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Figure 1. In standard autoregressive video diffusion, exposure bias causes compounding errors (“drift”) as generated frames become the
context for future steps. This is typically observed as degrading image quality, contrast, and disintegration of content (top row). We
reverse the model’s own rollouts to form corrective trajectories that exemplify how to undo drifted states. A DAgger-style aggregation loop
fine-tunes the model on these corrective samples using the original diffusion objective—no bi-directional teacher or distribution matching
objectives required. The resulting model exhibits more stable, diverse long-horizon generations (bottom row).

Abstract
Autoregressive video models are promising for world mod-
eling via next-frame prediction, but they suffer from expo-
sure bias: a mismatch between training on clean contexts
and inference on self-generated frames, causing errors to
compound and quality to drift over time. We introduce
Backwards Aggregation (BAgger), a self-supervised scheme
that constructs corrective trajectories from the model’s own
rollouts, teaching it to recover from its mistakes. Un-
like prior approaches that rely on few-step distillation and
distribution-matching losses, which can hurt quality and di-
versity, BAgger trains with standard score or flow matching
objectives, avoiding large teachers and long-chain back-
propagation through time. We instantiate BAgger on causal
diffusion transformers and evaluate on text-to-video, video
extension, and multi-prompt generation, observing more
stable long-horizon motion and better visual consistency
with reduced drift.

1. Introduction

Video world models are causal generative models designed
to predict how the visual world evolves given a set of ac-
tions or prompts [2, 4, 9, 22, 36, 46, 47, 49, 67]. Recently,
video diffusion models have proven to be a promising ap-

proach for world modeling [28]. While earlier video dif-
fusion models focus on generating fixed-length clips in a
non-causal, i.e., bi-directional, manner [62, 71], the task of
world modeling inherently requires causality, leading to a
shift in adoption of autoregressive architectures [3, 18, 26,
34, 69, 75].

However, common to all autoregressive generative mod-
els, causal video diffusion suffers from exposure bias [45,
54], an effect that leads to rapid deterioration of video
quality over time [29, 63, 74, 76]. Exposure bias, also
known as drift, stems from a fundamental mismatch be-
tween the training and inference objectives. During train-
ing, the model learns to condition on ground truth context
frames from the previous step, providing clean and reli-
able context for the next step of generation. In contrast,
during inference the model is given generated frames from
the previous step to generate the next video frames. If the
model makes an error during generation, these errors are
compounded into subsequent steps, leading to a cascading
effect that degrades video quality over time [74].

Prior works that tackle exposure bias usually aim at clos-
ing the training–inference gap by aligning the generated dis-
tribution from the autoregressive model with a pre-trained
bidirectional teacher [14, 29, 42, 55, 70]. However, this im-
poses three key limitations: (1) the reliance on a pre-trained
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Figure 2. Backwards Model Rollouts as Corrective Trajectories. (a) Exposure bias arises from a mismatch between training and
inference objectives. During inference, small errors accumulate and cause generations x̂2:4 to drift from the real distribution x2:4 . The
orange contours depict regions of higher probability under the video data distribution. (b) Given an AR rollout that may exhibit drift, we
treat the reversed clip as a supervision signal for recovering from drifted contexts. This converts the model's own mistakes into training
data without requiring an external expert or teacher network.

bi-directional teacher diffusion model [62], (2) the need
for back-propagation through time (BPTT) over the entire
autoregressive generation process, and (3) the distribution-
matching loss itself [58, 72, 73], which is known to be
mode seeking and can suppress diversity. Other methods
also seek to mitigate drift by injecting noise into context
frames [11, 51, 56, 59, 76], but this often degrades temporal
consistency and fails to address exposure bias at its core.

We propose a method for overcoming drift by guiding a
model to learn how to correct its own mistakes. Drawing
inspiration from Dataset Aggregation (DAgger) [53], we it-
eratively construct and �ne-tune a model on a dataset of
“corrective trajectories”. This teaches the model to be ro-
bust to its own mistakes, correcting correcting errors made
during generation instead of allowing them to compound to
subsequent steps. In the �eld of imitation learning, where
DAgger is often used to great effect, these “corrective tra-
jectories” are gathered through expert intervention, where a
human manually corrects mistakes made by the trained pol-
icy. However, in the case of video generation, “corrective
trajectories”, i.e. smooth, continuous transitions from low-
quality clips to high-quality clips, cannot be obtained via
human intervention. In our work, we leverage the follow-
ing observation: by reversing a model's own generated roll-
outs, which start from high-quality real videos and degrade
autoregressively in time, we are naturally provided with ex-
amples of how the model can correct its own errors. This is
uniquely supported by the fact that time-reversed videos re-
main in-distribution for text-to-video models as long as the
prompt is updated to describe the reversed motion.

We show that by repeatedly aggregating more “correc-
tive” samples, the resulting model learns to correct er-
rors made during its own generation process, leading to
better generation quality over long horizons compared to
teacher/diffusion-forcing training. We also identify how the
characteristics of errors change across multiple rounds of

training, and propose a method for modifying the training
regime, preventing quality degradation due to training on
generated data. We compare our method against prior works
performing autoregressive video generation, showing qual-
itative and quantitative improvements. We summarize our
contributions as follows:
• We introduce Backwards Aggregation (BAgger), which

leverages reversed model rollouts as self-corrective sig-
nals to enhance stability over long-horizon generations.

• Inspired by Dataset Aggregation [53], we iteratively con-
struct and train on a dataset of “corrective trajectories”,
gradually teaching a model to learn stable generative tra-
jectories while conditioned on drifted states.

• We evaluate our model on diverse tasks—including text-
to-video, video extension, and multi-prompt genera-
tion—and show improved long-horizon performance in
both qualitative and quantitative evaluations.

2. Related Work

Video Diffusion Models. Current state-of-the-art in
video generation models have mostly been set by large-
scale bidirectional diffusion transformers [8, 48], demon-
strating remarkable capabilities in synthesizing high-
quality, complex video clips. The core mechanism relies
on full spatiotemporal attention applied to all tokens [8], as
every video token is denoised simultaneously [5–8, 10, 21,
23–26, 35, 37, 50, 61, 62, 71], generating videos of �xed
lengths. However, because these models are inherently non-
causal and constrained to �xed-length generation, they are
not well suited to serve as true world models.

Autoregressive Video Models. Autoregressive ap-
proaches in video generation factorizes the joint distribu-
tion over all frames into, p(x1:N ) =

Q N
i=1 p(x i jx <i ). This

formulation naturally aligns with the causality of time, as
video frames are generated sequentially, making autoregres-



Figure 3. Applications of BAgger Trained AR Video Model. (a) Text-to-video generation from a static text prompt, producing a 30-
second clip that maintains subject identity and cinematic appearance over time. (b) Video extension, where our model continues an input
clip while preserving the input's appearance and motion dynamics. (c) Multi-prompt generation, in which the text conditioning is updated
over time, enabling �ne-grained, temporally coherent control over the evolving video.

sive models well suited for interactive simulation [29, 55]
and world modeling tasks [4, 36, 67]. Conventional autore-
gressive video models rely on direct next-token prediction
of discrete video tokens [9, 34, 52, 64, 65, 69]. However,
the performance of discretized AR models often lag behind
diffusion models. To address this, recent works have
explored training strategies combining autoregression and
diffusion [16, 19, 20, 27, 32, 39, 41, 43, 66, 77, 78]. Some
works train conditional diffusion models that denoise next
frames condition on past clean frames [29, 76], while other
approaches introduce per-frame independent noise levels
during training [11, 56, 59], allowing for AR inference.

Mitigating Exposure Bias. Several training strategies
have been proposed to mitigate exposure bias. Diffusion
Forcing (DF) [11] trains a diffusion model with varying
per-frame independent noise levels. With DF, adding noise
to context frames during training has shown to mitigate
drift [59], as the model becomes more robust to pertur-
bations in the context. However, DF models still suffer
from error accumulation, since the noised context frames re-

main mismatched from the inference-time context distribu-
tion [59, 74]. History Guidance [56] proposes a condition-
ing mechanism that guides the generation process during
inference to remain consistent with its past. Although ef-
fective along short horizons, History Guidance can worsen
error accumulation, as the model is guided to stay con-
sistent even with drifted frames. Self Forcing [29] takes
a more principled approach towards closing the train–test
gap by performing autoregressive self-rollout during train-
ing. Aligning the distribution of its own rollouts against
the distribution of a pre-trained bidirectional teacher, the
resulting model is robust to error accumulation for dozens
of seconds, with follow-up works extending this to min-
utes [14, 42, 70]. While effective, this approach fundamen-
tally relies on distribution-matching losses such as score
distillation [72, 73] or adversarial objectives [58], which
are known to be less stable and accurate for density esti-
mation compared to �ow or score-matching objectives [40].
SVI [38] explores this problem through noise injection, but
only for the non-causal image-conditioned setting.



Figure 4. BAgger Training Loop. Starting from an initial dataset of ground truth video data Dseed, each round: (1) train a Diffusion
Forcing model (policy) on the dataset; (2) sample on-policy rollouts starting from a ground truth frame; (3) reverse them to form corrective
trajectories; (4) aggregate with the dataset; (5) continue training with the original diffusion objective. Iterating this process closes the
train–test gap by teaching the model to act on its own drifted states.

Dataset Aggregation. Our approach is fundamentally in-
spired by Dataset Aggregation (DAgger) [53], an estab-
lished algorithm from the �eld of imitation learning for
addressing exposure bias. Originally designed to mitigate
distributional shift in behavioral cloning, DAgger teaches a
model to “learn from its own mistakes” through an iterative
process. A single round of DAgger, (1) trains a policy with
an initial dataset of observations, (2) rolls out the model
to collect on-policy states, (3) queries an expert for correct
actions in those states, and (4) aggregates the new state-
action pairs with the existing dataset to re-train the policy.
Our method follows a similar approach, with the key insight
that reversing an AR generated video can be viewed as an
oracle-free method for obtaining “corrective” actions. Over
many such cycles, DAgger progressively builds a dataset
that approximates the model's own trajectory distribution
in the limit, effectively resolving the train–test mismatch at
the heart of the exposure bias problem.

3. Method

3.1. Preliminary: Autoregressive Video Diffusion

Autoregressive video diffusion models combine autoregres-
sive factorization with denoising diffusion models, leverag-
ing the bene�ts of both [11]. Speci�cally, they make the
factorization p(x1:N ) =

Q N
i=1 p(x i jx <i ), and model the

conditional distribution of each frame p(xi jx <i ) as a dif-
fusion process. This requires training a denoiser network,
�̂ � to predict and remove noise �i from a corrupted frame
x i

t at timestep t. The distinction from non-causal models
is that this prediction is conditioned on preceding context
frames x<i . During training, this context can be kept clean
(Teacher Forcing) or have independently sampled noise in-
jected (Diffusion Forcing). Speci�cally, Diffusion Forc-

ing works by sampling noise levels independently for each
frame in a training sequence. A ground truth sequence x1:N

0
is corrupted such that each from xi

0 is noised to a different,
randomly sampled timestep ti :

x i
t i

= � t i x
i
0 + � t i �

i : (1)

The denoiser �̂� is then trained to reverse the diffusion pro-
cess, predicting the noise ei conditioned on all previous
noisy context frames xj<i

t j
. The model is trained on a frame-

wise denoising objective:

L DF (�) = E t i ;x 0 ;� i

h
jj�̂ � (x i

t i
; t i ; x j<i

t j
) � � i jj2

2

i
(2)

The above training objective naturally enables autoregres-
sive inference, as denoising a noisy frame xi

t given clean
context frames x<i

0 is simply a special case covered by the
training distribution.

In this work, we train our autoregressive models using
the Diffusion Forcing [11] objective. We primarily focus
on using a transformer-based architecture [48] and enable
autoregressive factorization through the use of causal atten-
tion [3, 29, 49, 74], allowing consistent video generation
capabilities across extended temporal horizons.

3.2. Backwards Aggregation (BAgger)

Learning Corrective Trajectories. As previously dis-
cussed, exposure bias originates from a fundamental mis-
match between the model's training and inference-time dis-
tributions. During training, the model is exposed exclu-
sively to ground-truth data. It learns to model the distri-
bution p(xi jx <i ), where x<i is always drawn from the real
data manifold. During inference, the model must sample
from p(xi jx̂ <i ), conditioned on its own imperfect, self-
generated outputs x̂<i .



To close this train–test gap, the model must be trained
to be robust to its own imperfect outputs, learning to cor-
rectly model the test-time distribution p(xi jx̂ <i ). While au-
toregressive rollout provides the drifted context states x̂<i ,
collecting the corrective examples to train the desired infer-
ence time policy p(xi jx̂ <i ) is non-trivial. In classic behav-
ioral cloning settings [57], the DAgger algorithm collects
these examples by querying an expert oracle. For example,
in autonomous driving [2, 13, 17, 46], if the policy drifts
away from the center of the lane, a human expert can in-
tervene and provide a speci�c corrective action (e.g. steer-
ing towards the center) for the drifted state. However, this
data collection process is not directly applicable to the set-
ting of AR video generation. Error accumulation in videos
is not a low-dimensional, discrete error, but a subtle, high-
dimensional degradation in the latent space, manifested in
forms such as progressive over-saturation, over-smoothing,
or loss in motion diversity [74]. A human expert cannot
feasibly intervene and manually create a set of “corrective”
frames that reverses the compounded errors. Therefore, we
must rely on a different source to provide expert supervision
needed to generated these corrective trajectories.

Reversed Rollouts as Corrective Trajectories. We make
the observation that reversing an AR video model's own
rollouts provides effective corrective trajectories for train-
ing a model that is robust to its own mistakes. Speci�cally,
given some initial ground truth frame x1 � p data(x), we
autoregressively sample a video

(x 1; x̂2:N ) � p � (x 2:N jx 1; c) =
NY

i=2

p� (x i jx <i ; c); (3)

where c is the conditioning text-prompt. Note that each
subsequent frame x̂>1 is drawn from the distribution of
potentially drifted states. By reversing the sampled video
(x̂ N:2 ; x1), we arrive at an example of a corrective video
trajectory that provides a ground truth next frame given a
set of potential drifted frames as shown in Fig. 7.

A key consideration is that these collected trajectories
(x̂ N:2 ; x1) are time-reversed. However, these corrective
states are still valid for two primary reasons. First, we
rely on the assumption that the manifold of text-conditioned
video data is closed under time reversal. For instance, a
video of a person walking backwards is just as valid as a
video of someone walking forwards. Consider Mdataas the
manifold of video sequences corresponding to high-density
regions of the distribution pdata. We make the assumption
that, if x1:N 2 M data, then xN:1 2 M data. Second, to make
(x̂ N:2 ; x1) a valid training sample, we simply need to mod-
ify the original text prompt c into c0, where the modi�ed text
prompt re�ects the time-reversed nature of the sample. For
example, the text prompt “a person walking” would instead
be replaced by “a reversed video of a person walking”.

Algorithm 1 BAgger Algorithm

Require: Pre-trained bidirectional diffusion model p�

Require: Pre-trained AR diffusion model p� 0

Require: Aggregated dataset Dagg  D seed

Require: DAgger rounds K, Videos per round M
1: for k = 0 to K � 1 do
2: Dk  ; . Initialize dataset for round k
3: for m = 1 to M do . Sample M drifted videos
4: Sample x1 � p data(x), c
5: (x1; x̂2:N ) �

Q N
i=2 p� k (x i jx <i ; c)

6: videocorr  (x̂ N:2 ; x1)
7: c0  ModifyPrompt(c; “in reverse”)
8: Dk  D k [ f(video corr; c0)g
9: end for

10: Dagg  D agg [ D k . Aggregate corrective traj.
11: p� k+1  DF(p � ; Dagg) . Train on aggredage data
12: end for
Ensure: Optimized model p� K

BAgger Training Loop. Leveraging these corrective tra-
jectories, we implement the BAgger training loop as an iter-
ative training procedure [53]. We begin with an autoregres-
sive video diffusion model p� 0 , pre-trained using a standard
Diffusion Forcing [11] objective on a dataset of ground truth
video clips Dseed. Then, for each round k of BAgger train-
ing we: (1) sample a set of drifted video rollouts under the
current AR diffusion model, (2) reverse these sampled roll-
outs and combine them into an aggregated dataset Dagg,
and (3) train a new model on the aggregated dataset follow-
ing the original diffusion forcing objective. We formalize
this iterative training procedure in Algorithm 1.

Architecture. We focus on a diffusion transformer archi-
tecture [48] and train our models using the Diffusion Forc-
ing objective (Eq. 2) with a block causal mask [3, 29, 49,
74]. Data drawn from Dseed is trained with the DF objec-
tive on every frame without modi�cation. Corrective data
drawn from Dk is trained with a modi�ed objective, where
a set number of frames are chosen as a pre�x. These pre�x
frames are kept clean when fed as input into the diffusion
model, and the resulting losses are not calculated on these
frames. We treat these pre�x frames as the “drifted” states,
therefore the model should not learn their distribution, and
only learn the distribution conditioned on these states.

4. Experiments

Implementation. We implement BAgger on a pre-
trained bi-directional diffusion transformer, namely Wan2.1
1.3B [62]. We modify the model to have block-causal at-
tention [3, 29, 49, 74] and train using the Diffusion Forcing
objective. The model is trained on 5s long videos at 16FPS
and 832 � 480 resolution [62]. The model is trained on the



Figure 5. Qualitative Comparisons. Side-by-side long-horizon text-to-video results. We compare Diffusion Forcing, History Guidance,
SkyReels-V2, Self Forcing, and our BAgger (Round 3). Baseline AR methods exhibit exposure bias artifacts such as over-smoothing,
over-saturation, and reduced motion diversity, whereas BAgger better preserves subject identity, scene layout, and local contrast over time.
All models share the same architecture with 1.3B parameters. Results show generated frames at 0/15/30s time steps.

latent space produced by a 3D VAE [44, 60], mapping 81
frames per video to 21 latent frames. We opt for a block-
causal mask of 3 latent frames per chunk (total of 7 chunks)
for our causal diffusion forcing model. Ef�cient training is
also enabled through the use of FlexAttention [15].

Data and Training. We build Dseed from 55K high-
quality clips from the Pexels [1] video dataset, with ex-
tended captions sourced from MiraData [33]. The initial
diffusion forcing model is trained on this dataset for 16K
iterations and a batch size of 96. Please refer to the sup-
plementary materials for a detailed discussion of training
con�gurations and hyperparameters.

For each round of BAgger, we generate 27K corrective
trajectories (50% of seed dataset), and directly aggregate all
new videos into the next round of training. For each cor-
rective trajectory, we populate the �rst frame chunk in the
model with ground truth frames and perform video exten-
sion using the model trained in the last round to generate the
6 leftover chunks. Samples are decoded into pixel space,
reversed, then encoded back into the latent space to form
corrective trajectories. During training, clean ground-truth
clips are trained with standard diffusion objective, where
each frame chunk is given independent noise levels. For

corrective clips, the �rst 4 chunks are kept clean, and the DF
objective is only calculated against the remaining 3 chunks.
For each round of BAgger, the resulting model p� k is �ne-
tuned from the base Wan2.1 1.3B model for 16K steps.

Long Video Inference. While the base model only sup-
ports up to 5 seconds of video generation, long video gen-
eration can be enabled through the use of a sliding win-
dow. Prior works have explored the use of a rolling KV-
cache [14, 29]. However, without explicitly modifying
training to accommodate this inference scheme, it may in-
troduce artifacts due to out-of-distribution KV-cache val-
ues [29]. To ensure this is not a confounding factor during
evaluations, we opt to recompute the KV-cache for every
sliding window [3, 74].

4.1. Text­to­Video Generation

Baselines. We compare against prior methods for train-
ing autoregressive diffusion video models. Speci�cally, we
make comparisons to Diffusion Forcing [11] and History
Guidance [56]. We compare out method against these base-
lines trained using the seed dataset and equal number of
training iterations as our method. For diffusion forcing,
we evaluate on two settings, one where all context frames
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