediction,
respectively. In contrast, Prospective Forcing learns a shared representation for parallel multi-chunk
prediction with independent heads, and reuses these heads for verifier-guided speculative inference.
A more detailed discussion is provided in Appendix B.

3 PRELIMINARIES

Autoregressive video generation. We formulate long-video generation as autoregressive predic-
tion over latent video chunks. Let x1:T = {x1, . . . ,xT } denote a sequence of video chunks and
z1:T = {z1, . . . , zT } their corresponding latents encoded by a pretrained VAE. Given a text condi-
tion c, a causal generator factorizes the conditional distribution as

pθ (z1:T | c) =
T∏

t=1

pθ (zt | z<t, c) , (1)

where z<t = {z1, . . . , zt−1} denotes the preceding latent chunks and t indexes chunks in the autore-
gressive rollout. This factorization specifies the causal dependence among committed video chunks,
but does not require each chunk to be denoised in isolation. We use τ ∈ [0, 1] to denote diffusion
time. Under the rectified-flow parameterization (Liu et al., 2023), the forward corruption process is

zt(τ) = (1− τ)zt + τϵt, ϵt ∼ N (0, I). (2)

A velocity-prediction network transforms noisy latents toward clean samples while conditioning on
the text prompt and the available causal context. Sampling evolves from Gaussian noise at τ = 1
toward clean latents at τ = 0, with the resulting video chunks progressively committed to the
autoregressive context. The key–value states of previously committed chunks can be cached to
avoid repeated computation.

Distribution matching distillation. CausVid (Yin et al., 2025) distills a pretrained bidirectional
video diffusion model into a few-step causal generator using distribution matching distillation
(DMD) (Yin et al., 2024). Let ẑ ∼ pθ(· | c) denote a latent video sampled from the causal generator,
and let ẑ(τ) denote its noisy version obtained using equation 2. Let θ⋆ denote the frozen parame-
ters of the teacher model. DMD trains the generator to match the teacher model by minimizing the
reverse KL divergence between their noise-perturbed sample distributions:

LDMD = Ec,τ [w(τ)DKL (pθ,τ (· | c) ∥ pθ⋆,τ (· | c))] , (3)

where pθ,τ and pθ⋆,τ denote the distributions of noisy generator and teacher samples, respectively.
Here, w(τ) is a timestep-dependent weighting function. The gradient of this objective is estimated
using the difference between the generator and teacher scores, where a score function is the gradient
of the log probability density with respect to the noisy latent.

Figure 2: Temporal shortsightedness. The car gradually
drives out of view with only next-chunk prediction, and fore-
seeing future chunks keeps it in frame.

To bridge the train–test distribution
gap, Self Forcing (Huang et al.,
2025a) extends this framework with
autoregressive self-rollout training
and a DMD loss computed on the
entire generated sequence. Rolling
Forcing (Liu et al., 2026) further
jointly denoises multiple chunks at
different noise levels (Chen et al.,
2024a) within a rolling window
to enhance temporal consistency.
However, the resulting generator
still lacks an explicit mechanism for
anticipating future chunks, a limita-
tion we term temporal shortsighted-
ness, as shown in Figure 2.
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Figure 3: Illustration of Prospective Forcing. Left: We jointly denoise W = 5 chunks in window
r, yielding features hr

1 to hr
5 (green). Then K = 2 heads predict ĥr

6 and ĥr
7 in parallel from hr

5
(orange). Leading clean chunks are committed and the window advances accordingly (blue). Right:
M = 3 candidates are generated for the next chunk ĥr

6, and the verifier Vϕ selects one or rejects all.

4 PROSPECTIVE FORCING

We propose Prospective Forcing, which mitigates temporal shortsightedness by learning a specula-
tive representation for future prediction (Figure 3). Within a rolling window, we jointly denoise W
chunks at different noise levels, yielding features hr

1, . . . ,h
r
W from the backbone. K lightweight

future prediction heads then predict the features of the next K chunks, ĥr
W+1, . . . , ĥ

r
W+K , in paral-

lel from hr
W , and a shared projection network maps them to velocities. For the next chunk, the first

head further generates M candidates, each conditioned on a distinct learned candidate embedding,
and a verifier Vϕ is trained to score them. If the best candidate satisfies the acceptance criterion, it
is accepted; otherwise, all candidates are rejected. The accepted prediction is used together with the
outputs in the window to produce clean chunks. Finally, the preceding clean chunks are committed,
and the last W − 1 chunks are renoised to form the window for the next iteration.

Speculative representation learning. Our generator processes consecutive latent chunks within a
rolling window of W chunks. Let Wr denote the window whose first chunk is at time step r, so
that it covers chunks r, . . . , r + W − 1. Throughout this section, a superscript r indicates that a
quantity is computed in window Wr, and a subscript i ∈ {1, . . . ,W} indicates a position within
the window, corresponding to chunk r + i − 1. Each position is assigned a fixed diffusion time
from τ = (τ1, . . . , τW ), with earlier positions at lower noise levels. Let zri denote the noisy latent
obtained by applying equation 2 to chunk r + i − 1 at diffusion time τi. The window is then
Wr = (zr1, . . . , z

r
W ) . We denote the generator backbone by Fθ, and represent the cached context

from previously committed chunks by Cr. Conditioned on the text prompt c, the backbone produces
features for all positions in the window:

(hr
1, . . . ,h

r
W ) = Fθ (Wr, τ , c, Cr) , (4)

where hr
i denotes the final layer features at position i of Wr. The shared velocity projection Pθ

maps the features at each position to the corresponding velocity output vr
i :

vr
i = Pθ (h

r
i , τi) , i = 1, . . . ,W. (5)

We use the backbone features of the newest chunk, hr
W , as the shared input to K lightweight future

prediction heads Gk, indexed by k = 1, . . . ,K. Each head estimates features for chunk r+W+k−1,
the k-th chunk after the window, which we index as position W + k. We sample the Gaussian
noise ϵr+W+k−1 of these future chunks in advance and embed it into tokens nr,k with the patch
embedding of the backbone. The predicted features ĥr

W+k and corresponding velocities v̂r
W+k are

obtained as
ĥr
W+k = Gk (h

r
W ,nr,k) , v̂r

W+k = Pθ

(
ĥr
W+k, τW

)
. (6)

The shared projection Pθ decodes each prediction at τW , the diffusion time assigned to an incoming
chunk. The pre-sampled noise is reused when the corresponding chunk enters the window, ensuring
that the prediction and its later target refer to the same noise realization.
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We align these predictions with the corresponding backbone outputs in subsequent windows using
cross-chunk self-distillation. After k advances, chunk r + W + k − 1 enters Wr+k at its last
position W , where the backbone produces its features hr+k

W and velocity vr+k
W . We use both outputs

as supervision targets and stop gradients through them. Note that we do not skip any window at
training time, so the supervision can always be provided. We normalize features before alignment
to reduce sensitivity to their scale. Velocities are matched in their original space because both their
direction and magnitude determine the denoising updates. For two feature tensors a and b, we define
a distance dfeat that combines mean squared error and cosine distance after layer normalization:

dfeat(a,b) =
1

2
MSE (LN(a),LN(b)) + 1− Cos (LN(a),LN(b)) , (7)

where LN denotes layer normalization (Ba et al., 2016) applied along the feature dimension of each
token. MSE averages squared errors over all elements, and Cos averages cosine similarity over
corresponding tokens. Let sg denote the stop gradient operator. The feature and velocity alignment
losses are

Lfeat = E

[
1

K

K∑
k=1

dfeat
(
ĥr
W+k, sg

[
hr+k
W

])]
, Lvel = E

[
1

K

K∑
k=1

MSE
(
v̂r
W+k, sg

[
vr+k
W

])]
, (8)

where the expectation is taken over training rollouts. These alignment losses encourage hr
W to

encode information useful for predicting future chunks. We refer to these learned features as the
speculative representation.

Candidate generation and verification. We further equip the first future prediction head G1 with
candidate generation. With learned embeddings embm that are broadcast on tokens and added to
noise nr,1, G1 produces M candidate features ĥr,m

W+1 and velocities v̂r,m
W+1:

ĥr,m
W+1 = G1 (h

r
W ,nr,1 + embm) , v̂r,m

W+1 = Pθ

(
ĥr,m
W+1, τW

)
. (9)

We supervise the candidate m⋆
r closest to the backbone features hr+1

W computed in the next window
Wr+1. Using the feature distance defined in equation 7, the candidate alignment loss is

Lcand = (1− β) dfeat

(
ĥ
r,m⋆

r

W+1, sg
[
hr+1
W

])
+

β

M − 1

∑
m̸=m⋆

r

dfeat

(
ĥr,m
W+1, sg

[
hr+1
W

])
, (10)

where m⋆
r = argminm Er

m is the candidate closest to the backbone target under the normalized
feature error Er

m in equation 29. Since the closest candidate receives most of the gradient, the
candidate embeddings are not pulled toward a common point and can specialize to different regions
of the prediction space. The small weight β keeps every candidate activated.

We further train a lightweight multilayer perceptron (MLP) verifier Vϕ to select one candidate or
reject them all. Given the current features hr

W and all candidate features ĥr,m
W+1, Vϕ predicts selection

probabilities πr
1, . . . , π

r
M and a rejection probability πr

rej, with gradients stopped through its inputs
so that the verifier loss does not update the generator. The training label yr is m⋆

r , or rej if even this
closest candidate exceeds an error threshold δ (see Appendix C for details). The verifier loss is

Lver = E
[
− log πr

yr
+
(
πr
rej − 1[yr = rej]

)2]
, (11)

where 1[·] is the indicator function. At inference, we take the most probable class and accept the
corresponding candidate, or fall back to standard inference if it is rej.

Training loss. We train the model in two stages. Let λfeat, λvel, and λaux denote the loss weights.
In the first stage, we combine DMD with the future alignment losses:

Lstage1 = LDMD + λfeatLfeat + λvelLvel. (12)

In the second stage, we add the candidate alignment and verifier losses. For heads with candidates,
Lfeat and Lvel are computed from candidate m⋆

r . The loss function is then

Lstage2 = Lstage1 + λaux (Lcand + Lver) . (13)

Speculative inference. In standard rolling inference, each backbone evaluation advances the win-
dow by only one chunk. A new chunk enters the last position as pure noise and must be processed
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once by the backbone before it can move forward. Prospective Forcing lets the future prediction
head take this step in advance, since the head is trained to match the output that the backbone will
produce for the same chunk in a future step under the same pre-sampled noise.

At each step, the backbone processes Wr while G1 proposes M candidates for the upcoming chunk
and Vϕ evaluates them. An accepted candidate is used directly as an additional clean chunk within
the same backbone evaluation, similar to Medusa (Cai et al., 2024); unlike Medusa, verification uses
a lightweight learned verifier rather than an extra backbone pass. If all candidates are rejected, the
step reduces to a standard rolling step. Either way, the leading chunks are committed, the remaining
W − 1 chunks are re-noised to their new positions, and a new chunk with its pre-sampled noise
enters the last position, so accepted and rejected steps can be freely interleaved. In the worst case,
the method reduces to standard autoregressive generation with negligible overhead.

To better maintain temporal consistency during generation, the KV cache Cr retains the key–value
states of the first chunk as global context and the most recent committed chunk, which immediately
precedes the window, as local context. We update the latter whenever the window advances.

5 THEORETICAL GUARANTEE

The alignment losses train hr
W to anticipate the features and velocities of future chunks. We now

characterize what this guarantees about the learned representation in an idealized single-chunk win-
dow (W = 1). We analyze the video chunks xt, each decoded from its latent zt, and assume they
are generated from a first-order Markov state process {st}, with xt depending on st:t−L. hr

W then
plays the role of an estimated state ŝt = m̂(xt:t−L), from which the heads predict the future win-
dow xt+2L:t+L under pre-sampled noise, which for L = 1 covers exactly the offsets {1, 2} used
in our experiments. Letting ϑ collect the backbone and head parameters, distribution matching loss
in equation 3 makes the estimated model observationally equivalent to the distribution it matches,
which plays the role of the true process here. Future alignment enters through the selection indicator
Sα(ϑ) = 1[Lfeat(ϑ) + Lvel(ϑ) ≤ α]: exact alignment (α = 0) forces the future window to depend
on the past only through ŝt (Lemma 1), which is the conditional independence our argument requires
of the estimated model. Under the following conditions, this speculative representation recovers the
true state up to a smooth invertible transformation.

Theorem 1 (Block-wise identifiability). Let S =
∏n

k=1 Ik and Ŝ =
∏n

i=1 Îi, products of open
intervals in Rn, be the true and estimated state spaces, and let dx be the dimension of a chunk.
Let U ,Y ⊆ R(L+1)dx be open domains for the recovery window xt:t−L and the predictive window
xt+2L:t+L, respectively. Suppose that the true process is time homogeneous, that its states {st}
form a first-order Markov process, that each xt depends only on st:t−L, and that the chunks are
conditionally independent given the states. Suppose further that:

1. (Smooth and positive density) All state marginal densities and the transition density are
strictly positive on their respective domains. For some t0, xt0:t0−L has a Lebesgue den-
sity positive almost everywhere on U . For every s ∈ S, the conditional distribution of
xt+2L:t+L given st = s admits a jointly Borel Lebesgue density.

2. (Smooth finite-context recovery) There is a surjective C3 map m : U → S such that st =
m(xt:t−L) almost surely for every t, and its Jacobian has full row rank: rankDm(u) = n
for every u ∈ U .

3. (Predictive density separation) For any distinct states s, s′ ∈ S, the set {y ∈ Y : p(y|s) ̸=
p(y|s′)} has positive probability under the marginal distribution of xt+2L:t+L.

Suppose the estimated model (m̂, p̂), generated by the backbone and prediction heads with W = 1,
satisfies conditions 1–3 with (m̂, p̂, Ŝ) in place of (m, p,S), is time homogeneous, is observationally
equivalent to the true model, and satisfies S0(ϑ) = 1. Then there is a fixed C3 diffeomorphism
φ : Ŝ → S such that m(u) = φ(m̂(u)) for every u ∈ U . Hence st = φ(ŝt) almost surely,
simultaneously for all t.

Discussion on assumptions. The assumptions combine identification conditions without impos-
ing parametric constraints. Smoothness and positivity provide regularity for the proof. Predictive
density separation parallels Assumption 4 of (Hu & Schennach, 2008): distinct states must induce
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distinct future distributions. Following (Chen et al., 2024b), we assume that the state can be re-
covered from a finite observation window; smoothness and full rank of the recovery maps support
identification through a smooth invertible transformation. Two remarks delimit the scope of this
result. The true process is the distribution matched by the training objective; under DMD this is
the teacher’s distribution rather than the data distribution. Moreover, the regularity conditions on
the estimated model are assumed rather than derived, the selection is exact (α = 0), and the anal-
ysis covers W = 1 without the KV-cache anchor. We do not formally relate identifiability to drift.
However, future alignment consistently reduces drift and improves video quality empirically.

6 EXPERIMENTS

6.1 SETUP

Implementation. We build on Wan2.1-T2V-1.3B (Wan et al., 2025), initialized from the causal con-
sistency distillation checkpoint of Causal Forcing++ (Zhao et al., 2026) and distilled from Wan2.1-
T2V-14B, with W = 5, K = 2, and M = 2. Training details are given in Appendix D.1.

Evaluation. Following Liu et al. (2026), we generate 30-second videos for the same 200 prompts
from Movie Gen Video Bench (Polyak et al., 2024) and report VBench (Huang et al., 2024),
VBench-Long (Huang et al., 2025b), VideoScore (He et al., 2024), MUSIQ (Ke et al., 2021) drift,
and FPS. Please refer to Appendices D.2 and D.3 for more details. We compare against six autore-
gressive generators built on the same base model: CausVid (Yin et al., 2025), Self Forcing (Huang
et al., 2025a), Causal Forcing++ (Zhao et al., 2026), LongLive (Yang et al., 2026), Rolling Forc-
ing (Liu et al., 2026), and Video-Mirai (Yu et al., 2026a). We use the released checkpoint for
Video-Mirai and retrain the others with their official code.

6.2 MAIN RESULTS

Rolling Forcing LongLive Video-Mirai
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Figure 4: User study. Bars show the win rate of
pairwise comparisons of human preference.

Figure 5 illustrates the advantage of Prospective
Forcing. Several baselines lose visual fidelity
over time, such as the overexposed close-up
of CausVid and the color corruption of Video-
Mirai, or fail to keep the subject in view, as
in Rolling Forcing. Others keep the car intact
but gradually become static: in Self Forcing
and LongLive, the car stays at almost the same
position and pose relative to the camera, as if
driving in place. In contrast, our method keeps
the same car throughout the 30 seconds while
it actually travels along the track and through
the turn, with the viewpoint and surroundings
changing accordingly. It demonstrates that
Prospective Forcing generates long videos that
are visually faithful, temporally consistent, and
rich in motion. Human evaluation reflects the same trend. In our user study as shown in Figure 4,
participants prefer our method over Rolling Forcing, LongLive, and Video-Mirai in visual quality,
long-term consistency, and dynamics. Quantitatively, our method achieves the highest VBench Total
and Quality, VBench-Long Quality, and MUSIQ scores in Table 1. LongLive attains slightly better
drift and VideoScore, but with much less motion (Dynamic Degree 62.0 vs. 100.0, Table 7); since
static videos inflate consistency metrics, our method achieves a better balance between motion and
consistency, as the user study also confirms.

6.3 ABLATION STUDY

Training and inference. Table 3 compares inference modes under the two training stages. Even
with standard inference (ℓ = 0), the stage-1 model already outperforms most baselines across mul-
tiple metrics and is preferred over them in most user study comparisons as shown in Table 6.
The learned representation also supports accelerated inference. Committing the predictions of
G1, . . . , Gℓ without verification speeds up sampling by 1.56× and 1.89× for ℓ = 1 and ℓ = 2,
while quality is largely preserved. In exchange, drift grows with ℓ. Stage 2 further introduces can-
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Figure 5: Qualitative comparison on a 30-second video generated from the prompt “A rally car
taking a fast turn on a track”. Video comparison is provided in the supplementary materials.

Table 1: Quantitative comparison on 200 MovieGen prompts (30-second videos, 832×480, 16 fps).
Bold and underline denote the best and second-best results.

Method FPS↑ VBench VBench-Long VideoScore MUSIQ

Total↑ Quality↑ Semantic↑ Quality↑ Avg.↑ Avg.↑ Drift↓

CausVid 9.28 76.22 77.02 73.00 77.43 2.637 66.49 9.02
Causal Forcing++ 7.56 78.56 79.14 76.24 79.53 2.670 66.65 5.52
Self Forcing 7.79 78.27 78.76 76.33 78.24 2.905 68.84 6.18
LongLive 8.08 80.27 80.78 78.22 80.61 3.108 69.12 3.43
Rolling Forcing 7.95 78.63 80.05 72.94 82.20 2.775 68.92 5.32
Video-Mirai 8.13 74.98 75.14 74.32 76.29 2.704 64.54 11.90

Ours 9.23 81.40 82.71 76.15 83.71 3.069 69.14 3.64

didate generation and the learned verifier. The resulting model achieves the highest quality, and
its drift stays close to that of standard inference while still running 1.20× faster. To disentangle
stage-2 training from verification, we also evaluate the stage-2 model with standard and unverified
inference. Both perform close to their stage-1 counterparts, indicating that stage 2 alone brings little
change. With verification, the same model achieves higher quality than both settings while using
fewer backbone executions than ℓ = 0, so the quality gain comes from accepting predictions selec-
tively rather than from additional computation. The speedup is smaller than the fraction of skipped
windows would suggest, since each committed chunk still requires a cache-update pass that cannot
be skipped. Please refer to Appendix D.3 for more details.

Table 2: Ablation on prediction horizons.

Horizons Quality↑ Drift↓
{1} 81.00 4.08
{1, 2} (Ours) 81.29 3.29
{1, 2, 4} 80.21 2.89

Prediction horizon. Table 2 varies the set of fu-
ture offsets predicted by the heads. For example,
{1, 2} means that G1 and G2 predict the first and
second chunks after the window. All models are ini-
tialized with causal consistency distillation, trained
with stage 1 only, and evaluated with standard infer-
ence, so the heads do not participate in generation
and any difference comes from the learned representation. Compared with predicting only the next
chunk, adding a second head improves both quality and drift. This suggests that predicting further
ahead strengthens the speculative representation and mitigates temporal shortsightedness. A longer
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Table 3: Ablation on inference mode. Results of the model trained with stage 1 only and with both
stages, under different inference modes.

Train Inference FPS↑ Quality↑ Drift↓

Stage 1
ℓ = 0 7.69 81.29 3.29
Unverified, ℓ = 1 12.03 81.80 4.22
Unverified, ℓ = 2 14.51 81.16 4.51

ℓ = 0 7.81 81.63 3.42
Stage 1 + 2 Unverified, ℓ = 1 11.95 81.98 4.14

Verified, ℓ = 1 (Ours) 9.23 82.71 3.64

Table 4: Ablation on design choices under stage 1 and standard inference. Each variant changes
one component of the ODE-initialized model (row “ODE”).

Factor Setting Quality↑ Subject↑ Dynamic↑ Imaging↑ Drift↓

Architecture Shared recurrent head 77.14 84.72 100.0 63.47 5.10
Sequential heads 78.37 85.30 100.0 65.01 4.16

Head input 3 chunks 79.58 85.48 100.0 65.74 4.04
5 chunks 77.25 84.41 100.0 64.13 4.61

Head output 3 chunks 80.43 94.23 17.0 71.40 2.58
5 chunks 80.87 95.28 23.5 70.88 2.05

Loss w/o Lfeat,Lvel 80.05 84.36 98.5 68.24 5.32
w/o Lfeat 77.94 85.17 100.0 64.30 4.55

Initialization ODE 80.64 87.01 100.0 65.99 3.28
Causal CD (Ours) 81.29 88.05 100.0 68.12 3.29

horizon is not always better, however. Extending the prediction to the fourth chunk yields the lowest
drift but degrades quality, likely because distant chunks are harder to predict and provide noisier
supervision. We therefore use K = 2 heads with offsets {1, 2}, which gives the best quality with
low drift and also supports the accelerated inference with ℓ ≤ 2 in Table 3.

Design choices. Table 4 ablates our design choices under the same stage-1, standard-inference
setting, where each variant changes one component of the ODE-initialized model. We report the
VBench Quality score together with three of its dimensions (subject consistency, dynamic degree,
and imaging quality), and the MUSIQ drift. We first examine the architecture of the prediction
heads. Sharing one head recursively across offsets, or using separate heads that each take the pre-
vious prediction as input, both underperform our parallel heads. We then vary what the heads read
and predict. Feeding them more past chunks makes the prediction harder to learn and lowers quality,
whereas supervising more positions of the future window raises the scores but collapses the dynamic
degree and produces nearly static videos. Mapping the current chunk to a single future chunk there-
fore works best. For the loss, training the same ODE-initialized model with DMD only, which is
equivalent to Rolling Forcing, yields lower quality and substantially higher drift, showing that the
gain comes from future alignment rather than initialization. Removing the feature alignment loss
degrades performance even below this DMD-only model, which indicates that learning the represen-
tation itself is essential. Finally, causal consistency distillation (Zhao et al., 2026) further improves
over ODE (Yin et al., 2025), showing that our method is complementary to a stronger initialization.

7 CONCLUSION

We introduced Prospective Forcing to address temporal shortsightedness in autoregressive long
video diffusion. Rather than supervising only the next chunk, it trains lightweight heads to antici-
pate chunks at multiple future offsets, distilling targets from the backbone’s own later predictions.
This turns the shared history into a speculative representation that looks beyond the immediate fu-
ture. The same heads further enable verifier-guided speculative inference, which skips backbone
executions whenever a predicted chunk is accepted and otherwise falls back to standard generation.
Prospective Forcing outperforms baselines across multiple quantitative metrics and is preferred in
human evaluations, while also achieving faster sampling. Limitations. Although Prospective Forc-
ing accelerates sampling, the inference process still requires additional cache-update passes, which
limits the speedup. We leave reducing this overhead to future work.
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A PROOF OF THEOREM 1

We first show how future alignment yields the conditional independence required of the estimated
model, and then prove the case L = 2, for which the recovery window is xt:t−2 and the predictive
window is xt+4:t+2. The extension to arbitrary finite L ≥ 1 is given at the end of this section.

Lemma 1 (Future alignment induces a predictive bottleneck). Consider the estimated model with
W = 1, in which the noise of each chunk is drawn independently of the past, each chunk is a
measurable function of its backbone velocity and its noise (through the denoising update and the
VAE decoder), and the prediction heads map ŝt and this noise to the features and velocities of the
chunks in xt+2L:t+L. If S0(ϑ) = 1, then xt+2L:t+L ⊥⊥ xt:t−L | ŝt in the estimated model.

Proof. S0(ϑ) = 1 means that the population alignment losses vanish, so almost surely the head out-
puts coincide with the backbone features and velocities computed when the corresponding chunks
enter the window under the same noise realization. Hence xt+2L:t+L = g(ŝt, ϵt+L:t+2L) almost
surely for a measurable map g. The noise ϵt+L:t+2L is independent of xt:t−L, and ŝt = m̂(xt:t−L)
is a function of the recovery window, so the conditional law of xt+2L:t+L given xt:t−L depends on
it only through ŝt.

Proof of Theorem 1. Fix t. The latent variables entering xt:t−2 belong to st:t−4, whereas those
entering xt+4:t+2 belong to st+4:t. By first-order Markovity of {st}, the latent blocks st−1:t−4 and
st+4:t+1 are conditionally independent given st. Together with the conditional independence of the
chunks given the states, this gives

xt+4:t+2 ⊥⊥ xt:t−2|st. (14)

The future window starts at t + 2 because xt+1 may still depend on st−1. In the estimated model,
Lemma 1 gives xt+4:t+2 ⊥⊥ xt:t−2 |̂st; this is the only step that uses the selection S0(ϑ) = 1.

Enumerate the lower rectangles in R3dx with rational endpoints, intersected with Y , as (Aj)j≥1.
Their probabilities determine a distribution on Y . Define

Φ(s) =

(∫
Aj

p(y|s) dy

)
j≥1

, Φ̂(ŝ) =

(∫
Aj

p̂(y|̂s) dy

)
j≥1

. (15)

These are Borel maps into [0, 1]N. They are independent of t by time homogeneity, and injective
by condition 3 and its counterpart for the estimated model. They record the complete predictive
distributions; no differentiability of Φ or Φ̂ is used.

For each j, the tower property, Equ. (14), and exact recovery give

P(xt+4:t+2 ∈ Aj |xt:t−2) = E [P(xt+4:t+2 ∈ Aj |st,xt:t−2) |xt:t−2]

= E[Φj(st)|xt:t−2]

= Φj(m(xt:t−2)) almost surely.
(16)

The estimated model gives the corresponding expression Φ̂j(m̂(xt:t−2)). Observational equiva-
lence makes the left-hand sides equal under the common observation law. Countability of the event
collection gives

Φ(m(xt:t−2)) = Φ̂(m̂(xt:t−2)) almost surely. (17)

Equivalently, for almost every recovery window, the predictive densities satisfy

p(y|m(xt:t−2)) = p̂(y|m̂(xt:t−2)) for Lebesgue-almost every y ∈ Y. (18)

By the Lusin–Souslin theorem, an injective Borel map between standard Borel spaces has a Borel
image and a Borel inverse on that image (Kechris, 1995). Hence P = Φ(S) ∩ Φ̂(Ŝ), S0 = Φ−1(P)

and Ŝ0 = Φ̂−1(P) are Borel sets. Equ. (17) shows that S0 and Ŝ0 have probability one for the
respective states at every time. On these sets, the maps φ0 = Φ−1◦Φ̂ : Ŝ0 → S0 and φ−1

0 = Φ̂−1◦Φ
are mutually inverse Borel maps. In particular, m(xt:t−2) = φ0(m̂(xt:t−2)) almost surely. Equality
of the full prediction ranges is not needed.
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We next obtain a smooth correspondence using the recovery maps. Extend φ0 and φ−1
0 arbitrarily

as Borel maps to the remaining states. These extensions need not be inverses there. At time t0
in condition 1, positivity of the window density makes the almost-sure relation above valid for
Lebesgue-almost every u ∈ U :

m(u) = φ0(m̂(u)). (19)

By the counterpart of condition 2 for the estimated model, m̂ is C3 with full row rank. The local
submersion theorem for C3 maps gives, near every window, local C3 coordinates κ : O1×O2 → U ,
with O1 ⊆ Ŝ and O2 ⊆ R3dx−n open, such that m̂(κ(a, b)) = a, see (Abraham et al., 1988). The
coordinate change preserves null sets, so Equ. (19) becomes m(κ(a, b)) = φ0(a) for Lebesgue-
almost every (a, b). Fubini’s theorem gives this equality for almost every b at almost every a. For
each such a, continuity in b extends it to all b. Fix b0 ∈ O2 and define φO1

(a) = m(κ(a, b0)). This
map is C3 and satisfies m(κ(a, b)) = φO1

(a) for almost every a and all b. Continuity in a then
extends this identity to all (a, b) ∈ O1 ×O2.

On overlapping state neighborhoods, these local maps agree almost everywhere with φ0, so conti-
nuity makes them agree at every point. Surjectivity of m̂ ensures that the neighborhoods cover Ŝ.
Thus they define a global C3 map φ satisfying m(u) = φ(m̂(u)) for every u ∈ U . Applying the
same argument to the reverse almost-sure relation gives a C3 map ρ : S → Ŝ such that m̂ = ρ ◦m
on U . Surjectivity of both recovery maps implies ρ ◦ φ = idŜ and φ ◦ ρ = idS . Consequently, φ
is a C3 diffeomorphism. It is unique because m̂ is onto. The recovery maps and the identity on U
are independent of time and history. Since every recovery window belongs to U almost surely and
Z is countable, the recovered states satisfy the same identity simultaneously at all times on an event
of probability one.

Lemma 2 (Global disentanglement on product domains). Let φ : Ŝ → S be a C3 diffeomorphism
between the products of open intervals Ŝ =

∏n
i=1 Îi and S =

∏n
k=1 Ik. If its Jacobian has at most

one nonzero entry in each row at every point, then φ and φ−1 are fixed permutations composed with
fixed one-dimensional C3 diffeomorphisms.

Proof. Write φ = (φ1, . . . , φn). If the Jacobian of φ has at most one nonzero entry in each row
at every point, invertibility implies exactly one nonzero entry in each row and each column. For a
row k, its nonzero column is locally constant: a nonzero entry stays nonzero in a sufficiently small
neighborhood by continuity, and no other entry in that row can become nonzero there. Since Ŝ is
connected, this column is one fixed index σ(k) throughout the domain. The map σ is a permutation.

For j ̸= σ(k), ∂φk/∂ŝj = 0 on Ŝ. Any two points with the same ŝσ(k) can be joined by a sequence
of coordinate segments in the product domain, along each of which φk is constant. Hence φk(ŝ) =

qk(ŝσ(k)). Each qk is C3 and its derivative is nonzero on Îσ(k), so it is strictly monotone there.
Surjectivity of φ implies that qk maps onto Ik. Its inverse is therefore a global C3 diffeomorphism.
Setting π(i) = σ−1(i) and Ti = q−1

π(i) gives the claimed form of φ−1.

Theorem 2 (Component-wise identifiability, L = 2). Consider the setting of Theorem 1 with L = 2,
so that U ,Y ⊆ R3dx are the open domains for the recovery window xt:t−2 and the predictive
window xt+4:t+2, respectively. Suppose the true model and its transition density satisfy the following
assumptions:

1. (Smooth and positive density) All state marginal densities and the transition density are
strictly positive on their respective domains. Each coordinate log density log p(sk,t|st−1)
is C3 (i.e., has continuous third-order partial derivatives). For some t0, xt0:t0−2 has a
Lebesgue density positive almost everywhere on U . For every s ∈ S, the conditional
distribution of xt+4:t+2 given st = s admits a jointly Borel Lebesgue density.

2. (Conditional independence) The current-state coordinates are mutually independent con-
ditional on the previous state: p(st|st−1) =

∏n
k=1 p(sk,t|st−1).

3. (Smooth finite-context recovery) There is a surjective C3 map m : U → S such that st =
m(xt:t−2) almost surely for every t. Its Jacobian has full row rank: rankDm(u) = n for
every u ∈ U .
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4. (Predictive density separation) For any distinct states s, s′ ∈ S, the set {y ∈ Y : p(y|s) ̸=
p(y|s′)} has positive probability under the marginal distribution of xt+4:t+2.

5. (Sufficient variability) Let ηk,t = log p(sk,t|st−1) and, for l = 1, . . . , n, define

ωl,t(st, st−1) =

(
∂2η1,t

∂s1,t∂sl,t−1
, · · · , ∂2ηn,t

∂sn,t∂sl,t−1
,

∂3η1,t
∂s21,t∂sl,t−1

, · · · , ∂3ηn,t
∂s2n,t∂sl,t−1

)⊤

∈ R2n.

(20)
For every fixed st ∈ S, there exist 2n pairs (lu, s

(u)
t−1), with lu ∈ {1, . . . , n} and s

(u)
t−1 ∈ S,

such that the vectors ωlu,t(st, s
(u)
t−1) are linearly independent.

Then, for any estimated model that satisfies these assumptions with (m̂, p̂, Ŝ) in place of (m, p,S),
meets the requirements on the estimated model in Theorem 1, and satisfies S0(ϑ) = 1, there exist
a single permutation π and fixed C3 diffeomorphisms Ti : Iπ(i) → Îi for which m̂i(xt:t−2) =

Ti
(
mπ(i)(xt:t−2)

)
holds for i = 1, . . . , n.

Proof. By Theorem 1, there is a fixed C3 diffeomorphism φ : Ŝ → S. On the common observed-
process space, define st = m(xt:t−2) and ŝt = m̂(xt:t−2). Assumption 2 ensures that these
sequences have the latent-process distributions of their respective models, and Theorem 1 gives
st = φ(ŝt) simultaneously for every t almost surely. In particular, the same function also relates the
previous states: ŝt−1 = φ−1(st−1).

Write φ = (φ1, . . . , φn) and denote the Jacobian by

Ht =
∂φ(ŝt)

∂ŝt
, Hki,t =

∂φk(ŝt)

∂ŝi,t
. (21)

The subscript t records the state at which the same fixed Jacobian function is evaluated; it does not
introduce a time-dependent transformation. In the density identities below, ŝt and st−1 denote freely
varying state values. Conditional change of variables gives

p̂(ŝt|φ−1(st−1)) = p(φ(ŝt)|st−1) |detHt|. (22)

This identity first holds for almost every (ŝt, st−1) with respect to Lebesgue measure, since the
previous-state density is strictly positive. The same condition and the smoothness of φ ensure
continuity of both sides, which extends the identity to all (ŝt, st−1) ∈ Ŝ × S. Recall ηk,t =
log p(sk,t|st−1). Evaluating these functions at st = φ(ŝt), conditional independence Assumption 2
then gives

log p̂(ŝt|φ−1(st−1)) =

n∑
k=1

ηk,t + log |detHt|. (23)

The estimated model also satisfies the assumptions of Theorem 2, so its transition density satisfies
condition 2. For i ̸= j, with st−1 held fixed,

∂2 log p̂(ŝt|φ−1(st−1))

∂ŝi,t∂ŝj,t
= 0. (24)

Using the chain rule in Equ. (23), we obtain

0 =

n∑
k=1

[
∂2ηk,t
∂s2k,t

Hki,tHkj,t +
∂ηk,t
∂sk,t

∂Hki,t

∂ŝj,t

]
+

∂2 log |detHt|
∂ŝi,t∂ŝj,t

, (25)

where all derivatives of ηk,t are evaluated at (φk(ŝt), st−1).

Differentiate Equ. (25) with respect to sl,t−1, holding ŝt fixed. Since φ and Ht depend only on ŝt,
the determinant term vanishes and no derivative of either function with respect to the previous state
appears:

0 =

n∑
k=1

[
∂3ηk,t

∂s2k,t∂sl,t−1
Hki,tHkj,t +

∂2ηk,t
∂sk,t∂sl,t−1

∂Hki,t

∂ŝj,t

]
. (26)
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Fix ŝt, and hence st = φ(ŝt). The 2n coefficients(
∂H1i,t

∂ŝj,t
, . . . ,

∂Hni,t

∂ŝj,t
, H1i,tH1j,t, . . . ,Hni,tHnj,t

)T

do not change as st−1 varies. Equ. (26) says that their inner product with ωl,t(st, st−1) is zero
for every l and every previous state. The 2n linearly independent vectors in sufficient variability
Assumption 5 therefore force all these coefficients to vanish. In particular,

Hki,tHkj,t = 0 for all k, i ̸= j, ŝt ∈ Ŝ. (27)

Apply Lemma 2 to φ. There are fixed one-dimensional C3 diffeomorphisms Ti and a fixed permu-
tation π such that ŝi,t = Ti(sπ(i),t) almost surely for every t. Substitution of the recovery maps
proves that m̂i(xt:t−2) = Ti

(
mπ(i)(xt:t−2)

)
holds for i = 1, . . . , n.

Extension to arbitrary finite L. Fix L ≥ 1. Replace xt:t−2 by xt:t−L and xt+4:t+2 by xt+2L:t+L

throughout the alignment argument. Because each chunk xt′ depends only on st′:t′−L, the latent
variables entering the recovery window belong to st:t−2L, while those entering the predictive win-
dow belong to st+2L:t. Thus the two latent blocks share only st; first-order Markovity and condi-
tional independence of the chunks give xt+2L:t+L ⊥⊥ xt:t−L | st, and Lemma 1 gives the same for
the estimated model. The predictive-separation and smooth-recovery steps of Theorem 1 then apply
with R(L+1)dx in place of R3dx and R(L+1)dx−n in place of R3dx−n, yielding the same fixed C3

diffeomorphism φ. Lemma 2 and the change-of-variables and sufficient-variability argument above
involve only the one-step transition density p(st|st−1) and are unchanged. Consequently, the stated
component-wise identification holds for every fixed finite L ≥ 1.

B RELATED WORK

Autoregressive video generation. Modern video diffusion models typically denoise all frames
in a fixed temporal window with bidirectional attention (Blattmann et al., 2023; Yang et al., 2025;
Kong et al., 2024; Wan et al., 2025). This design supports high-quality offline synthesis but requires
the complete clip to be generated jointly. Autoregressive video models instead generate frames or
chunks sequentially. This causal formulation reduces viewing latency and enables efficient stream-
ing over extended horizons through KV caching (Yin et al., 2025; Huang et al., 2025a). Within
this family, Diffusion Forcing (Chen et al., 2024a) assigns an independent noise level to each token.
It connects causal next-token prediction with full-sequence diffusion and supports flexible gener-
ation horizons. Another line uses distribution matching distillation (DMD) (Yin et al., 2024) to
reduce the sampling cost of causal generators. CausVid (Yin et al., 2025) combines ODE initializa-
tion with asymmetric DMD to obtain a few-step causal student for real-time generation. Self Forc-
ing (Huang et al., 2025a) trains on self-generated rollouts and applies a holistic distribution-matching
objective to mitigate exposure bias. Causal Forcing (Zhu et al., 2026) uses an autoregressive ODE
teacher to bridge the architectural gap between bidirectional teachers and causal students. Causal
Forcing++ (Zhao et al., 2026) replaces costly offline ODE trajectories with causal consistency dis-
tillation, making few-step initialization scalable. Beyond DMD-based post-training, Resampling
Forcing (Guo et al., 2025) uses self-resampled histories and a sparse causal mask for teacher-free
end-to-end training.

Long video generation. Consistency over long autoregressive rollouts has been addressed through
training, denoising, and context-management strategies. Self-Forcing++ (Cui et al., 2026b) miti-
gates quality degradation when the student extrapolates beyond its training horizon by providing
teacher guidance on segments sampled from self-generated long videos. Rolling Forcing (Liu et al.,
2026) mitigates error accumulation by jointly denoising frames at progressively increasing noise
levels within a rolling window and retaining initial-frame KV states as a global context anchor.
StreamingT2V (Henschel et al., 2025) uses features from the preceding chunk to facilitate smooth
transitions and preserves scene and object features from the first video chunk to prevent forget-
ting of the initial scene. LongLive (Yang et al., 2026) uses streaming long tuning to align long-
video training and inference, together with short window attention and a frame sink to improve
efficiency while preserving long-range consistency. Context Forcing (Chen et al., 2026) resolves
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the mismatch between a long-context student and a short-context teacher by training with a long-
context teacher, while its Slow-Fast Memory architecture makes the growing context computation-
ally tractable. DynaMem (Lin et al., 2026) addresses semantic drift, motion decay, and appearance
instability through Semantic-Adaptive Hierarchical Memory, Motion-Prioritized Optimization, and
Reference-Anchored Perceptual Alignment. Recent training-free approaches such as Deep Forc-
ing and LoL implement context management at inference time by modifying cache retention and/or
positional encoding. Deep Forcing (Yi et al., 2026) introduces Deep Sink, which retains a sub-
stantially enlarged attention sink with temporal RoPE adjustment, and Participative Compression,
which prunes redundant and degraded history from the KV cache. LoL (Cui et al., 2026a) introduces
multi-head RoPE jitter to break inter-head attention homogenization and mitigate sink-collapse over
extreme horizons. Instead, our method improves temporal consistency by learning representations
with long-horizon predictive capabilities.

Future-predictive representations and multi-horizon generation. Predicting future observa-
tions has long served as an auxiliary supervision for learning sequential representations. PBL (Guo
et al., 2020) couples forward prediction of future-observation embeddings with reverse prediction of
agent states from the corresponding latents, achieving a bootstrapping objective. SPR (Schwarzer
et al., 2021) instead rolls a learned transition model forward in latent space and matches its multi-step
predictions to representations produced by an exponential-moving-average target encoder. In text
generation, multi-token prediction (Gloeckle et al., 2024) equips a shared language-model trunk with
independent output heads for predicting multiple subsequent tokens, while Medusa (Cai et al., 2024)
and EAGLE (Li et al., 2024) accelerate LLM decoding by drafting future tokens with lightweight
heads and verifying them against the backbone. In image generation, Mirai (Yu et al., 2026b) aligns
internal representations with explicit or implicit foresight during autoregressive training while pre-
serving the causal autoregressive inference path. The closest concurrent works in video generation
are Video-Mirai and Next Forcing. Video-Mirai (Yu et al., 2026a) incorporates future information
through alignment of JEPA-style representation (Bardes et al., 2024), while Next Forcing (Xu et al.,
2026) uses recurrent future chunk prediction to improve performance in robotic tasks. In contrast,
Prospective Forcing learns a shared representation for parallel multi-chunk prediction through inde-
pendent heads and reuses these heads for verifier-guided speculative inference.

C VERIFIER DETAILS

Verifier prediction. The verifier Vϕ is a lightweight MLP with trainable parameters ϕ. It takes the
current features hr

W and the candidate features from equation 9 as inputs and outputs the selection
and rejection probabilities. We use hr

W and the candidates ĥr,m
W+1 to decide which candidate to be

selected: (
πr
1, . . . , π

r
M , πr

rej

)
= Softmax

(
Vϕ

(
sg [hr

W ] ,
{
sg
[
ĥr,m
W+1

]}M

m=1

))
. (28)

The stop-gradient operations prevent the verifier loss equation 11 from updating the generator.

Label construction. After the window advances to Wr+1, we compare each candidate with the
backbone features hr+1

W and define the normalized feature error of candidate m as

Er
m = MSE

(
LN
(
ĥr,m
W+1

)
,LN

(
hr+1
W

))
. (29)

Let δ denote the maximum acceptable error. We set yr to the candidate m⋆
r = argminm Er

m used
in equation 10 if its error does not exceed δ, and to the rejection label rej otherwise:

yr =

{
m⋆

r , Er
m⋆

r
≤ δ,

rej, otherwise.
(30)

D ADDITIONAL EXPERIMENTAL DETAILS AND RESULTS

D.1 IMPLEMENTATION DETAILS

All models are trained on 8 NVIDIA A100 GPUs with a global batch size of eight and fully sharded
data parallelism. We optimize the generator and the trainable score model with AdamW (Loshchilov
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& Hutter, 2019) using (β1, β2) = (0, 0.999) and learning rates of 1.5× 10−6 and 4× 10−7, respec-
tively, and update the score model five times per generator update. The generator uses an exponential
moving average with decay 0.99 starting from iteration 200, and all reported results use the EMA
weights. The VAE and text encoder remain frozen throughout training. Following Liu et al. (2026),
we use the denoising timesteps {1000, 800, 600, 400, 200} with a timestep shift of 5, and the teacher
uses a classifier-free guidance scale of 3. We train on the VidProM (Wang & Yang, 2024) prompt set
released by Huang et al. (2025a). Each chunk contains three latent frames, and each training rollout
contains 21, 24, or 27 latent frames, i.e., 7 to 9 chunks.

In the first stage, we train for 3,000 iterations with the DMD objective and the feature and velocity
alignment losses, without candidate embeddings or the verifier. In the second stage, we initialize
from the stage-1 checkpoint, enable the candidate embeddings and the verifier, and continue training
all parameters for 1,000 iterations. Each future prediction head is a lightweight transformer block
with 12 attention heads and an MLP ratio of 2. It adds hr

W , nr,k and a learned offset embedding,
applies self-attention over the three latent frames of the chunk independently at each spatial location,
and updates hr

W through a noise-gated residual attention branch followed by an MLP. The heads
do not attend to other window positions or to the text condition. The candidate embeddings are
initialized from N (0, 0.022), with the first embedding set to zero so that the first candidate coincides
with the original prediction. The verifier is a three-layer MLP with a hidden size of 96. The loss
weights are λfeat = 0.1, λvel = 0.01 and λaux = 0.1. For the candidate alignment loss we use
M = 2 candidates with β = 0.05, and the verifier acceptance threshold is δ = 0.12.

Since our training setup follows Rolling Forcing, it is equivalent to our stage-1 model with ODE
initialization and λfeat = λvel = 0, and serves as the DMD-only baseline in Table 4.

D.2 EVALUATION METRICS

All metrics are computed on the same 200 videos per method.

VBench. The Quality score follows the official aggregation (Huang et al., 2024): each of the seven
quality dimensions is normalized with the official minimum and maximum values, Dynamic Degree
is weighted by 0.5 and the other six dimensions by 1, and the weighted sum is divided by 6.5 and
multiplied by 100. None of the 200 prompts is applicable to the Color dimension, so we exclude
Color and report the Semantic score as the average of the remaining eight normalized semantic
dimensions. The Total score is 0.8× Quality + 0.2× Semantic.

VBench-Long. We evaluate six quality dimensions of VBench-Long (Huang et al., 2025b) in the
long custom input mode: subject consistency, background consistency, motion smoothness,
dynamic degree, aesthetic quality, and imaging quality. We aggregate them in the same way as the
VBench Quality score, dividing the weighted sum by 5.5.

VideoScore. We average the five dimensions of VideoScore v1.1 (He et al., 2024) for each video
and then average over videos.

MUSIQ and quality drift. Following Liu et al. (2026), we evaluate MUSIQ (Ke et al., 2021) on
all frames of the first and last 5 seconds of each video. Let Hi and Ti be the mean MUSIQ scores of
the first and last 5 seconds of video i. The MUSIQ avg. score averages Hi and Ti over all videos,
and the quality drift is 1

N

∑N
i=1 |Ti −Hi|.

D.3 EFFICIENCY MEASUREMENT

We measure all methods on the same NVIDIA A100 80GB GPU with batch size one and bfloat16
precision. Table 5 breaks down the per-video inference cost. Generating a 30-second video involves
two kinds of backbone passes: sampling passes that denoise the rolling window, and cache-update
passes that write the key–value states of each newly committed clean chunk into the cache. An
accepted prediction advances the window by one extra chunk and skips one sampling pass. However,
every committed chunk still requires its own cache-update pass, and the first windows cannot be
skipped because the rolling window must first be filled. As a result, even when every prediction
is accepted (ℓ = 1, unverified), the number of sampling passes only drops from 46 to 27, while
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the 46 cache-update passes, which account for about 20% of the standard inference time, remain
unchanged. This bounds the speedup of ℓ = 1 at 1.56× rather than 2×. Our verifier accepts 32.1%
of the proposals (9 out of 28 rounds per video), which skips 9 sampling passes and yields a 1.20×
speedup. The overhead of the prediction heads and the verifier is negligible, below 0.2 seconds per
video.

Table 5: Per-video inference cost breakdown on a single A100 GPU (30-second video, 480 frames).
Inference Accept rate Sampling passes Cache-update passes Speedup

Standard (ℓ = 0) – 46 46 1.00×
Unverified, ℓ = 1 100% 27 46 1.56×
Verified (Ours) 32.1% 37 46 1.20×

D.4 USER STUDY

We use randomly selected prompts from the evaluation set and generate 30-second videos at 832×
480 and 16 fps, compressed with H.264 at CRF 30 for web playback. Each participant completes
five comparisons. In each comparison, the baseline is sampled uniformly from Rolling Forcing,
LongLive, and Video-Mirai, our video is sampled uniformly from Ours and the stage-1 model with
standard inference (ℓ = 0), and the left–right order is randomized. Participants choose the better
video separately for visual quality, long-term consistency, and dynamics. We only count submitted
responses that pass automatic and manual quality checks, which yields 59 valid participants and 295
comparisons, of which 130 involve Ours and 165 involve the stage-1 model. All preference rates of
Ours in Figure 4 are significantly above 50% under a two-sided binomial test (p < 0.001).

Table 6 reports the results of the stage-1 model. Even without accelerated inference, participants
prefer it over all three baselines on every criterion. The preferences are significant (p < 0.05) in all
cases except for visual quality (p = 0.24) and consistency (p = 0.56) against LongLive.

Table 6: User study of the stage-1 model with standard inference (ℓ = 0). Each entry is the percent-
age of pairwise comparisons in which participants preferred this model over the baseline. Average
is computed over all comparisons of the three criteria.

Stage 1 vs. Visual Quality Consistency Dynamics Avg.

Rolling Forcing 81.8% 86.4% 87.9% 85.4%
LongLive 59.6% 55.3% 68.1% 61.0%
Video-Mirai 78.8% 73.1% 86.5% 79.5%

D.5 PER-DIMENSION RESULTS

Tables 7–11 report the individual dimensions behind the aggregate scores in Table 1. Bold and
underline denote the best and second-best results. Please note that some individual scores can not
reflect the true visual quality. For example, in Table 9, the background consistency score is high, but
the sampled videos have a quality shift and tend to stay static.

Table 7: Per-dimension VBench quality scores (%).
Method Subject↑ Background↑ Flickering↑ Smoothness↑ Dynamic↑ Aesthetic↑ Imaging↑
CausVid 87.59 90.60 98.13 99.06 21.00 57.35 67.47
Causal Forcing++ 85.33 90.48 95.93 97.71 72.00 60.33 66.13
Self Forcing 89.59 92.27 98.17 98.77 24.50 61.07 69.57
LongLive 89.70 92.97 96.20 97.89 62.00 62.95 69.34
Rolling Forcing 84.36 88.72 94.34 97.86 98.50 58.19 68.24
Video-Mirai 82.85 88.02 95.99 96.92 47.00 57.30 64.44

Ours 87.95 91.91 95.69 97.87 100.00 61.92 68.86
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Table 8: Per-dimension VBench semantic scores (%). The first row reports the number of prompts
to which each dimension applies.
Method Object↑ Multi-Obj.↑ Action↑ Spatial↑ Scene↑ App. Style↑ Temp. Style↑ Overall Cons.↑
Valid videos 119 20 36 5 54 8 36 200

CausVid 92.12 77.50 94.44 77.28 35.07 21.29 22.19 23.51
Causal Forcing++ 95.06 76.88 94.44 87.15 42.82 21.35 22.72 24.46
Self Forcing 95.48 65.31 91.67 90.20 48.73 21.17 24.17 24.85
LongLive 95.43 80.94 94.44 80.74 49.54 21.17 24.95 25.97
Rolling Forcing 87.61 53.44 91.67 78.49 51.62 21.34 24.06 25.05
Video-Mirai 90.81 65.62 91.67 81.84 45.49 21.71 23.53 25.00

Ours 97.43 75.94 91.67 74.61 46.76 20.13 25.56 26.23

Table 9: Per-dimension VBench-Long scores (%).
Method Subject↑ Background↑ Smoothness↑ Dynamic↑ Aesthetic↑ Imaging↑
CausVid 98.15 96.99 99.08 21.80 56.30 67.18
Causal Forcing++ 96.09 95.76 97.74 60.77 58.86 65.39
Self Forcing 98.19 96.90 98.82 21.77 59.73 69.20
LongLive 97.20 96.26 97.96 55.50 61.43 68.66
Rolling Forcing 96.16 95.59 97.92 88.20 57.05 67.73
Video-Mirai 96.41 96.21 96.93 36.43 56.54 63.84

Ours 96.64 95.51 97.94 96.47 60.32 68.07

Table 10: Per-dimension VideoScore v1.1 scores.
Method Visual↑ Temporal↑ Dynamic↑ T2V Align.↑ Factual↑
CausVid 2.683 2.450 2.985 2.738 2.330
Causal Forcing++ 2.698 2.472 3.044 2.803 2.332
Self Forcing 2.908 2.731 3.242 3.046 2.597
LongLive 3.157 2.985 3.345 3.206 2.847
Rolling Forcing 2.843 2.608 3.095 2.876 2.452
Video-Mirai 2.679 2.461 3.187 2.752 2.441

Ours 3.117 2.890 3.379 3.217 2.742

Table 11: MUSIQ scores of the first and last 5 seconds and the drift measure.
Method Head↑ Tail↑ Avg.↑ 1

N

∑
i |Ti −Hi| ↓

CausVid 70.25 62.73 66.49 9.02
Causal Forcing++ 68.00 65.31 66.65 5.52
Self Forcing 71.06 66.61 68.84 6.18
LongLive 69.37 68.87 69.12 3.43
Rolling Forcing 69.48 68.35 68.92 5.32
Video-Mirai 69.49 59.58 64.54 11.90

Ours 70.23 68.04 69.14 3.64
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