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Figure 1. On-Manifold Steering with Time Reward. Autoregressive long video generation suffers from temporal drift as sequential
errors push the latent states off the desired manifold. Our proposed method actively guides the sampling trajectory back onto the manifold
using a lightweight time predictor to provide a time reward, ensuring temporal coherence in long video generation.

Abstract

Autoregressive video diffusion models have
shown remarkable success in real-time video
generation. However, generating long video se-
quences with these models remains challenging
due to the progressive accumulation of errors and
temporal drift. We attribute this degradation to the
sequential generation process, which gradually
pushes latent representations off the desired mani-
fold. To address this, we introduce On-Manifold
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Steering with Time Reward, a novel framework
designed for long video generation. By train-
ing a lightweight time predictor to classify the
timesteps of noisy latents, we derive a time re-
ward gradient that continuously steers the diffu-
sion sampling trajectory. This guidance actively
pulls the temporal latent states back onto the man-
ifold at each step, effectively correcting inference
misalignments on the fly. Consequently, our ap-
proach mitigates feature drift and preserves struc-
tural integrity across long video sequences. Exten-
sive experiments demonstrate that our framework
seamlessly integrates with existing baselines such
as Self Forcing and Deep Forcing, consistently
improving temporal coherence and visual quality
in 30- and 60-second video generation tasks.
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1. Introduction
The advancement of autoregressive (AR) video diffusion
models (Chen et al., 2024; Yin et al., 2025; Huang et al.,
2025; Ruhe et al., 2024; Kim et al., 2024; Zhang et al., 2025;
Jin et al., 2025) has revolutionized the generation of high-
fidelity, short-form visual content in real-time. By generat-
ing future video segments conditioned on a cached context
of previously generated frames, AR video models achieve
significant memory efficiency and low-latency generation.
However, extending these capabilities to generate long, tem-
porally coherent videos remains technically challenging due
to error accumulation over long horizons, as each prediction
depends on previously generated and potentially imperfect
frames (Wang et al., 2025).

To address this limitation, several recent works intro-
duce long-horizon training strategies or explicit memory-
management mechanisms (Cui et al., 2025; Liu et al., 2025;
Chen et al., 2026; Lu et al., 2025; Yang et al., 2025). Despite
their effectiveness, these approaches generally require addi-
tional training, distillation, or fine-tuning of the video model
itself. Recent training-free approaches instead attempt to
address long-horizon degradation purely at inference time
by handling the long-context KV-cache effectively (Yi et al.,
2025; Li et al., 2026).

In contrast to the existing inference-time methods that pre-
dominantly focus on optimizing or managing the KV-cache
to retain long-term context, we provide a novel perspective
in this paper: we view the error accumulation in long video
generation inherently as an off-manifold problem, as studied
extensively in the context of inverse problems and guided
sampling (Chung et al., 2023; 2024; 2025; Park et al.; Jung
et al., 2024). If the error accumulation occurs because the
sampling points deviate from the desired manifold of the
diffusion process at each timestep, we can correct it by ex-
plicitly guiding the points back to the manifold. To achieve
this efficiently, we introduce On-Manifold Steering with
Time Reward, utilizing a lightweight neural network—a
time predictor (Park et al.; Jung et al., 2024)—to provide a
time reward during inference.

Specifically, we train the time predictor to classify the dis-
crete diffusion timesteps of noisy video segments. During
autoregressive inference, the gradient of the time predictor
serves as an on-manifold reward to evaluate whether the
noisy latent is accurately located at the desired timestep. By
actively correcting the noisy latent segment at each step, our
method maximizes its alignment with the desired manifold.
This process requires no retraining of the backbone video
diffusion model and introduces negligible computational
overhead.

We demonstrate that our method acts as a plug-and-play
module for state-of-the-art AR video generative baselines,

such as Self Forcing (Huang et al., 2025) and Deep Forc-
ing (Yi et al., 2025). Extensive experiments show that our
approach consistently improves these models in both 30-
and 60-second video generation tasks. Ultimately, we hope
our framework provides a fresh, complementary perspec-
tive for long video generation: demonstrating that actively
steering the sampling trajectory on-manifold is crucial as
conventional KV-cache management strategies.

Our main contributions are summarized as follows:

• We formulate error accumulation in autoregressive long
video generation inherently as an off-manifold prob-
lem, providing a novel, complementary perspective that
extends beyond conventional KV-cache management
strategies.

• We propose On-Manifold Steering with Time Reward,
a framework that utilizes a lightweight time predictor
to provide on-the-fly gradient guidance. This actively
corrects the sampling trajectory back onto the desired
manifold without requiring retraining of the backbone
model.

• We demonstrate the plug-and-play versatility of our
method by seamlessly integrating it with state-of-the-
art AR video generative baselines. Extensive evalu-
ations show that our approach consistently improves
temporal coherence and visual quality in both 30- and
60-second video generation tasks.

2. Preliminaries
Autoregressive Formulation. Consider a full video se-
quence divided into N distinct, non-overlapping segments,
structured as z = [z1; z2; : : : ; zN ]. In the autoregressive for-
mulation, rather than synthesizing the entire latent sequence
simultaneously, we decompose the generation process into
a sequence of conditional steps. Here, each segment relies
on the context provided by its predecessors, allowing the
joint distribution to be factorized as follows:

p(z) =

N∏
n=1

p(zn j z<n): (1)

Each conditional distribution p(znjz<n) is parameterized
by a model v�, which generates the current segment zn

conditionally on the past context z<n (where the initial
context is defined as z0 = ;).

Sampling process. For the sampling of the n-th latent
zn from the conditional distribution p(znjz<n), we adopt
the same sampling procedure as Self Forcing (Huang et al.,
2025). Let zn0 denote the clean data from a data distribution
pdata, and zn1 � N (0; I) represent the initial noise. Given a
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Figure 2. Overview of On-manifold Steering with Time Reward.
(a) Rolling out self forcing progressively accumulates temporal
drift, causing predictions to deviate from the target timestep man-
ifold. (b) Our method steers the sampling trajectory with the
gradient of the time reward, guiding samples back toward desired
trajectories.

noisy latent znt at an intermediate timestep t, the network
directly outputs the denoised estimate v�(z

n
t ; t; z<n0 ):

ẑn0jt = v�(z
n
t ; t; z<n0 ): (2)

In practice, to avoid the computational overhead of pro-
cessing the past context, the conditioning on z<n0 can be
efficiently implemented using its KV cache (Yin et al., 2025;
Huang et al., 2025), denoted as KV<n. Subsequently, the
process continues to the next timestep t��t by re-noising
the clean estimate ẑn0jt from Eq. (2):

znt��t = (1� (t��t))ẑn0jt + (t��t)zn1 : (3)

This process of denoising and re-noising is repeated until
t = 0, yielding the full sampled latent zn0 , after which the
model proceeds to sample the next segment in the sequence.

3. On-manifold Steering with Time Reward
In this section, we detail our framework, designed to har-
ness the underexplored potential of reward guidance in AR
video diffusion models for long-video generation. We begin
by introducing a training method for the time predictor in
Section 3.1. Building upon this, Section 3.2 presents our
core framework, On-manifold Steering with Time Reward,
which steers the AR process by computing the gradient of
the time reward and applying it to the sampling steps in the
AR process.

3.1. Training Time Predictor

To provide a reward signal indicating whether a noisy seg-
ment resides on the correct manifold at a given timestep, we
train a lightweight neural network classifier, the time predic-
tor parameterized by � by following prior works (Park et al.;
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Figure 3. Training dynamics of the time predictor. (a) The time
predictor training loss steadily converges throughout optimization.
(b) The timestep prediction accuracy exhibits fast convergence,
demonstrating the efficiency of our framework.

Jung et al., 2024). Videos are encoded into the latent space
using Wan-VAE (Wan et al., 2025). We extract random
segments z0 and inject noise to simulate noisy data of spe-
cific inference timesteps t 2 T = f250; 500; 750; 1000g,
matching the discrete timesteps used in the Self Forcing
backbone (Huang et al., 2025). Specifically, to estimate the
proper timestep of given noisy data, we parameterize the
time predictor � with a simple CNN architecture. Then, the
cross-entropy loss between the one-hot embedding of the
timestep vector and the logit vector of the model output is
used for the following objective function:

LCE(�) = �Et�T ;z0
[log(p̂�(zt)t)] ; (4)

where p̂�(zt)t is the t-th component of the model output
for a given noisy segment zt. As shown in Figure 3, the
predictor exhibits fast convergence, demonstrating the effi-
ciency of the framework, which can be easily adapted for
other diffusion priors.

3.2. On-Manifold Guidance with Time Reward
Gradient

In standard diffusion models, fixed timestep scheduling suf-
fices because the sampling trajectory strictly follows the
expected reverse path. However, in AR video generation,
the sequential conditioning on previously generated seg-
ments (KV<n) potentially introduces external drift. As
errors accumulate, the intermediate noisy latent znt loses
its temporal identity and falls off the desired manifoldMt.
Once off-manifold, the conventional vector field of the dif-
fusion model struggles to denoise accurately, leading to
temporal degradation.

To resolve this, we reinterpret the timestep not merely as a
fixed scheduling parameter, but as an active conditioning
variable, a time reward. If the structural drifting occurs
because it deviates from the desired manifold at time t,
we can project znt back onto the correct manifoldMt by
maximizing this time reward.

We introduce a gradient term derived from our lightweight

3



Inference-Time On-Manifold Steering for Autoregressive Long Video Generation

time predictor� . Similar to prior work (Park et al.; Jung
et al., 2024), we de�ne the Time Reward Gradient (TRG)
as the direction that maximizes the log-probability of the
sampling point belonging to the target timestep t:

Time Reward Gradient (znt ; t) := r zn
t

log p� (t j z n
t ): (5)

This gradient vector �eld actively directs off-manifold sam-
ples toward high-probability regions of the desired manifold
at the target timestep. Without this correction, the base
diffusion model would propagate the off-manifold error.
By incorporating this TRG into the AR sampling process,
we formulate the On-manifold Steering with Time Reward.
Speci�cally, at each timestept, before evaluating the dif-
fusion vector �eldv � , we apply a guidance step to update
zn

t :
ẑn

t = z n
t + �r zn

t
log p� (t j z n

t ); (6)

where� is a hyperparameter that controls the guidance
strength. Applying this correction provides a mathematical
shortcut for the drifted sample to return to the correct mani-
fold. By ensuring that the sampling point of the diffusion
model is always structurally aligned with the expected noise
level at timet, our framework effectively prevents temporal
drift by simply adding reward-guided steering to the origi-
nal sampling process. Notably, our framework introduces
reward-based steering as a novel and complementary per-
spective for long video generation. The complete pipeline
is detailed in Algorithm 1.

Algorithm 1 On-manifold Steering with Time Reward

1: Require Diffusion modelv � , Time Predictor� , number of
segments N, guidance scale �.

2: KV0  ;
3: for n = 1 : N do
4: for t : T ! 0 do
5: ẑn

t  z n
t + �r zn

t
p� (t j z n

t ) . Time Reward Gradient
(Eq. (6))

6: ẑn
0jt  v � (ẑn

t ; t; KV <n ) . Obtain denoised estimate
via diffusion model

7: zn
t��t  (1 � (t � �t)) ẑn

0jt + (t � �t)z 1 ; z1 �
N (0; I) . Re-noise step

8: end for
9: end for

10: return [ẑ1
0 ; : : : ; ẑN

0 ]

4. Experiments

4.1. Results

Quantitative results. As shown in Table 1, our method
demonstrates consistently improved performance across ma-
jor VBench-Long metrics when integrated with both Self
Forcing (Huang et al., 2025) and Deep Forcing (Yi et al.,
2025) baselines. Speci�cally, for 30-second video gener-
ation, our method improves the dynamic degree (i.e., the

Method Dyn. Deg." M. Smooth." Imag." Aesth." Sub. Con." Bg. Con."

30 seconds

Self Forcing 42.19 97.85 68.00 59.58 97.43 96.56
Self Forcing + Ours 57.59 97.73 69.19 62.46 97.45 96.65
Deep Forcing 24.30 98.77 68.00 61.45 98.36 97.28
Deep Forcing + Ours 33.33 98.54 69.76 64.69 98.40 97.29

60 seconds

Self Forcing 42.41 97.85 68.00 59.58 97.43 96.56
Self Forcing + Ours 44.44 98.00 69.84 59.11 97.48 96.61
Deep Forcing 26.39 98.76 67.58 61.77 98.38 97.34
Deep Forcing + Ours 38.19 98.79 68.89 64.49 98.40 97.26

Table 1. Quantitative comparison on long video generation. In-
tegrating our on-manifold steering mitigates temporal drift, achiev-
ing superior coherence metrics on VBench-Long.

capability to generate large motions) by a large margin. Fur-
thermore, our approach consistently enhances both frame-
wise quality (imaging and aesthetic quality) and temporal
coherence (subject and background consistency).

This trend generalizes to 60-second video generation. No-
tably, when applied to Deep Forcing, the dynamic degree
improves signi�cantly, and the majority of VBench-Long
metrics exhibit consistent gains simply by guiding the sam-
pling trajectory with our time reward. This demonstrates the
strong versatility and effectiveness of our proposed method.

Qualitative results. Consistent with our quantitative �nd-
ings, this positive trend is clearly observed in our qualitative
results. As shown in Figure 4, integrating our method into
the baselines consistently mitigates temporal drift and im-
proves overall generation quality. Speci�cally, as observed
in the �rst row, a 60-second rollout of Self Forcing intro-
duces signi�cant temporal drift. In contrast, our method
successfully alleviates this degradation, maintaining visual
coherence even in 1-minute video generation. Similarly,
the second row demonstrates that our approach effectively
corrects failure cases present in the Deep Forcing.

Furthermore, as highlighted in the third and fourth rows,
both Self Forcing and Deep Forcing frequently suffer from
severe artifacts, such as objects suddenly disappearing or
collapsing (indicated by red arrows). When our method
is applied, the structural integrity of these objects is well-
preserved throughout the long sequence (indicated by blue
arrows). These visual improvements demonstrate the versa-
tility and robust performance of our proposed method.

4.2. Ablation Studies

� Dyn. Deg." M. Smooth." Imag." Aesth." Sub. Con." Bg. Con."

0.01 50.89 97.67 67.88 60.06 97.03 96.31
0.1 55.13 97.84 68.02 59.58 97.29 96.44
1 51.34 97.78 68.47 58.98 97.23 96.31
10 44.42 98.00 69.84 59.12 97.48 96.61
20 53.57 97.84 68.37 58.55 96.98 96.22

Table 2. Ablation study on the guidance scale (�).
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