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Abstract. Autoregressive (AR) diffusion offers a promising framework
for generating videos of theoretically infinite length. However, a major
challenge is maintaining temporal continuity while preventing the pro-
gressive quality degradation caused by error accumulation. To ensure
continuity, existing methods typically condition on highly denoised con-
texts; yet, this practice propagates prediction errors with high certainty,
thereby exacerbating degradation. In this paper, we argue that a highly
clean context is unnecessary. Drawing inspiration from bidirectional dif-
fusion models, which denoise frames at a shared noise level while main-
taining coherence, we propose that conditioning on context at the same
noise level as the current block provides sufficient signal for temporal
consistency while effectively mitigating error propagation. Building on
this insight, we propose HiAR, a hierarchical denoising framework that
reverses the conventional generation order: instead of completing each
block sequentially, it performs causal generation across all blocks at ev-
ery denoising step, so that each block is always conditioned on context
at the same noise level. This hierarchy naturally admits pipelined paral-
lel inference, yielding a ~1.8x wall-clock speedup in our 4-step setting.
We further observe that self-rollout distillation under this paradigm am-
plifies a low-motion shortcut inherent to the mode-seeking reverse-KL
objective. To counteract this, we introduce a forward-KL regulariser in
bidirectional-attention mode, which preserves motion diversity for causal
inference without interfering with the distillation loss. On VBench (20s
generation), HiAR achieves the best overall score and the lowest tempo-
ral drift among all compared methods.
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1 Introduction
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Fig. 1: Motivation. (a) Bidirectional diffusion (Wan2.1) shows that a shared noise
level provides sufficient context for temporal coherence within a fixed generation win-
dow, while longer videos require conditioning schemes. (b) Standard AR (Self-Forcing)
is naturally structured for streaming extension but suffers quality drift, as condition-
ing on fully clean context amplifies error propagation. (¢) Applying our hierarchical
denoising (matched-noise context) only at inference (w/o training) mitigates drift but
breaks continuity due to train—test mismatch; HiAR retrains under the hierarchical
pipeline (w/ training), achieving scalable long-video generation with stable quality and
seamless continuity.

Recent years have witnessed rapid progress in video generation, with Diffu-
sion Transformer (DiT) backbones powering strong foundation models [3|
and conditional paradigms—including image-to-video and
video-to-video—further broadening controllable generation. A remaining fron-
tier is long-horizon, and ultimately open-ended, video generation, central to in-
teractive agents and world models . To scale video duration,
causal autoregressive (AR) generation @ is increasingly attractive: it
supports streaming output, indefinite extension, and real-time interaction.

However, a critical challenge in this pipeline is maintaining strict tempo-
ral continuity between consecutive video blocks while simultaneously preventing
distribution drift (e.g., oversaturation, over-sharpening, motion repetition, and
semantic drift) caused by error accumulation. In the Self-Forcing/DMD-style
distilled AR setting that we focus on, the previous frames are typically denoised
into a highly clean context before generating the next. Consequently, every de-
noising step of the current block is conditioned on a context with noise level
t. = 0 (maximal SNR). While this highly clean context anchors the temporal
consistency, it inadvertently causes the model to propagate accumulated predic-
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tion errors forward with high confidence, thereby exacerbating the degradation,
as illustrated in Fig. [I[b).

In this work, we recognize that a highly clean context is not a prerequi-
site. Drawing inspiration from bidirectional diffusion models, which denoise all
frames concurrently from a shared noise level yet still yield temporally coherent
videos, we observe that noisy context already provides sufficient signal for con-
tinuity while reducing error propagation, as shown in Fig. a). Based on this
principle, we introduce HiAR, a Hierarchical Denoising paradigm that swaps
the denoising order: instead of fully denoising previous blocks first, we perform
causal generation across all blocks within each denoising step, then move to the
next step. This simple yet fundamental change substantially reduces inter-block
error transmission and improves long-horizon stability as shown in Fig. c,
w/o training). Moreover, the hierarchical structure enables pipelined parallelism
across denoising steps at inference time, improving wall-clock efficiency (x1.8).

To maintain train—test consistency, we retrain under the hierarchical denois-
ing pipeline. However, we find that self-rollout distillation |17] exhibits a low-
motion shortcut that worsens over training—consistent with the mode-seeking
tendency of Distribution Matching Distillation (DMD)-style reverse-KL objec-
tives [271/511/52]: the model gradually collapses into near-static outputs that min-
imise distillation loss but sacrifice dynamics. Hierarchical denoising amplifies this
effect, as the increased learning difficulty of conditioning on multi-level noisy con-
texts requires more training steps. Empirically, we find that motion diversity un-
der bidirectional-attention denoising is strongly correlated with that under causal
AR inference. Motivated by this observation, we introduce a distillation-based
forward-KL regulariser computed in bidirectional-attention denoising mode, ef-
fectively preventing dynamics collapse for the causal inference path and enabling
stable long-step training.

We conduct extensive evaluation on VBench [18,/56] and a dedicated drift
metric tailored to long-horizon rollouts, together with thorough ablations, demon-
strating that HiAR yields more stable long video generation and validating the
contribution of each component. The visual result is shown in Fig. (c, w/ train-
ing).

We highlight the main contributions of this paper below:

— We propose HiAR, a hierarchical denoising pipeline that performs causal
generation across blocks within each denoising step, substantially reducing
inter-block error transmission and enabling pipelined inference across hier-
archy levels for ~1.8x wall-clock speedup in our implementation.

— We introduce a simple forward-KL regulariser via bidirectional-attention dis-
tillation to prevent low-motion shortcuts in self-rollout training, enabling
stable scaling to long training schedules while preserving dynamics.

— Extensive experiments on VBench and a dedicated drift metric, together
with thorough ablations, demonstrate the long-horizon stability and the ef-
fectiveness of each component.
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2 Background

2.1 Diffusion Models and Flow Matching

Diffusion-based generative models |13//37] learn to reverse a forward noising pro-
cess that gradually corrupts data into Gaussian noise. In this work we adopt the
flow matching formulation [1L[24L26]. Let g ~ pdata denote a clean data sample
and € ~ N (0, I) standard Gaussian noise. The forward interpolation (corruption)
at continuous time ¢ € [0, 1] is defined as
st

Ty = (1*0}5).’720 -+ gt €, oy = m, (1)
where s > 0 is a shift parameter that controls the noise schedule curvature. At
t = 0 we recover xg; at t = 1 we obtain (approximately) pure noise. A neural
network vg(x¢,t) is trained to predict the velocity field

v*(x,t) = € — xp, (2)

so that clean data can be recovered by integrating the probability-flow ODE
backward from ¢t = 1 to t = 0. In practice, one discretises the trajectory into S
steps 1 =t; > tg > -+ >tg > 0 and applies the Euler update

Tty = Ty, + vo(ey,t5) (04,4, — 03,). (3)

2.2 Autoregressive Video Diffusion

Bidirectional-attention diffusion models [9,22,[30}|35,/42] operate on fixed win-
dows and require conditioning schemes for longer videos, whereas causal AR
generation [23}25]28,[331|47,55] is naturally structured for streaming extension:
it allows real-time intervention and provides a principled interface for interac-
tive control—making it a key building block toward world models |12}/29,/49].
To generate videos beyond a fixed temporal window, recent work partitions the
video latent sequence into N successive blocks {By,..., By}, each containing
k frames, and generates them autoregressively: for n = 2,..., N, block B, is
denoised conditioned on the previously generated blocks B.,,.

Concretely, let xi") denote the noisy latent of block n at timestep t. The
denoiser is queried as

U@(xgn)7 t ‘ C<n>7 (4>

where c.,, is the context representation of blocks By, ..., B,_1 injected through
causal attention: the query tokens come from x&”) while the key/value tokens
include c<p,.

Under teacher forcing [8,[16}/19},/44,|55], training conditions on ground-truth

< . . .
context (c<, = x(() n))7 whereas at inference c., consists of model predic-

tions i“(()<n); this train—test mismatch causes per-step errors to accumulate along
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the autoregressive chain—exposure bias [2]—manifesting as progressive over-
saturation, motion repetition, and semantic drift, collectively termed distribu-
tion drift. Diffusion Forcing [5,/6,/10,33,36L41,53| mitigates this by training with
independent per-token noise levels, so the model learns to denoise under het-
erogeneous noise conditions and gains robustness to partially noisy contexts at
inference.

Several recent long-video methods also exploit noisy or progressively denoised
contexts. AR-Diffusion [38| imposes non-decreasing timesteps for schedule con-
sistency, PA-VDM [46| uses progressively increasing noise levels for smoother
autoregressive transitions, and FIFO-Diffusion [21] converts a pretrained bidirec-
tional model into a training-free streaming generator through diagonal denoising.
HiAR instead targets error accumulation in the Self-Forcing/DMD-style distilled
AR setting: it derives the matched context noise level from a bias—information
trade-off and retrains the model under this schedule.

Self-Forcing |17,/5052| further closes the train—test gap through self-rollout
training: during each training iteration, a block is first rolled out with the stu-
dent model vy to obtain :i:én_l), which is then used as context for the next block’s
denoising. The training objective is an asymmetric Distribution Matching Dis-
tillation (DMD) loss [51}[52], formulated as a reverse KL divergence between
the student’s one-step output distribution and the teacher’s multi-step output
distribution:

CDMD - Et,zt{DKL(pa(xO | xt) H pteacher(mo | xt) ) :|7 (5)

where pg(xo | x;) denotes the distribution induced by the student’s single Eu-
ler step from z¢, and Pieacher i the distribution obtained by multi-step ODE
integration with the teacher model. This reverse KL encourages the student to
mode-seek toward the teacher’s high-density regions. In practice the gradient is
computed via a learned score difference between student and teacher distribu-
tions. While Self-Forcing achieves notable improvements at moderate horizons,
it still employs t. = 0 for context (i.e., the predicted clean frame), propagating
errors with maximal confidence.

3 Method

We now formalise the intuition developed in Sec. [I} the context noise level t.
governs a bias-information trade-off, and the optimal choice is t; = t;1—the
output noise level of the current denoising step. We first derive this result ana-
lytically and then build upon it to design Hierarchical Denoising.

3.1 Context Noise Level and Error Propagation

Error decomposition. Consider block B,, being denoised at step j (from noise

level t; to tj41). Let x(()n_l) denote the ground-truth clean latent of the preceding

block and i“(()nfl) = x(()nfl) 4 6= the model’s prediction, where §("~1) is the
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Fig. 2: Overview of HiAR. Left: Existing block-first AR (e.g., Self-Forcing) fully
denoises each block before generating the next, conditioning every step on predicted
clean context and thus amplifying inter-block error propagation. Right: Our hierarchi-
cal denoising performs causal generation across all blocks within each denoising step,
conditioning on context at the matched noise level to suppress error accumulation.
Bottom: Training combines causal self-rollout with a reverse-KL (DMD) loss for dis-
tillation, and a forward-KL regulariser computed in bidirectional-attention mode via
teacher trajectory sampling to preserve motion diversity.
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accumulated prediction error. In AR diffusion, the context for B,, is derived from
201 and presented at some noise level ¢, € [0, 1]:

Cgi)l = (1 — Utc)j(()nil) + Ot. 1, n NN(OaI) (6)

Expanding :%én_l) decomposes the context into three terms:

(te) _ (n—1) n—1
ey = (1—oy ) xg" ™" + (1—0y. ) 67D 4 oi. 1 (7
true signal propagated bias stochastic perturbation

The true-signal and propagated-bias terms share the same coefficient (1—oy,),
while the stochastic term carries the complementary coefficient o;,. The noise
level t. thus controls a bias—information trade-off : raising t. attenuates the bias
but simultaneously reduces the useful conditioning signal by the same factor. In

particular, prior AR methods use t. = 0, which reduces Eq. El to W, =

n—1 =
zgn_l) + 61 and propagates the full prediction error with no attenuation.
Temporal causality. To produce temporally coherent continuations, the con-
text must carry at least as much information as the current block possesses after
step j. Under Eq. [1} the signal-to-noise ratio SNR(t) = (1—0y)?/0? increases
monotonically as ¢ decreases, so after step j the current block at t;11 contains
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Algorithm 1 Hierarchical Denoising

Require: Schedule t1>t2> - - - >ts=0; initial noise {x,@}ﬁ:l
Ensure: Generated blocks {#"1N_,
for j=1,...,5 do > denoising steps

1:
2 forn=1,...,N do > causal block sweep with KV cache
3 2™ g™y (x(n) ;| a:(<n)) (o —0o¢.)
: i1 t) o\Te; > b5 tir1 tit1 tj
4: end for
5 Update KV cache with {mgﬁl W,
6: end for
T

return ité") — xEZ) forn=1,...,N

strictly more information than at ;. Temporal causality therefore requires
SNR(tC) > SNR(tj+1) — t. < tj+1. (8)

Any t. satisfying this bound provides sufficient information for step j. Since
the bias coefficient (1—o;,) decreases monotonically in t., choosing t. < tj41
only transmits more prediction error without additional benefit. The optimum
is therefore the boundary of the constraint:

te = tjy1, 9)

the noisiest context level that still fulfills temporal causality— attenuating inter-
block bias while retaining all information the denoiser needs at step j.

3.2 Hierarchical Denoising

The analysis above motivates a simple but fundamental change to the autore-
gressive denoising pipeline: instead of fully denoising each block before moving
to the next, we perform causal generation across all blocks at each denoising
step. We call this Hierarchical Denoising (Fig. .

Inference procedure. The complete procedure is summarised in Alg.[T] At each
step j, block B, is denoised with blocks B.,, at noise level ¢;; as context—the
noisiest level that still preserves temporal causality (Sec. .

Pipelined parallelism. In Alg. [T} block B,, at step j depends only on B, at
step j and on B,, at step j—1, so blocks at different (n, j) positions that lie on the
same anti-diagonal of the N xS grid are mutually independent. We exploit this
by assigning each denoising step to a dedicated process and traversing the grid
along its N+S5—1 anti-diagonals, with inter-stage latents exchanged via asyn-
chronous point-to-point communication. Within each stage, naively updating
the KV cache for block B,, and denoising block B,, 1 are two separate forward
passes, totalling 2N per stage. We observe that under causal attention the two
operations can be fused into one forward call by concatenating [c(™), wglﬂ)]
along the frame dimension with per-frame timesteps [tj11,...,%541, tj,. .., ;]
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the first segment writes B,,’s context into the KV cache while the second seg-
ment denoises B,, ;1 attending to the freshly written keys and values. This fusion
reduces the cost to N+2 passes per stage (one standalone denoise for the first
block, N—1 fused passes, and one trailing cache write), yielding an overall ~1.8x
wall-clock speedup in our 4-step setting.

3.3 Training with Forward-KL Regulation

Although hierarchical denoising already mitigates degradation at test time, a
train-test gap remains when the model has been trained under the conven-
tional block-first rollout. We therefore retrain with self-rollout under the hier-
archical schedule, optimising the DMD reverse-KL objective (Eq. [5)) following
Self-Forcing [17]. The overall training pipeline is illustrated in Fig. (bottom).
The low-motion shortcut. As training progresses, temporal coherence im-
proves yet motion diversity collapses: the model increasingly produces near-static
videos. The root cause is the mode-seeking nature of the reverse-KL objective:
Dx1,(po||pteacher) is minimised when the student concentrates its mass on a single
high-density mode, so it can reduce loss by generating low-motion outputs that
are inherently easier to denoise and less prone to rollout errors. Hierarchical
denoising amplifies this shortcut, because conditioning on contexts at varying
noise levels—rather than only clean ones—increases learning difficulty and de-
mands more training steps, giving the mode-seeking objective more iterations to
collapse onto the low-motion mode.

Forward-KL regularisation via distillation. To counteract this shortcut, we
introduce a complementary loss that penalises mode dropping. We first run the
teacher for a large number of ODE steps to obtain a dense denoising trajectory,
from which we extract checkpoints {azg‘ff, e ,xi‘;f} aligned with the student’s S-
step schedule. The student is then supervised to match each consecutive pair via
a single Euler step:

ef

atef g
it1 i

Lrky, = Ei[””ﬁ(fﬂiffv ti) —

Ot;1q—0t; ‘2:| (10)

Because the targets 21! are drawn from the teacher’s distribution, optimising

Eq. [10] amounts to minimising a forward-KL-direction objective that encourages
the student to cover the teacher’s output modes rather than mode-seek, thereby
preserving motion diversity.

Decoupling from DMD. To prevent interference between Lpky, and the DMD
objective, we adopt two design choices:

1. Bidirectional-attention mode only. Motion dynamics under bidirectional
and causal attention are strongly positively correlated (Sec. , so regularis-
ing the former effectively constrains the latter. We therefore compute Lpkr,
exclusively in bidirectional-attention mode, leaving the causal self-rollout
DMD loss unmodified and minimising gradient interference.

2. Early-step restriction. Motion dynamics are governed by low-frequency
structures established during the earliest denoising steps. We thus apply
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Lykr, only to the first K of S steps, leaving subsequent high-frequency re-
finement steps unconstrained.

The overall training objective is
L = Lpup + ALFKL, (11)

where X\ > 0 balances the two terms. We ablate the choice of K and the attention-
mode decoupling strategy in Sec.

4 Experiments

4.1 Setups

Table 1: Quantitative comparison on 20s generation. Throughput is in
frames/s; Latency is in seconds; VBench scores (Total/Quality /Semantic/Dynamic)
are on a 0—1 scale; Drift is our proposed drift metric. “~” indicates the model is non-
autoregressive and drift is not applicable. Best distilled AR results are bolded.

Model Thru. Lat. Total? Quality? Semantict Dynamict Drift]
Bidirectional video diffusion models

LTX-Video |11] 8.98 13.5 0.766 0.789 0.685 0.458 -
Wan2.1-1.3B [42)] 0.78 103 0.802 0.813 0.766 0.690 -

Autoregressive video diffusion models

NOVA [7] 0.88 4.1 0.773 0.777 0.757 0.444 -
Pyramid Flow [19] 6.70 2.5 0.775 0.804 0.670 0.161 -
SkyReels-V2-1.3B [6] 0.49 112 0.788 0.808 0.707 0.333 -
MAGI-1-4.5B [41] 0.19 282 0.757 0.785 0.647 0.486 -

Distilled autoregressive video models

CausVid [53] 17 0.69 0.764 0.771 0.740 0.621  0.842
Self-Forcing |17] 17 0.69 0.805 0.829 0.708 0.542  0.355
Causal Forcing [58] 17 0.69 0.810 0.837 0.701 0.672  0.615
HiAR (Ours) 30 0.30 0.821 0.846 0.723 0.686 0.257

Implementation details. We use the Wan2.1-1.3B backbone [42] as our base
model. Following Self-Forcing [17], we fine-tune the model with causal attention
masking on 16k ODE solution pairs sampled from the base model. We adopt a 4-
step denoising schedule (S = 4) and use Wan2.1-14B as the teacher model for the
DMD critic. All methods are implemented in a chunk-wise manner, where each
chunk contains 3 latent frames. For the forward-KL regulariser, we sample 20 k
denoising trajectories (50 ODE steps each) from the Wan2.1-1.3B base model,
and restrict Lrky, to the first denoising step only (K = 1), with a balancing
weight A = 0.1. The critic model and generator are updated at a 5:1 ratio. We
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train with a learning rate of 2x107% and a total batch size of 64 for 20k steps
on 5-second clips. At inference time, we employ a sliding-window KV cache with
a constant attention window of 5s.

Evaluation metrics. We adopt the VBench [18| protocol, which measures 16
dimensions grouped into a Quality score and a Semantic score, providing a com-
prehensive assessment of average generation quality. All models are sampled
to 20s to evaluate long-video capability. To quantify temporal degradation be-
yond aggregate scores, we introduce a drift metric suite specifically designed for
long-horizon evaluation. Each 20-second video is evenly divided into five tempo-
ral segments, and the following per-segment statistics are computed: perceptual
quality via MUSIQ [20] and CLIP-IQA [43|; temporal coherence via DINOv2 [31]
consecutive-frame cosine similarity and LPIPS [54] consecutive-frame distance;
and low-level statistics including HSV saturation mean and Laplacian variance
(sharpness). For each metric, we report the slope of a linear fit over the five
segments as a measure of drift rate. All per-metric slopes are then normalised
and aggregated via a weighted sum into a single Drift Score (lower is better)
that summarises overall temporal stability.

Baselines. We compare against recent open-source video generation methods
spanning three categories: (i) bidirectional diffusion models—LTX-Video [11]
(real-time Video-VAE + spatiotemporal transformer) and Wan2.1-1.3B [42]
(the foundation model shared by all distilled methods below); (ii) autoregressive
diffusion models—INOVA [7] (non-quantised temporal AR with spatial diffu-
sion), Pyramid Flow [19] (pyramidal flow matching with temporal pyramid),
SkyReels-V2 [6] (1.3B; diffusion forcing with non-decreasing noise schedules),
and MAGI-1 [41] (4.5B; block-causal attention); (iii) distilled AR models, all
distilling Wan2.1 into a 4-step causal generator—CausVid [53| (bidirectional-
to-AR DMD distillation), Self-Forcing [17] (self-rollout DMD training), and
Causal Forcing [58] (use diffusion forcing as mid-training before self-rollout
distillation). All baselines use official checkpoints and are evaluated under iden-
tical prompts and generation lengths (5s for bidirectional models).

4.2 Quantitative Results

Table [1| reports VBench scores, drift, and inference efficiency for all methods.
VBench results. HiAR achieves the highest Total score (0.821) among all
methods, surpassing both bidirectional and autoregressive baselines. Notably,
it attains the best Quality score (0.846) while maintaining a strong Semantic
score (0.723), indicating that hierarchical denoising does not sacrifice seman-
tic fidelity for visual quality. On the Dynamic dimension, HiAR scores 0.686,
closely preserving the motion diversity of the bidirectional Wan2.1-1.3B teacher
(0.690) and substantially outperforming all other AR methods—including Causal
Forcing (0.672) and Self-Forcing (0.542)—demonstrating the effectiveness of our
forward-KL regulariser in preventing motion collapse.

Temporal stability. On our proposed Drift metric, HIAR achieves 0.257, the
lowest among all distilled AR models, indicating minimal quality degradation
over the 20s horizon. By contrast, CausVid exhibits the highest drift (0.842),
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consistent with its visible colour oversaturation at later segments; Self-Forcing
(0.355) and Causal Forcing (0.615) show intermediate degradation. HiAR re-
duces drift by 27.6% relative to Self-Forcing (0.257 vs. 0.355), confirming that
hierarchical denoising with matched context noise levels substantially mitigates
the compounding inter-block error that drives long-horizon degradation.
Inference efficiency. Owing to pipelined parallelism across hierarchy levels,
HiAR achieves 30 fps throughput and 0.30s per-chunk latency—a ~1.8x wall-
clock speedup over other distilled AR models (17fps, 0.69s) that share the
same Wan2.1-1.3B backbone and 4-step denoising schedule. This speedup comes
at no cost to generation quality; in fact, HIAR simultaneously achieves the
best VBench scores and the lowest drift. Compared with full-step bidirectional
Wan2.1-1.3B (0.78 fps, 103 s latency), HiAR is 38x faster in throughput while
producing higher Total and Quality scores, demonstrating that the combination
of few-step distillation and pipelined hierarchical denoising offers a compelling
quality—efficiency trade-off for long video generation.

4.3 Qualitative Results

Fig. 3| presents visual comparisons among all distilled autoregressive models
on 20s generation across six diverse prompts spanning natural scenery (beach,
mountain landscape), objects (umbrellas), and human subjects (rock climbing,
woman reading, baby portrait).

CausVid exhibits the most severe degradation: frames progressively shift to-
ward neon green and yellow tints, with scene content largely unrecognisable by
20s. Self-Forcing and Causal Forcing alleviate this to some extent, yet still de-
velop visible colour oversaturation and hue drift over time. The degradation is
particularly pronounced on human-centric content—facial regions suffer from
unnatural colour casts and loss of fine detail (e.g., skin texture, facial features),
which are perceptually salient and difficult to mask. By contrast, HIAR main-
tains stable colour fidelity, sharpness, and structural coherence from the first
frame to the last across all content types, with no perceptible drift in either
scenery or portrait prompts. These qualitative observations align with the drift
scores in Table [I] and corroborate the effectiveness of hierarchical denoising in
suppressing long-horizon error accumulation.

4.4 Ablation Studies

We conduct ablations along two axes: the context noise level t. (Table[2) and the
design choices of the forward-KL regulariser (Table . All variants are retrained
under the same rollout mode used at inference to ensure train—test consistency,
unless stated otherwise.

Context noise level. Table [2] compares three context noise configurations.
We evaluate overall video quality (Quality, Semantic), temporal smoothness ap-

proximated by the VBench motion smoothness score, and long-horizon stability
(Drift).
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Fig. 3: Qualitative comparison of distilled AR models at 20s. We show tem-
porally sampled frames from six diverse prompts covering natural scenery, objects, and
human subjects. HIAR maintains consistent colour and detail throughout, while base-

lines exhibit progressive degradation.

When t. = t; (the input noise level of the current step), the context carries
the same noise level as the current block’s input, meaning that block B,, cannot
observe the result of denoising step j on block B,,_;—effectively removing intra-
step causality. While this yields the lowest drift (0.184), the lack of any one-step-
ahead information substantially degrades generation quality (Quality 0.799 vs.
0.846) and produces noticeably unsmooth motion (Smooth. 0.978). At the other
extreme, t. = 0 (the standard Self-Forcing setting) fully denoises the context,
exposing the model to maximum error propagation and the highest drift (0.355).
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Table 2: Ablation study on context noise level t.. Quality, Semantic, and Smooth
are VBench sub-scores; Drift is our proposed drift metric.

Context noise QualityT SemanticT Smooth.1 Drift]
te = t; (input level) 0.799 0.692 0.978 0.184
te = tj41 (output level; default) 0.846  0.723 0.988  0.257
te = 0 (Self-Forcing) 0.829 0.708 0.991 0.355

”

Table 3: Ablation on forward-KL regulariser design. “bi-attn”, “causal” denotes
the attention mode used for Lrk1,; “Kstep” is the number of denoising steps.

Configuration Quality? Semantict Dynamict Drift)
bi-attn + 1 step (default) 0.846  0.723 0.686 0.257
causal + 1 step 0.828 0.701 0.625  0.271
bi-attn + 2 steps 0.835 0.708 0.693 0.296
bi-attn 4 4 steps 0.813 0.684 0.691  0.306
w/o LrkL 0.839 0.732 0.445 0.218
w /o0 re-training 0.767 0.559 0.512  0.309

w/o hier. denoising (Self-Forcing) 0.829 0.708 0.542  0.355

Our default ¢, = t;41 (the output noise level)—where each block conditions on
the context that has been denoised through the current step—strikes the optimal
balance: it preserves nearly the same temporal smoothness as Self-Forcing (0.988
vs. 0.991) while substantially reducing drift and improving overall quality.
Forward-KL regulation design. Table (3| ablates the attention mode, number
of constrained denoising steps K, and the necessity of each component. We focus
on motion dynamics (Dynamic), overall quality (Quality, Semantic), and drift.
Attention mode. Applying Lrki, in causal mode (“causal + 1 step”) leads
to lower dynamics (0.625 vs. 0.686) and reduced quality compared with the
bidirectional-attention default. To empirically justify our design of applying
Lrky, in bidirectional-attention mode, we track the dynamic scores under both
attention modes across training checkpoints (without Lrkr,). As shown in Fig. [4]
both modes exhibit a consistent decline in dynamics over training, and the two
scores are strongly positively correlated (Pearson r = 0.968). This confirms that
regularising the bidirectional mode serves as an effective and non-intrusive proxy
for preserving causal-mode motion diversity. Fig. [f] visualises single-step denois-
ing outputs under both modes. Under bidirectional attention, all frames exhibit
a uniform level of quality and blur, since the full-sequence attention treats ev-
ery position symmetrically. In contrast, causal denoising produces frames that
become progressively sharper along the temporal axis: as preceding frames fix
the low-frequency structure, the conditional distribution of later frames con-
centrates, resulting in higher-frequency details. This asymmetry means that a
distillation target derived from bidirectional denoising provides a spatiotem-
porally uniform supervision signal well suited to regularising global dynamics,
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Fig. 4: Correlation between bidirectional and causal dynamics during train-
ing (w/o LrkL). Each point represents one training checkpoint; colour encodes the
training step. A strong positive correlation (Pearson r = 0.968) confirms that the low-
motion shortcut affects both attention modes simultaneously and that regularising the
bidirectional mode effectively constrains causal-mode dynamics.

whereas directly constraining causal outputs introduces mismatched targets that
are tightly coupled with the model’s autoregressive generation pathway, degrad-
ing overall quality. Bidirectional-mode regularisation is therefore the preferred
configuration.

Number of constrained steps. Increasing K from 1 to 2 or 4 brings marginal
gains in dynamics (0.693, 0.691 vs. 0.686) but monotonically degrades both qual-
ity and drift. This confirms that motion diversity is primarily governed by the
low-frequency structure laid down in the first denoising step; constraining sub-
sequent high-frequency refinement steps provides diminishing returns while in-
terfering with the model’s denoising capacity. A single constrained step (K = 1)
is therefore sufficient and optimal.

Component necessity. Removing L1, entirely (“w/o Lrk1,”) yields compet-
itive quality and the lowest drift, but dynamics collapse drastically (0.445),
confirming that the model falls into the low-motion shortcut without forward-
KL regulation. “w/o re-training” applies hierarchical denoising only at inference
without corresponding training, which significantly reduces drift compared with
Self-Forcing (0.309 vs. 0.355) yet at a substantial cost to visual quality (Qual-
ity 0.767), highlighting the importance of train—test alignment. Finally, remov-
ing hierarchical denoising altogether recovers the standard Self-Forcing baseline,
which exhibits the highest drift (0.355) and lower dynamics (0.542), validating
the contribution of hierarchical denoising to long-horizon stability.

5 Conclusion

We presented HiAR, a hierarchical denoising framework that addresses the dis-
tribution drift problem in autoregressive long video generation. Our key insight
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Fig.5: Comparison of single-step denoising under bidirectional vs. causal
attention. Bidirectional attention produces frames of uniform quality and blur across
all positions, while causal attention yields progressively sharper frames as preceding
context reduces uncertainty for later positions.

is that a fully clean context is unnecessary and, in fact, harmful: by condition-
ing each block on context at matched noise level rather than predicted clean
frames, hierarchical denoising attenuates inter-block error propagation while
preserving temporal causality. This simple reordering—from the conventional
block-first pipeline to a step-first paradigm—also enables pipelined parallel in-
ference, achieving ~1.8x wall-clock speedup in our 4-step setting. To stabilise
training, we introduced a forward-KL regulariser in bidirectional-attention mode
that counteracts the low-motion shortcut inherent to reverse-KL distillation,
preserving motion diversity without interfering with the DMD objective. Exper-
iments on VBench and a dedicated drift metric confirm that HiAR achieves the
best overall quality and the lowest temporal degradation among all compared
methods on 20-second generation.
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