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Abstract

Video models are recently evolving into vision foundation models, but they still
lack human-like, multi-step reasoning. Existing streaming autoregressive diffusion
models are efficient but lack the reasoning ability, whereas bidirectional diffu-
sion allows for global revision but incurs high inference cost due to the dense
frames in fixed-sequence denoising. Consequently, both paradigms struggle to
maintain logical consistency with low-latency streaming in complex reasoning
tasks. Bridging this gap, we propose HDR (Hierarchical Denoising for Visual
Reasoning), a unified framework for multi-step reasoning by integrating hierar-
chical latents into the causal video generation process. HDR organizes video
latents into a tree-structured hierarchy to perform coarse-to-fine reasoning be-
fore streaming output. Coarse denoising layers maintain uncertain hypotheses for
global planning, while finer denoising layers progressively refine them into con-
crete visual states. A sparse hierarchical attention pattern (SHAP) further reduces
temporal attention cost. We construct a level-stratified multi-step video reasoning
benchmark with out-of-distribution cases, covering six tasks: maze navigation,
Tower of Hanoi, one-line drawing, sliding puzzle, Sokoban, and water pouring.
Compared with the streaming autoregressive diffusion baseline, HDR improves
overall success from 34.22 to 60.29 (76.2% relative gain) in multi-step reasoning
accuracy, and improves average progress from 76.00 to 89.56, indicating more
consistent intermediate reasoning trajectories. For deployment efficiency, HDR
maintains low-latency streaming at 0.70s per latent, 54.2x faster than bidirec-
tional diffusion during streaming. HDR also demonstrates strong data efficiency,
retaining 82.9% of its full-data success score using only 2% of the training data,
compared with 52.0% for bidirectional diffusion. Further experiments on real-
world robots showcase the potential of HDR in physical interaction, providing
a new paradigm for physical world modeling. Project demo page is available at
https://hierarchical-diffusion-reasoning.github.io/.

1 Introduction

Video models are evolving from realistic video synthesizers into generalist visual foundation models
capable of visual reasoning [22} 21} 20, 23} 32} 31, [10]. Recent work such as Veo3 [22] showed
that large video generation models can solve tasks such as maze navigation, symmetry completion,
physical reasoning, and tool-use simulation through generated visual trajectories. Complementarily,
recent analysis of diffusion-based video reasoning suggests that such reasoning is closely tied to
intermediate denoising states, where the model can maintain and refine candidate solutions over
multiple steps [21]. These findings raise a key question: how can video models support reliable
multi-step reasoning while still enabling low-latency streaming generation?
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Figure 1: Comparison of video generation paradigms. Streaming autoregressive diffusion models are
efficient but commit too early for reliable multi-step reasoning, while bidirectional diffusion supports
global revision but requires costly dense fixed-sequence denoising. HDR performs hierarchical
denoising before streaming output: coarse layers maintain high-level hypotheses, finer layers refine
them into visual states, and sparse hierarchical attention keeps generation efficient.

Existing video generation paradigms struggle to satisfy both multi-step reasoning and low-latency
streaming. Streaming autoregressive diffusion models, such as CausVid [28] and CausalForcing [33]]
generate efficiently by conditioning each step only on past context, but this left-to-right commitment
limits their ability to revise previous decisions and perform multi-step reasoning [25} 2} |6} [13]. In
contrast, bidirectional diffusion models jointly denoise a fixed video sequence, allowing global
information flow and revision across time [[15, [19} 22]. However, this requires dense full-sequence
updates at every denoising step, leading to high deployment cost and poor compatibility with
streaming generation [28, 3| (1, [16]]. These limitations reveal a fundamental tension: current models
either generate efficiently but struggle with logical consistency over multiple steps, or reason globally
at the cost of high-latency fixed-sequence denoising.

Motivated by this observation, we propose HDR (Hierarchical Denoising for Visual Reasoning),
a unified framework that integrates hierarchical latents into the streaming autoregressive diffusion
process. As illustrated in Figure[I] HDR organizes video latents into a tree-structured hierarchy and
performs coarse-to-fine multi-step reasoning before streaming output. This hierarchy gives the model
an explicit intermediate space for high-level planning before it commits to frame-level generation.

A key design of HDR is to match denoising strength to hierarchy level. Instead of fully denoising
every layer, HDR keeps coarse layers at higher noise levels so they can preserve multiple possible
global plans, while finer layers receive stronger denoising and lower residual noise to instantiate
these plans into concrete visual states. HDR further introduces SHAP (Sparse Hierarchical Attention
Pattern), which lets each token communicate only with fixed local and parent-level contexts for fast
retrieval. This enables multi-scale information flow without dense full-sequence attention, reducing
temporal attention cost while preserving streaming generation.

We construct a level-stratified multi-step video reasoning benchmark with out-of-distribution cases,
covering six tasks: maze navigation, Tower of Hanoi, one-line drawing, sliding puzzle, Sokoban,
and water pouring. These tasks require models to maintain logical consistency across multi-step
reasoning trajectories rather than merely generating locally plausible motion. Experiments show
that HDR substantially improves both final task completion and intermediate reasoning consistency:
it improves the overall success score from 34.22 to 60.29 (76.2% relative gain), and increases the
overall average progress score from 76.00 to 89.56. HDR also preserves efficient streaming behavior,
achieving 0.70s per latent during streaming, 54.2x faster than bidirectional diffusion. In addition,
HDR demonstrates strong data efficiency, retaining 82.9% of its full-data success score when trained
with only 2% of the data, compared with 52.0% for bidirectional diffusion. Finally, real-world robot
maze experiments show that HDR can transfer its hierarchical reasoning ability to physical interaction,
suggesting its potential as a new paradigm for physical world modeling.
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Our contributions can be summarized as follows:

* We identify the core tension in multi-step video reasoning: models must maintain logical consis-
tency across long trajectories while also supporting low-latency streaming generation.

* We propose HDR (Hierarchical Denoising for Visual Reasoning), a unified framework that

integrates hierarchical latents into streaming autoregressive diffusion and performs coarse-to-fine

reasoning before streaming output.

We introduce a hierarchy-matched denoising schedule and SHAP (Sparse Hierarchical Attention

Pattern). The former preserves high-level hypotheses at coarse layers and refines them at finer

layers, while the latter reduces temporal attention cost through local and parent-level contexts.

* We construct a level-stratified multi-step video reasoning benchmark with OOD cases, and
demonstrate HDR’s advantages in reasoning accuracy, data efficiency, low-latency streaming, and
physical-world robot interaction.

2 Related Work

Video Model Reasoning. Recent studies show that video generation models can exhibit reasoning
behaviors beyond visual realism. Benchmarks such as VBVR, V-ReasonBench, and VR-Bench evalu-
ate these capabilities across structured problem solving, spatial cognition, physical dynamics, maze
navigation, and multi-step planning [20} [14}[29]]. Unlike video understanding, where the input video is
fixed, video generation requires the model to construct a coherent future trajectory that satisfies both
local visual plausibility and global task constraints. This makes generated videos a natural interface
for world-model-style reasoning, but also makes early visualized mistakes difficult to correct [23].
Recent analyses further suggest that reasoning in video diffusion models is closely tied to iterative
denoising dynamics, where intermediate latents maintain and refine uncertain hypotheses, rather than
arising solely from frame-by-frame prediction [21]. However, existing work mainly benchmarks
or analyzes emergent reasoning in bidirectional generators, rather than designing architectures that
preserve reasoning ability under streaming generation constraints [20 [14} 21].

Autoregressive Video Diffusion Models. Streaming autoregressive diffusion models replace dense
full-sequence denoising with sequential temporal computation, enabling low-latency video generation
and efficient KV-cache reuse. Recent work improves this paradigm through chunk-wise rollout,
queue-based denoising, AR-guided diffusion, causal attention, training—inference alignment, distilla-
tion, cache sharing, and sliding-window KV-cache acceleration [4} 9} [12} 28} 3} 16l |33} 264 17, 8} 7}, 24]).
These properties make autoregressive video models attractive for closed-loop robot interaction
[L1} 27], where low latency is critical, and their context-as-memory structure allows previously gen-
erated visual states to serve as a persistent temporal memory [30, 5]. Moreover, because generation
proceeds autoregressively, sliding-window KV-cache mechanisms can extend rollout length and sup-
port effectively unbounded video generation [26} 13} [3]]. However, the same sequential commitment
makes earlier decisions difficult to revise: once a frame or latent chunk has been produced, later
predictions condition on this committed history. HDR preserves the low-latency structure of stream-
ing autoregressive diffusion while introducing a tree-structured latent hierarchy for coarse-to-fine
denoising, enabling revisable high-level planning before committing to fine-grained visual details.

3 Method

We present HDR (Hierarchical Denoising for Visual Reasoning), a hierarchical framework for multi-
step video reasoning. HDR preserves the low-latency streaming behavior of streaming autoregressive
diffusion while introducing a structured intermediate process for global planning and revision.
We first revisit why streaming autoregressive generation struggles with multi-step reasoning, then
introduce the hierarchical latent representation, layer-wise flow-matching objective, and SHAP
(Sparse Hierarchical Attention Pattern), which enables efficient inference over flattened tree tokens.

3.1 Rethinking Streaming Autoregressive Generation for Multi-step Reasoning

We start by comparing bidirectional diffusion and streaming autoregressive diffusion. Let z! =
{z},..., 2} denote a video latent sequence at denoising step ¢, where N is the number of temporal
latent tokens and z! is the token at temporal position i. Let ¢ denote the conditioning signal, such
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Figure 2: Overview of HDR. Video latents are organized into a tree-structured hierarchy across
multiple temporal resolutions. During training, each hierarchy token is corrupted along a flow-
matching path and HDR Video DiT is optimized with a layer-wise objective. During inference,
all tree tokens are flattened into a coarse-to-fine autoregressive order. SHAP (Sparse Hierarchical
Attention Pattern) defines a structured attention mask over this flattened sequence: each token
attends only to fixed local, parent-level, and first-frame contexts rather than the full video sequence.
Generated tokens are written into a shared KV cache and reused by later tokens across hierarchy
levels, enabling multi-scale information propagation with low temporal attention cost.

as text, image, or the first frame. A bidirectional video diffusion model updates the entire sequence
jointly at every denoising step [13]:

71 = Dy(z',t,c), )

where Dy is the denoising network. Because all temporal tokens remain noisy during intermediate
denoising steps, information can propagate across the whole sequence before video is committed.
This allows uncertain hypotheses to be maintained and refined over multiple denoising steps [21].
However, the same global revision ability comes with high cost: each step repeatedly updates a dense
fixed-length sequence, making bidirectional diffusion poorly aligned with low-latency streaming.

AR diffusion improves deployment efficiency by factorizing generation from left to right:

N
p(z | o) =[] pi | 2<i,0), ©)
i=1
where z = {z1,...,2n} is the clean latent sequence and z.; denotes all previously generated

temporal tokens. With an autoregressive attention mask, token z; attends only to past tokens and the
condition ¢, enabling streaming inference and KV-cache reuse [28] 33} [6]. However, this structure
also creates an irreversible rollout: once z; is generated, future predictions follow z; — p(z;41 |
z<i,¢) = p(zit2 | Z<it1,¢) — ---. If an early token encodes an incorrect decision, later tokens
must condition on this committed history and cannot revise it, which weakens logical consistency
across multi-step reasoning trajectories.

Thus, the central challenge is not simply choosing between bidirectional and streaming autoregres-
sive generation. Bidirectional diffusion supports global revision but incurs high deployment cost,
while streaming autoregressive diffusion is efficient but lacks a mechanism for revisable multi-step
reasoning. HDR addresses this tension by introducing a hierarchy of latent variables: coarse levels
preserve noisy high-level hypotheses for global planning, while finer levels progressively refine them
into concrete visual states before streaming output.

3.2 Hierarchical Denoising for Visual Reasoning
HDR represents a video using a tree-structured hierarchy of latent tokens:
T= V2V V= o, ) 3)

Here, L is the number of hierarchy levels, V¢ is the set of latent tokens at level ¢, Ny is the number of
tokens at that level, and v, ; denotes the i-th token. We use £ = 1 for the coarsest level and £ = L
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for the finest level. Coarse tokens summarize global temporal structure and represent high-level
plans, while fine tokens encode local visual details and instantiate the final video dynamics. Each
non-root token has a parent in the previous coarser level, denoted as 7 (¢, ) = (£ — 1, py(3)) for £ > 1,
where py () maps token v ; to its parent index at level £ — 1. The parent token represents the coarse
temporal segment that the current token refines.

As shown in Figure[2] HDR constructs hierarchical tokens from the input video latent sequence and
performs coarse-to-fine reasoning before streaming output. During training, each hierarchy token is
corrupted along a flow-matching path, and the model learns to predict the corresponding velocity
target under hierarchical context. During inference, HDR generates tokens from coarse to fine: upper
layers form noisy but revisable global hypotheses, while lower layers refine these hypotheses into
concrete visual states. Within each level, generation proceeds autoregressively from left to right,
preserving the streaming structure of autoregressive diffusion.

3.3 Layer-wise Flow-Matching Objective

‘We now describe the training objective over hierarchical tokens. For a clean hierarchy token vg s We
sample a noise token € ~ A(0, I) and construct an interpolated token at continuous time ¢ € [0, 1] as
vg; = (1 = t)v) ; + te. Under this linear probability path, the target velocity field is uj ; = € — v7,.
The HDR network is trained to predict this flow velocity from the interpolated token, the timestep,
the hierarchical context h ;, and the condition c. The layer-wise flow-matching objective sums the
velocity regression loss over all hierarchy levels and tokens:

LN
Lupr = Z )\em ZEM {H (e —vg;) —ug (V) ts hesis ) Hﬂ . 4)
=1 i=1

Here, h,; denotes the sparse hierarchical context available to token vy ;, and A, balances the con-
tribution of different hierarchy levels. This objective encourages each level to learn a velocity field
appropriate to its temporal abstraction: coarse levels model global planning structure, while fine
levels model concrete visual states and motion details.

A key design of HDR is to match denoising strength to hierarchy level. Instead of assigning
the same inference budget to every layer, HDR uses a level-dependent sampling budget Ky, with
K, < Ky < --- < K. Equivalently, the residual noise level decreases from coarse to fine, i.e.,
p1 > p2 > --- > pr. Coarse layers are intentionally stopped at higher noise levels, so their
predictions remain partially stochastic and can preserve multiple possible global plans. Finer layers
receive stronger denoising and lower residual noise, progressively instantiating these hypotheses into
visual states. We provide the entropy-matched derivation of K, and its ablation in Appendix

3.4 Sparse Hierarchical Attention Pattern

HDR implements hierarchical reasoning with SHAP (Sparse Hierarchical Attention Pattern), a
structured attention mask over flattened tree tokens. Each hierarchy token is indexed by (¢, 1),
where / is the hierarchy level and ¢ is the temporal position within that level. To perform inference
autoregressively, we flatten all tree tokens into a coarse-to-fine order using ¢(¢,i) =i+ _, N;,
with s = ¢(¢,i) denoting the flattened token index. Thus, all tokens in V! are generated first,
followed by 12, and so on until the finest level V7. This ordering matches the inference path shown
in Figure [2} higher-level tokens are generated before the lower-level tokens that refine them.

For token vy ;, SHAP first defines its sparse context in tree coordinates:

Asap(£,9) = 1[i > 1{(6,i — 1)} U1]i = 1]{zser}
U1[e > 1){n(C,7), left(r (£, 4)), right(n(£, 7))}

Here, s is the clean first-frame condition, (¢,7 — 1) provides same-level autoregressive continuity,
and (¢, 1) is the parent token in the coarser level. The neighboring parent-level tokens left(m (¢, 7))
and right (7 (¢, 7)) provide boundary information from adjacent coarse segments. Invalid boundary
indices are omitted. For root-level tokens, which have no parent, the hierarchical context reduces to
the first-frame condition and same-level autoregressive context.

&)

The tree context is then converted into a binary attention mask over the flattened sequence. Let
S = Zngl N; be the total number of hierarchy tokens and Msgap € {0,1}°*° be the SHAP mask.
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Figure 3: Visualization of the six multi-step video reasoning benchmarks: maze navigation, Tower
of Hanoi, one-line drawing, sliding puzzle, Sokoban, and water pouring. Each task requires logical
consistency across multiple reasoning steps rather than only local visual plausibility.

For s = ¢(¢,i) and r = ¢(¢, j), we define:
MSHAP[S,T] =1 [(f/,]) S ASHAp(f, Z)} . (6)

This mask is sparse by construction: each row contains only a constant number of valid attention
targets, independent of video length. It is also autoregressive under the flattened order, because every
valid context token is either a previous same-level token, a coarser-level token that has already been
generated, or the first-frame condition.

SHAP naturally induces cross-level KV-cache sharing. During inference, once token vy ; is generated,
its key-value state is written into a global hierarchy cache, denoted by Cs = Cs_1 U {(k¢,;, vflv )}
where s = ¢(¢, 7). When generating a later token v,/ ;, HDR retrieves only the cached states selected
by the SHAP mask, i.e., hy ; = Attn(qe j, {(kjg,i,vﬁv) : Msuap[o(?,5), #(£,i)] = 1}). Thus,
information generated at coarse levels is reused by lower levels through the shared KV cache, while
local temporal continuity is preserved by same-level autoregressive links. Because each token attends
to a fixed-size SHAP context rather than dense full-sequence tokens, HDR reduces temporal attention
cost while maintaining multi-scale information flow before streaming output.

4 Experiments

We evaluate HDR along two axes: multi-step reasoning ability and low-latency streaming generation
efficiency. Section Fl;fl introduces the benchmark, metrics, baselines, and implementation setup.
Section .2 compares HDR with full-attention and streaming baselines. Section .3]analyzes the
hierarchy layers impact, Section [4.4] tests robustness under reduced denoising budgets and limited
data, and Section[d.5]evaluates transfer to real-world robot interaction.

4.1 Benchmarks, Baselines, and Implementation Details

Benchmarks and metrics. Existing video reasoning benchmarks are not fully suitable for evaluating
streaming multi-step generation: many do not release complete evaluation scripts, and most emphasize
short clips or perceptual consistency rather than logical consistency across multiple reasoning steps.
We therefore construct a controlled benchmark suite with six tasks: Tower of Hanoi, maze navigation,
one-line drawing, sliding puzzle, Sokoban, and water pouring. The benchmark is stratified by
difficulty and includes OOD cases to test rule transfer beyond frequent training patterns. The
scored evaluation set contains 370 held-out videos. Each task is evaluated with success, which
measures exact task completion, and average progress, which measures partial progress and reflects
intermediate logical consistency. We report task results as Success / Avg. Progress pairs and compute
overall performance as an unweighted average across the six tasks. Full benchmark construction and
task-specific evaluation details are provided in Appendix [A]

Baselines and implementation. We compare HDR with full-attention baselines, including bidirec-
tional diffusion and VideoMAE [18], and streaming baselines, including CausalForcing [33]] and
VideoGPT [23]]. For a controlled comparison, the main diffusion baselines and HDR are built on
Wan2.2-5B-TI2V [19]; HDR uses six latent hierarchy levels with the entropy-matched denoising
schedule [5, 8, 13, 20, 32, 50]. All methods are trained on the same 18,000-video reasoning dataset,
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Table 1: Main comparison on multi-step video reasoning benchmarks. Scores are reported as
mean + standard deviation for success and average progress. The best and second-best means are
shown in bold and underlined, respectively. Full-attention baselines are grayed out. Compared with
CausalForcing, HDR improves overall success from 34.22 to 60.29 and average progress from 76.00
to 89.56.

Method Full Attn. Metric Hanoi Maze One-line Sliding Sokoban Water Overall

- . Success 22.50+6.18 52.00+896 58.33+9.67 1.67+0.00 63.33+9.42 43.33+4.94 40.53+6.53
VideoMAE [I18 v _

Avg. Progress 58.23+3.80 93.40+1.32 91.92+1.71 49.93+0.00 100.00-£0.00 73.26:+2.48 77.79+1.55

e Success 45.00+£6.78 90.00+£3.12  81.67+7.60 31.67+6.98 90.00+£4.21 21.67+6.83 60.00+5.92

Bidirectional [[19 v P — P — - —

Avg. Progress 73.58+2.95 99.89+0.11  99.26+0.27 93.00+1.56 100.00+0.00 57.08+3.66 87.13+1.42

VideoGPT [25] X Success 18.75+5.70 22.00+12.83 31.67+7.73 10.00+557 15.00+546  8.33+3.00 17.57+6.71

Avg. Progress 25.82+546 26.32+1230 81.744234 27.81+4.01 23.50+491 38.034+3.56 36.88+5.43

CausalForcing [33] X Success 45.00+£6.73  12.00+8.08 48.33+£7.66 21.67+5.16 40.00+10.69 38.33+525 34.22+7.26

) g 122 Avg. Progress 70.47+2.76  55.04+836 95.15+1.28 86.13+2.62 82.25+579 66.94+3.03 76.00+3.97

HDR X Success 58.75+450 78.004+5.25 70.00+10.12 33.33+7.93 78.33+9.67 43.33+4.79 60.29+7.04

Avg. Progress 79.62+3.04 97.184+1.07 97.8440.61 93.69+1.47 99.69+031 69.34+2.84 89.56+1.56

conditioned on the first frame, and optimized with the same flow-matching training setup. Complete
baseline definitions, training details, and implementation settings are provided in Appendix [H]

4.2 Main Results: Bridging Reasoning Precision and Streaming Efficiency

HDR improves both the final success of multi-step reasoning trajectories and their intermediate
logical consistency. We support this conclusion through quantitative comparisons in Table[T] and
qualitative examples in Figure[d] We further evaluate streaming efficiency in Table[2] showing that
HDR maintains comparable latency to AR diffusion baseline [33]].

Overall comparison. Table [I| presents the main comparison on our multi-step video reasoning
benchmark. Compared with CausalForcing, the streaming autoregressive diffusion baseline, HDR
improves overall success from 34.22 to 60.29, corresponding to a 76.2% relative gain. Average
progress also increases from 76.00 to 89.56, indicating stronger intermediate logical consistency.
Full-attention baselines, shown in gray, enable dense global interaction but are less aligned with
low-latency streaming. Despite not using full temporal attention, HDR achieves the best overall
success and average progress, showing that hierarchical denoising can recover strong reasoning
precision while preserving the streaming structure of autoregressive diffusion.

Qualitative evidence of revisable planning. Figure @ com- Table 2: Inference Speed Comparison_
pares CausalForcing and HDR on Maze and One-line cases. Latency is the average time required
CausalForcing commits to an early local decision that leads for each streaming generation step
to failure: taking the wrong branch in Maze or missing the top  after KV-cache initialization.

block in One-line. HDR instead resolves the ambiguous deci-
sion point through hierarchical planning before committing to Method Latency
fine-grained outputs, leading to successful task completion.

Bidirectional 37.92s
Streaming efficiency. We further report inference speed in Ta- CausalForcing [33] 0.72s
ble[2] Latency measures the time required for each streaming HDR 0.70s

generation step after KV-cache initialization. HDR achieves
comparable latency to CausalForcing, 0.70s versus 0.72s, while being substantially faster than bidi-
rectional diffusion at 37.92s. This shows that HDR improves multi-step reasoning while preserving
low-latency streaming behavior.

4.3 Mechanism Analysis: Layer-wise Analysis

Hierarchical layer importance. We study how performance changes as the number of active
hierarchical layers increases. Figure [5|reorganizes the variants by layer count, from a single-layer
setting equivalent to CausalForcing to the full six-layer HDR hierarchy. The one-layer setting lacks
the coarse-to-fine reasoning process enabled by the hierarchy. As additional layers are introduced,
the model gains progressively richer high-level planning and stronger multi-step reasoning behavior.
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Figure 4: Qualitative comparison between Baseline (CausalForcing) and HDR on Maze and One-line
tasks. CausalForcing makes an early local commitment that leads to failure, while HDR performs
hierarchical planning before committing to the final trajectory.
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This trend shows that HDR’s advantage does not come only from the final frame-level refinement:
each hierarchy level contributes useful structure, and deeper hierarchies lead to better performance.

4.4 Robustness: Performance under Reduced Budgets and Limited Data

Denoising-step reduction. We first study robustness under reduced denoising budgets. Figure [6[a)
compares CausalForcing, bidirectional diffusion, and HDR as the number of inference denoising
steps decreases. Both baselines degrade substantially under aggressive step reduction: bidirectional
diffusion drops from 60.00 to 17.78 in overall success with one step, while CausalForcing drops from
34.22 to 11.25. In contrast, HDR remains substantially more robust, achieving 34.72 success with
one denoising step and preserving 57.6% of its full-step performance, compared with 29.6% and
32.9% for the bidirectional and CausalForcing baselines, respectively.

Data reduction. We test whether HDR can learn reasoning rules from limited data. Figure [6[b)
compares HDR and bidirectional diffusion using the full training set, 10%, and 2% of the data, with
task-level results in Appendix Table[0] As data decreases, HDR degrades more gracefully: with
only 2% of the training data, it retains 82.9% of its full-data success and 97.2% of its full-data
average progress, compared with 52.0% and 89.5% for bidirectional diffusion. This suggests that
the hierarchy provides a useful inductive bias for learning transferable task rules rather than simply
memorizing training examples.

Together, these ablations show that HDR’s robustness comes from its hierarchical architecture. The
model remains effective under limited denoising budgets because coarse layers provide stable global
guidance, while lower layers refine this guidance into detailed visual states. Conversely, when coarse
levels are absent or training data is limited, the hierarchical reasoning process becomes the key factor
that determines whether the model can preserve multi-step logical consistency.

4.5 Physical World Modeling: Transfer to Robot Interaction

To evaluate whether HDR transfers beyond synthetic benchmarks, we conduct a physical-world robot
maze experiment. The task requires a robot arm to pick up a plush toy and move it through a maze
built from toy blocks. This setting introduces visual domain shifts, imperfect object localization,
occlusion, lighting variation, and irregular maze boundaries. We pretrain HDR on 3,000 virtual maze
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videos, fine-tune both HDR and CausalForcing using only 50 real-world robot videos, and convert
generated videos into executable robot actions using an inverse dynamics model (IDM).

We categorize physical-world mazes by difficulty. Easy, medium, and hard mazes are defined by
maze complexity, including the number of branches and turns required by the solution path. We also
include an OOD setting, where wooden blocks are placed diagonally or stacked together, producing
layouts that differ from regular grid-like training mazes. As shown in Figure[7] HDR maintains
strong success rates across all settings, indicating that hierarchical denoising can transfer multi-step
reasoning ability to physical interaction.

5 Conclusion

We introduced HDR, a framework for long-horizon video reasoning. By organizing video latents
into a coarse-to-fine temporal tree, equipping the hierarchy with sparse structured attention, and
allocating denoising budgets according to an entropy-matched principle, the method recovers much
of the reasoning ability of bidirectional diffusion without relying on full temporal attention.

Empirically, HDR outperforms the causal baseline and remains competitive with bidirectional
diffusion across six benchmarks. Ablations show both ingredients matter: removing coarse hierarchy
levels hurts, and fully denoising every level is inferior to preserving uncertainty at upper levels.

More broadly, our results suggest that global reasoning in generative video modeling does not
necessarily require dense all-to-all temporal computation. Structured multi-scale latent planning
provides a promising alternative that preserves causal efficiency while preserving reasoning ability.
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A Benchmark and Eval Details

We evaluate all methods on a mixed benchmark containing six long-horizon reasoning tasks: maze
navigation, Tower of Hanoi, one-line drawing, sliding puzzle, Sokoban, and water pouring. These
tasks cover diverse reasoning patterns, including spatial planning, state transition, object manipulation,
and trajectory consistency.

Each generated video is evaluated with task-specific success criteria and reported using two metrics.
The success score S € {0, 1} measures exact task completion under the benchmark-specific success
criterion. The average progress score A € [0, 1] measures partial progress toward the target outcome
and is therefore more tolerant of minor visual deviations that do not alter the core semantic trajectory.
Results in the main paper are reported as Success / Avg. Progress pairs, with both values multiplied
by 100.

For a scored set D, the reported task score is computed as the mean over evaluation samples:

1 1
Success(D) = — Z Si, Avg. Progress(D) = — Z A;.
Plic Pliz

The overall score is obtained by averaging the task-level scores across the six benchmarks. This gives
equal weight to each reasoning task and reflects the model’s robustness across different forms of
long-horizon video reasoning.

The benchmark uses task-specific difficulty levels. Maze and Hanoi are grouped by native problem
size, while the remaining four tasks use level directories. The evaluation split is summarized in
Table 3]

Table 3: Difficulty grouping of the mixed reasoning benchmark.
Task Levels / Sizes Eval Split Main Difficulty Factor

Maze N =6,7,8,9,10 10 per size Grid size, path length

Hanoi 2, 3,4, 5 disks 10 ID + 10 OOD per size Disk count, initial rods
One-line levels 2, 3,4 25 ID + 25 OOD per level Path length, shape topology
Sliding levels 2, 3,4 30 ID + 20 OOD per level Board size, optimal moves
Sokoban levels 2, 3, 4 30 ID + 20 OOD per level Layout grammar, action horizon
Water  levels 2, 3,4 30 ID + 20 OOD per level Tubes, capacity, solution length

A.1 Maze Navigation

Maze samples are generated on square grids with fixed start (0, 0) and goal (N — 1, N — 1). The
generator constructs a recursive-division maze graph, solves it with breadth-first search, stores the
graph edges and solution path, and renders a red ball moving along the path. The default evaluation
set contains 50 samples, with 10 samples for each N € {6,7,8,9,10}.

The evaluator tracks the red ball using color segmentation and connected components. The success
score requires the decoded route to start correctly, remain in open cells, move only through valid graph
edges, and reach the goal. The average progress score is the normalized longest-common-subsequence
overlap between the relaxed decoded route 7 and the reference path r*:

LCS(7, 1)
max(1, [r*])’

Amaze -

A.2 Tower of Hanoi

Hanoi samples use 2-5 disks and three rods. In-domain samples initialize disks on rods {0, 1}, while
OOD samples may initialize disks on {0, 1, 2} and require at least one disk to already appear on the
goal rod. The goal is always rod 2. For each initial assignment, the generator solves the shortest legal
plan with breadth-first search and renders one lifted disk move at a time.

The evaluator decodes disk tracks, infers moves of the form (disk, source, target), and simulates
them from the ground-truth initial state. The success score requires all inferred moves to be legal and
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the final state to place every disk on the goal rod. The average progress score measures plan overlap

with the reference shortest plan:
2LCS(m, m*)
Ahanoi = T L w
7| + [m*|

A.3 One-line Drawing

One-line drawing levels 2, 3, 4 use increasingly larger boards and longer self-avoiding paths. The
generator samples a topology family, searches for an adjacent-cell path without revisits, applies
random geometric transforms, checks uniqueness and shape constraints, and treats the resulting path
as both the occupied shape and the required solution. In the evaluation set, level 2 uses a 9 x 9 board,
level 3 uses 10 x 10, and level 4 uses 12 x 12.

The evaluator extracts the drawing head, visited cells, white trace cells, and whether the trace remains
on the required shape. The success score requires starting from the highlighted cell, covering every
occupied cell, avoiding revisits, avoiding non-adjacent jumps, and never leaving the shape. A small
visual bridge tolerance is allowed when the white trace already connects an apparent short jump. The
average progress score combines coverage, legal-transition ratio, and on-shape ratio:

Aone = 0.5 Ceover + 0.3 Riggal + 0.2 Rghape-

A4 Sliding Puzzle

Sliding puzzle levels 2 and 3 use 3 x 3 boards, while level 4 uses a 4 x 4 board. The goal state is the
ordered board with the blank tile in the final position. For 3 x 3 puzzles, states are sampled from
an exact solvable pool under bucket constraints; for 4 x 4 puzzles, states are sampled by backward
scrambling from the goal. Each accepted sample is solved optimally and filtered by solution length,
family, and diversity constraints.

The evaluator decodes board states from video frames and selects the best legal subsequence starting
at the initial state. The success score requires the subsequence to reach the goal, preserve tile
inventory, contain no illegal blank moves, and have an unresolved-frame ratio below 0.8. The average
progress score combines normalized Manhattan progress, final-state quality, rule adherence, and
observability:

Agide = 0.45 P + 0.20 Qinal + 0.20 Rryle + 0.15 Rops.

A.5 Sokoban

Sokoban samples use an 8 x 8 grid with walls, one player, one box, and one target. The generator
builds layouts from grammar operators, samples valid player and box positions, solves each candidate
with shortest-path search, and filters by action length, push count, box-target distance, deadlock-like
cells, and diversity. Higher levels use longer and more constrained layouts.

The evaluator decodes player and box positions and checks whether the recovered state sequence can
be explained by legal walking and pushing. The success score requires the player and box to start
correctly, the box to end on the target, no wall crossing or overlap, no illegal pulling or pushing, and
an unresolved-frame ratio below 0.8. The average progress score emphasizes box progress toward
the target:

Asokoban = 0.50 Pbox +0.20 Qﬁnal +0.15 Rrule +0.15 Robs'

A.6 Water Pouring

Water pouring samples contain vertical tubes with fixed capacity and colored blocks. The generator
constructs a solved goal state, samples a backward chain of legal reverse pours to obtain an initial
state, solves or validates the resulting puzzle, and filters candidates by solution length, buried blocks,
color runs, branching factor, and state diversity. Higher levels increase tube count, color count,
capacity, and solution horizon.

The evaluator extracts tube states from stationary frames. A legal move transfers the complete
contiguous top run of one color into an empty tube or onto the same color, limited by remaining
destination capacity. The success score requires the final tube state to be solved, all decoded transitions
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to be legal, block conservation and capacity constraints to hold, and unresolved stationary frames to
remain below 0.35. The average progress score combines rule adherence, progress, final-state quality,
and observability:

Ayater = 0.45 Ryyle + 0.35 P 4 0.15 Qfinal + 0.05 Rops.

B Entropy-Matched versus Fully Denoised Hierarchies

Our final ablation studies how denoising budgets should be allocated across the hierarchy. A naive
strategy is to fully denoise every hierarchy level before moving to the next one. In our implementation,
this corresponds to assigning 50 denoising steps to all layers. Although intuitive, this strategy ignores
the different entropy scales of different hierarchy levels. Coarse layers contain fewer temporal tokens
and represent lower-resolution hypotheses, while fine layers contain more tokens and carry more
detailed visual entropy. Therefore, forcing all levels to remove the same amount of uncertainty is not
well matched to the hierarchical representation.

We instead use an entropy-matched denoising schedule. Let /N, denote the number of tokens at layer
¢, and let Ny denote its effective temporal support. Since a finer layer represents a larger number of
temporal degrees of freedom, we assume that the entropy to be removed at layer ¢ should grow with
its effective support:
AH, x N/,

where (3 is a tunable parameter controlling how aggressively denoising budget increases from coarse
to fine layers. Larger 3 allocates more denoising steps to fine layers, while smaller 8 makes the
schedule more uniform.

We convert this entropy allocation into a layer-wise denoising budget:

~ \ B
KZ = Kmax (JYZ> )
Ng

where K« is the maximum denoising budget used by the finest layer. This rule gives fewer
denoising steps to coarse layers and more steps to fine layers, matching the intuition that coarse layers
should preserve uncertainty while fine layers should resolve it into concrete visual states.

For the 21-frame setting, our hierarchy has actual layer sizes:
N¢=11,2,4,8,16,21].
The last layer is truncated by the video length, but the underlying binary hierarchy has effective
temporal supports:
Ny =[1,2,4,8,16,32].
Using Kyax = 50 and 8 = 0.66, the entropy-matched rule gives:

1,2,4,8,16,32]\ %
K, = {50 <[32]) = [5,8,13,20, 32, 50).

This is the default denoising schedule used by HDR in the main experiments.

This schedule can also be interpreted through the lens of uncertainty preservation. Coarse layers
remove only a small fraction of their uncertainty, so they act as flexible high-level hypotheses.
Fine layers remove much more entropy, allowing them to instantiate these hypotheses into detailed
frame-level latents. In contrast, the All-50 strategy sets

K1:K2:"':KL:50,
which forces every level to remove the same amount of uncertainty regardless of its temporal scale.

This prematurely collapses high-level hypotheses and reduces the ability of lower layers to correct or
refine them.

Table [ compares the entropy-matched schedule with fully denoised and alternative schedules. The
All-50 variant performs worse overall than the entropy-matched schedule: the overall success score
drops from 60.29 to 58.38, and the average progress score drops from 89.56 to 88.21. We also include
two additional schedules for completeness: a sparse-to-full schedule [5, 5,5, 5,5, 50], which keeps
coarse layers minimally denoised before fully denoising the finest layer, and an exponential schedule
[2,4,8,16,32,50], which increases the denoising budget more aggressively. Their benchmark results
are left blank.
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Table 4: Entropy-matched versus alternative denoising schedules. The entropy-matched schedule
allocates fewer denoising steps to coarse layers and more steps to fine layers according to their
entropy scale, achieving the best overall average progress and remaining competitive in overall
success. Compared with sparse-to-full and exponential schedules, entropy matching provides a better
balance between preserving high-level uncertainty and refining fine-grained video states.

Denoising Strategy Schedule Hanoi Maze One-line Sliding Sokoban Water Overall

Entropy-matched [5,8,13,20,32,50] 58.75/79.62 78.00/97.18 70.00/97.84 33.33/93.69 78.33/99.69 43.33/69.34 60.29/89.56
All-50 [50, 50, 50, 50, 50, 50]  60.00/79.70 76.00/97.18 65.00/97.45 30.00/94.34 80.00/99.60 41.67/65.32 58.38/88.21
Sparse-to-full [5,5,5,5,5,50] 55.00/74.58 42.00/92.86 63.33/97.25 41.67/93.76 76.67/99.33 23.33/58.99 50.33/86.13
Exponential [2,4,8,16,32,50]  53.75/77.36 58.00/95.53 73.33/98.03 41.67/94.30 86.67/98.73 46.67/68.26 60.02/88.70

C Time Complexity Analysis

We analyze the temporal attention complexity of bidirectional diffusion, Streaming AR Diffusion, and
HDR. Let N denote the number of frame-level video tokens and K denote the number of denoising
steps. We omit constant factors such as hidden dimension, number of heads, model depth, and the
fixed number of tokens attended by HDR.

Bidirectional diffusion. Bidirectional diffusion updates the full video sequence at every denoising
step. Each token attends to all N tokens, so one denoising step costs O(N?) temporal attention. With
K denoising steps, the total complexity is:

O(KN?).

This dense all-to-all interaction supports global reasoning, but it repeatedly recomputes the full
temporal attention map throughout inference.

Streaming AR Diffusion. Streaming AR Diffusion generates tokens from left to right. When
generating token ¢, it attends to all previously generated tokens. Although KV caching avoids
recomputing previous hidden states, the attention length still grows with time. Thus, the total
temporal attention cost is:

] <KZN:Z> = O(KN?).

Therefore, Streaming AR Diffusion improves streaming efficiency compared with bidirectional
diffusion, but its attention complexity with respect to the number of tokens remains quadratic.

HDR. HDR generates a hierarchical latent tree instead of a flat sequence. For a video with N
frame-level tokens, the total number of hierarchy tokens is linear in N; for example, a binary tree
contains approximately 2N — 1 nodes. More importantly, each token attends only to a fixed-size
context, including its previous same-layer token, its parent, and neighboring parent tokens. Therefore,
the temporal attention cost is linear in the number of hierarchy tokens:

O(KavgN),

where K,,, denotes the average denoising budget across hierarchy tokens. Since the hierar-
chy contains approximately 2N — 1 tokens for N frame-level tokens, the full attention cost is
O(Kavg(2N — 1)), which simplifies to O(K,ysN). This linear-size hierarchy introduces a longer
one-time prefill stage, 16.19s for HDR, compared with 1.48s for bidirectional diffusion and 2.44s
for CausalForcing; however, the subsequent streaming latency remains 0.70s per latent and much
faster than bidirectional diffusion at 37.92s. In practice, HDR assigns fewer denoising steps to coarse
layers, so K,y is smaller than the full denoising budget used by standard diffusion.

This analysis highlights the main computational advantage of HDR. Although HDR introduces
additional hierarchy tokens, their number grows only linearly with the video length. Since each
hierarchy token attends to a constant-size context, the overall temporal attention cost remains linear
in N. In contrast, both bidirectional diffusion and Streaming AR Diffusion have quadratic attention
complexity with respect to the number of video tokens.
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Table 5: Temporal attention complexity comparison. Bidirectional diffusion uses all-to-all attention,
Streaming AR Diffusion attends to the full prefix, while HDR attends to a fixed-size context over a
linear-size hierarchy.

Method Attention Pattern Token Count Complexity
Bidirectional all-to-all N O(KN?)
Streaming AR Diffusion prefix attention N O(KN?)
HDR fixed sparse attention ~ 2N O(KavgN)

Table 6: Comparison with state-of-the-art closed-source video generation models on video reasoning
benchmarks. Scores are reported using the success metric and the average progress metric.

Method Full Attn. Fine-tuned Metric Hanoi Maze One-line Sliding Sokoban Water Overall

Success 375 6.00 1.67 0.00 0.00 1.67 2.16

Wan2.6 v X Avg. Progress 20.15 4693 72.13 6138 67.56 3550 49.06
Veo v X Success 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Avg. Progress  0.09 2442 66.46 0.00 0.33 0.82 14.28
HDR X v Success 58.75 78.00 70.00 3333 7833 43.33 60.29

Avg. Progress 79.62 97.18 97.84 93.69 99.69 69.34 89.56

D Comparison with SOTA Closed-source Models

We further compare HDR with state-of-the-art closed-source video generation models, including
Wan2.6 and Veo. Since these models are only accessible through closed-source inference APIs or
released inference interfaces, we cannot modify their architectures, apply our hierarchical training
strategy, or fine-tune them on the proposed benchmark data. Therefore, we evaluate them in an
off-the-shelf setting using the same prompts and evaluation protocol as our method.

As shown in Table[6] off-the-shelf closed-source models achieve limited success under the exact-
completion criterion on our reasoning benchmarks. Although they can often generate visually
plausible videos, they frequently fail to satisfy the exact multi-step constraints required by these
tasks. In contrast, HDR is explicitly trained for hierarchical diffusion reasoning and achieves
substantially higher scores across all tasks. This comparison highlights that strong general-purpose
video generation capability does not necessarily translate into reliable multi-step reasoning under
irreversible decision-making.

E Full Table of Ablations

The main paper visualizes the key trends of the denoising-step, hierarchical-layer, and data-reduction
ablations in Figure [6a] Figure[5] and Figure[6b] For completeness, we provide the corresponding
full numerical results in Table[/] Table[8] and Table[9] Table[7]contains the task-level scores behind
Figure[6a] including the full success and average-progress results for the causal baseline, bidirectional
baseline, and HDR under different denoising budgets. Table 8| provides the task-level breakdown for
Figure 5] organized by the number of active hierarchical layers from 1 to 6, where the 1-layer setting
corresponds to the causal baseline. Table [9]reports the task-level results behind Figure [6b} comparing
the bidirectional baseline and HDR at different training data scales. All entries are reported as mean
=+ standard deviation. For each task-level metric computed over N evaluation samples, we estimate
the standard deviation by repeatedly sampling | N/2| examples without replacement, recomputing
the mean for 10 trials, and then reporting the population standard deviation across the resulting
sample means.

These tables support the same conclusions as the figures while exposing the per-task details. First,
the denoising-step ablation shows that HDR retains stronger performance under reduced denoising
budgets, especially at the one-step setting. Second, the hierarchical-layer ablation shows that shallower
variants stay closer to the causal baseline, while adding more layers generally improves performance
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Table 7: Denoising step ablation. Values are reported as mean + std. HDR remains substantially
more robust than the causal baseline under reduced inference budgets.

Method Step Metric Hanoi Maze One-line Sliding Sokoban Water Overall

50 Success 45.00+6.73  12.00+£8.08 48.33+7.66 21.67+5.16 40.00+£10.69 38.33+5.25 34.22+7.26
Avg. Progress 70.47+276 55.04+836 95.15+1.28 86.13+2.62 82.25+579 66.94+3.03 76.00+3.97

Success 38.7545.14 14.00£11.31 43.33+9.26 20.004+6.00 35.00+10.19 36.67+6.83 31.29+8.12
Avg. Progress 66.314+2.78 49.6749.17 94.30+2.00 83.73+279 79.81+585 66.974+326 73.47+431

CausalForcing [33] 5

Success 7.50+436  10.004+5.63  0.00+£0.00 18.33+6.75 28.33+892 3.33+1.80 11.25+457
Avg. Progress 39.24+457 60.294+931 92.82+1.00 79.13+356 77.454579 32.40+1.70 63.55+4.32

50 Success 45.00+6.78 90.0043.12  81.67+7.60 31.67+6.98 90.00+4.21 21.674+6.83 60.00+5.92
Avg. Progress  73.58+2.95 99.89+0.11  99.264+027 93.00£1.56 100.00+£0.00 57.08+3.66 87.13+1.42

Success 41.25+691 88.00+£2.56 75.00+8.79 35.00+5.74 86.67+4.81 26.67+5.85 58.77+5.78
Avg. Progress 75.01+£3.04 99.75+0.15 98.70+0.72 92.45+166 99.11+089 55.34+3.16 86.73+1.60

Success 5.00+278  0.00+000 31.67+9.08 28.33+435 41.67+9.17 0.00+0.00 17.78+4.23
Avg. Progress 43.86+3.13 43.87+443 91.32+142 94.26:+0.62 84.79+562 23.86+1.53 63.66+2.79

Success 58.75+4.50 78.0045.25 70.00£10.12 33.33+£7.93 78.33+9.67 43.334+4.79 60.29+7.04
Avg. Progress  79.62+3.04 97.18+1.07 97.8440.61 93.69+£147 99.69+031 69.34+2.84 89.56+1.56

HDR Success 58.75+525 74.0046.93  75.00+£8.96 36.67+8.26 75.00+£10.62 43.3343.54 60.46+7.26
Avg. Progress  79.38+3.56 96.88+1.20 97.88+0.61 94.02+£1.59 97.61+1.19 67.18+2.45 88.83+1.77

Success 50.00+6.05  0.00+0.00 45.00+£12.03 35.00+6.15 76.67+£7.23 1.67+1.00 34.72+541
Avg. Progress 74.03+274 57.10+£9.21  93.80+1.11  95.30+0.79 99.81+0.19 32.35+1.89 75.40+2.66

Bidirectional [19] 5

Full

Table 8: Hierarchical layer ablation. Values are reported as mean =+ std. Results are organized by
the number of active hierarchical layers, where the 1-layer setting corresponds to the causal baseline.
Adding more layers generally improves reasoning performance, showing that each hierarchical level
contributes to HDR’s coarse-to-fine reasoning.

Layers Metric Hanoi Maze One-line Sliding Sokoban Water Overall
1 Success 45.004+6.73 12.00+£8.08 48.33+7.66 21.67+5.16 40.00+10.69 38.33+525 34.22+7.26
Avg. Progress 70.47+2.76 55.04+836 95.15+1.28 86.134+2.62 82.254579 66.94+3.03 76.0043.97
2 Success 31.25+4.19 44.004£7.69 53.33+11.81 20.00+£9.03 51.67+6.16 30.004+6.83 38.38+7.62
Avg. Progress 68.05+2.86 80.60+1.57 97.17+0.57 86.83+1.95 83.72+0.71 59.17+291 79.26+1.76
3 Success 38.75+4.58 22.004+8.03 75.004£824 30.00+£9.75 45.00+7.24 30.004+3.67 40.12+6.92
Avg. Progress 73.384327 84.76+1.84 98.55+046 87.794237 93.72+0.66 66.35+2.72 84.0941.89
4 Success 61.25+7.69 72.00+10.64 80.00+11.62 33.33+9.57 73.33+10.71 35.00+£4.98 59.1549.20
Avg. Progress 81.59+3.57 93.3343.16  98.72+0.60 91.2342.09 98.71+3.18 66.71+2.65 88.38+2.54
5 Success 57.50+£822 76.00+£9.40 73.334+8.10 33.334+6.57 80.00+£891 41.67+527 60.314+7.74
Avg. Progress 80.70+5.10 95.40+£590 98.5740.93 92.654+1.99 99.25+423 69.32+3.73 89.3143.65
6 Success 58.75+450 78.00+5.25 70.004+10.08 33.33+7.93 78.33+9.67 43.33+4.79 60.2947.04

Avg. Progress 79.62+3.04 97.18+1.07 97.84+046 93.69+148 99.69+031 69.34+£2.90 89.5641.54

and makes HDR’s reasoning stronger. Third, the data-reduction ablation shows that HDR degrades
more gracefully than the bidirectional baseline as the amount of training data decreases. Together, the
full tables confirm that HDR’s robustness comes from both its hierarchical coarse-to-fine structure
and its ability to preserve useful reasoning behavior under limited denoising computation and limited
data.

F Visualization of Hierarchical Intermediate Predictions

We provide qualitative visualizations of the intermediate predictions produced by HDR during
hierarchical reasoning. As shown in Figure[§] the columns labeled L1, L2, and L3 correspond to the
model’s clean x( predictions before noise is added at different hierarchy levels. These intermediate
outputs reveal the coarse-to-fine inference process of HDR: higher layers first capture coarse task
structure and global plans, while lower layers progressively refine them into concrete video states.
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Table 9: Data reduction ablation. Values are reported as mean + std. We train the bidirectional
baseline and HDR using the full training set, 10% of the training set, and 2% of the training set. This
experiment evaluates whether the models can learn reasoning rules from limited data.

Method Data Scale Metric Hanoi Maze One-line Sliding Sokoban Water Overall

Success 45.00+£6.78 90.00+£3.12  81.67+7.60 31.67+698 90.00+4.21 21.67+6.83 60.00+5.92
Avg. Progress 73.58+2.95 99.89+0.11  99.2640.27 93.00+£1.56 100.00+£0.00 57.08+3.66 87.13+1.42

Bidirectional [19] 10% Success 55.00+536  80.00+£9.94  80.0049.13  26.67+7.24  70.00+6.67 20.00+6.15 55.28+7.42
¢ Avg. Progress 73.94+3.00 95.0842.03 98.70+0.59 93.45+1.08 99.08+0.90 57.20+3.55 86.24+1.86

Success 43.75+674 20.00+7.76  76.67+927 16.67+327 23.33+742 6.67+3.14 31.18+6.27

Full

2% Avg. Progress 72.54+2.59 67.764+635 97.69+0.66 92.51+£071 90.11+332 47.03+2.39 77.94+2.67

Full Success 58.75+450 78.00+5.25 70.00+10.12 33.33+£7.93  78.334+9.67 43.33+4.79 60.29+7.04

Avg. Progress 79.62+3.04 97.1841.07 97.8440.61 93.69+1.47 99.69+031 69.34+2.84 89.56+1.56

HDR 10% Success 56.25+578 64.00+£9.95 68.334+834 38.33+586 80.00+5.83 40.00+5.57 57.82+6.89
Avg. Progress 79.26+3.55 93.6342.05 97.9140.55 94.40+0.82 99.92+0.08 71.67+2.17 89.46+1.54

2% Success 60.00+5.59 50.00+1343 50.004+7.98 26.67+571 70.00+7.20 43.33+2.49 50.00+7.07

Avg. Progress 77.71+3.75 86.78+6.54 96.40+£0.90 93.76+0.68 98.82+047 68.84+2.18 87.05+2.42
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el e R
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Figure 8: Visualization of HDR’s hierarchical intermediate predictions. Columns labeled L1, L2, and
L3 show clean x predictions before noise is added at different hierarchy levels, while the rightmost
block shows the final generated output. The progression from coarse layers to fine layers illustrates
how HDR first forms high-level plans and then refines them into detailed video states.

This supports our claim that hierarchical diffusion reasoning enables the model to form high-level
hypotheses before committing to final streaming outputs.

G Failure Case Studies

This appendix provides qualitative case studies that complement the quantitative results in the main
paper. Section[G.I|compares HDR with the streaming autoregressive diffusion baseline and illustrates
how hierarchical denoising helps avoid early irreversible mistakes. Section [G.2] then examines
representative residual failures of HDR, focusing on state-consistency drift in maze navigation,
Sokoban, and water pouring.

G.1 Qualitative Comparison with Streaming AR Diffusion

We first provide representative qualitative cases where the streaming autoregressive diffusion baseline,
represented by CausalForcing, fails while HDR succeeds. These examples complement the benchmark
results in the main paper by showing a recurring failure mode: the baseline makes an early, locally
plausible decision, but its irreversible temporal commitment prevents later frames from repairing the
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Figure 9: Qualitative comparison across all six reasoning tasks where the streaming autoregressive
diffusion baseline fails but HDR succeeds. For each task, the top row shows CausalForcing and the
bottom row shows HDR. Red boxes and arrows mark the baseline’s failure points, while green boxes
and arrows highlight HDR’s successful coarse-to-fine refinement. Across tasks, the baseline typically
commits to an early local mistake, such as leaving the valid maze corridor, missing a required disk
transfer, breaking path continuity, misplacing the blank tile, pushing the box away from the goal, or
violating water-pouring constraints. In contrast, HDR maintains globally consistent task structure
and reaches the correct final state.

trajectory. Once the rollout deviates from the correct plan, subsequent frames inherit the error and the
video ends in a globally inconsistent state.

By contrast, HDR maintains revisable high-level hypotheses at coarse hierarchy levels and refines
them through coarse-to-fine denoising before committing to the final streaming output. This hier-
archical inference process enables implicit backtracking in latent space: the model can preserve
uncertainty about multi-step structure, revise an incorrect partial plan, and instantiate a rule-consistent
solution at finer levels. Figure Q]illustrates this behavior across maze navigation, Tower of Hanoi,
one-line drawing, sliding puzzle, Sokoban, and water pouring.

G.2 Residual Failure Modes of HDR

Although HDR substantially improves multi-step video reasoning, it can still fail when exact state
consistency must be preserved until the final frames. Figures[I0} [TT] and[T2]show three representative
residual failure modes. In maze navigation, HDR follows a plausible route but a wall disappears near
the end of the rollout, making the final maze state invalid. In Sokoban, the box trajectory largely
approaches the target, but a late wall-disappearance artifact breaks physical consistency. In water

20



631
632

633
634
635
636
637
638

pouring, the grouping process is mostly correct, yet one liquid color collapses into another, producing
a visually plausible but semantically invalid final arrangement.

These failures suggest that HDR’s remaining errors are less often complete planning failures and more
often late-stage state-consistency drift. The coarse hierarchy levels typically encode the intended
multi-step structure, and the finer levels refine this intent into nearly correct video states. The residual
errors appear near the end of rollout, where the model must preserve exact geometry, object identity,
or terminal constraints. This suggests that future improvements should focus on constraint-aware
refinement or lightweight verification during the final generation stage.
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Figure 10: Maze failure case of HDR. The model traces a plausible route and reaches the goal
corridor, but a wall disappears near the end of the rollout, producing an invalid maze state despite
otherwise correct multi-step planning.
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Figure 11: Sokoban failure case of HDR. The box trajectory is largely correct and approaches the
target, but a wall disappears near the end of the rollout, making the final scene physically inconsistent.
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Figure 12: Water-pouring failure case of HDR. The model nearly completes the tube grouping cor-
rectly, but orange liquid collapses into red, yielding a visually plausible yet invalid final arrangement.
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H Baselines and Implementation Details

Baselines. We compare HDR against three families of baselines. The first family consists of full-
attention methods, including bidirectional diffusion and VideoMAE [18]. These methods allow global
temporal interactions and therefore provide strong reasoning-oriented comparisons, but they require
dense sequence processing. For VideoMAE, we enable image-to-video generation by randomly
masking 90%-100% of tokens during training and masking all frames except the first frame at
inference. The second family consists of non-full-attention methods, including causal diffusion,
autoregressive generation, and VideoGPT [25]. These methods are more efficient and better aligned
with streaming generation, but they are more vulnerable to irreversible early mistakes. For a controlled
comparison, both the bidirectional diffusion baseline and the causal diffusion baseline are built
on Wan2.2-5B-TI2V [19]]. The bidirectional baseline follows the original full-attention inference
paradigm of the backbone. The causal baseline replaces full temporal attention with a causal attention
mask and is trained using the teacher-forcing strategy from Causal Forcing [33]]. This setup isolates
the effect of temporal attention and causal rollout while keeping the underlying generative backbone
comparable.

HDR implementation. Our implementation is also built on Wan2.2-5B-TI2V and augments the
backbone with the hierarchical latent tree described in Section 3. For the 125-frame setting used
in the main experiments, we employ six hierarchy levels in latent space with sizes 1, 2,4, 8, 16, 32
and the entropy-matched denoising schedule [5, 8,13, 20, 32, 50]. Unless otherwise stated, this is the
default setting for HDR. We provide the derivation and ablation of this entropy-matched schedule in
Appendix [B] For training, we use a mixed reasoning dataset containing 18,000 video clips in total,
consisting of 3,000 synthetic videos for each of the six tasks. All videos are resized to 224 x 224.
We train from raw videos rather than precomputed latents: videos are decoded online and encoded
by the Wan2.2 TI2V VAE during training. We condition on the first frame and allow this condition
to be visible to all hierarchy levels. The model is initialized from a pretrained Wan2.2-5B-TI2V
checkpoint and optimized with the flow-matching objective for 100,000 training steps. We use
AdamW with learning rate 2 x 1075, betas (0, 0.999), weight decay 0.01, bfloat16 mixed-precision
training, gradient checkpointing, and hybrid full-sharding FSDP. The per-device batch size is 1 and
the total batch size is 8. During inference, we use classifier-free guidance with scale 3.0. Each main
training run uses 8 GPUs and takes approximately 48 hours. All baselines are trained and evaluated
under the same configuration for fair comparison.

I Existing Assets and Licenses

We use several existing research assets in this work, including Wan2.2-5B-TI2V as the video
generation backbone, VideoMAE and VideoGPT as video modeling baselines, and CausalForcing
as the streaming autoregressive diffusion baseline. We cite the original papers and repositories for
all existing models and methods used in our experiments. Wan2.2-5B-TI2V is released under the
Apache-2.0 license. We use all existing assets only for research, training, and evaluation purposes,
and follow their corresponding license terms and usage restrictions. We do not redistribute third-party
model checkpoints or code beyond what is permitted by their licenses. The supplementary material
includes code adapted for our experiments together with attribution to the original projects and license
files where applicable.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes].

Justification: The abstract and introduction state the central claims: HDR improves multi-
step video reasoning while preserving low-latency streaming generation. These claims
are supported by the main benchmark results, inference-speed comparison, data-efficiency
experiments, and physical-world robot maze experiment reported in the paper.

Guidelines:

e The answer [N/A ] means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes].

Justification: The paper discusses residual failure modes in the appendix, including late-stage
state-consistency drift and near-solved but invalid trajectories. The physical-world robot
experiment is also framed as a limited transfer evaluation rather than a complete deployment
study.

Guidelines:

* The answer [N/A] means that the paper has no limitation while the answer means
that the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate “Limitations” section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs.

 The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [N/A].

Justification: The paper does not present formal theoretical theorems or proofs. It includes
algorithmic formulations, flow-matching objectives, attention-mask definitions, and temporal
attention complexity analysis, but these are methodological descriptions rather than formal
theoretical claims.

Guidelines:

» The answer [N/A] means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.
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730  The proofs can either appear in the main paper or the supplemental material.

731 4. Experimental result reproducibility

732 Question: Does the paper fully disclose all the information needed to reproduce the main ex-
733 perimental results of the paper to the extent that it affects the main claims and/or conclusions
734 of the paper?

735 Answer: [Yes].

736 Justification: The paper describes the benchmark tasks, evaluation metrics, baseline construc-
737 tion, model backbone, hierarchy levels, denoising schedule, training dataset size, optimizer,
738 training steps, and inference settings. Additional benchmark construction, task-specific
739 evaluation criteria, and implementation details are provided in the appendix.

740 Guidelines:

741 * The answer [N/A] means that the paper does not include experiments.

742 « If the paper includes experiments, a answer to this question will not be perceived
743 well by the reviewers.

744 * If the contribution is a dataset and/or model, the authors should describe the steps taken
745 to make their results reproducible or verifiable.

746 * Reproducibility can be provided through code, data, model checkpoints, detailed
747 instructions, or hosted access.

748 5. Open access to data and code

749 Question: Does the paper provide open access to the data and code, with sufficient instruc-
750 tions to faithfully reproduce the main experimental results, as described in supplemental
751 material?

752 Answer: [Yes].

753 Justification: We provide training and inference code, as well as dataset generation and
754 evaluation code, in the supplementary material. These materials include the necessary
755 components to reproduce the main experimental results and benchmark evaluations.

756 Guidelines:

757 * The answer [N/A] means that paper does not include experiments requiring code.

758 * While release of code and data is encouraged, is acceptable if justified.

759 * The instructions should contain the exact command and environment needed to repro-
760 duce the results if code is released.

761 * The authors should provide instructions on data access and preparation.

762 6. Experimental setting/details

763 Question: Does the paper specify all the training and test details necessary to understand the
764 results?

765 Answer: [Yes].

766 Justification: The paper specifies the task split, number of evaluation videos, success and
767 average-progress metrics, model backbone, hierarchy levels, denoising schedule, optimizer,
768 learning rate, batch size, training steps, precision, FSDP configuration, and inference
769 guidance scale. Full baseline and benchmark details are deferred to the appendix.

770 Guidelines:

77 * The answer [N/A] means that the paper does not include experiments.

772 * The experimental setting should be presented in the core paper to a level of detail
773 necessary to appreciate the results.

774 * Full details can be provided either with code, in appendix, or as supplemental material.
775 7. Experiment statistical significance

776 Question: Does the paper report error bars suitably and correctly defined or other appropriate
777 information about the statistical significance of the experiments?

778 Answer: [Yes].
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10.

Justification: The main tables report mean + standard deviation for success and average
progress, and the ablation figures show shaded bands denoting one standard deviation.
These quantify variability across repeated runs or evaluation conditions used for the reported
experiments.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The authors should answer [ Yes] if the results are accompanied by error bars, confidence
intervals, or statistical significance tests.

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* If error bars are reported, the paper should explain how they were calculated.

. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources needed to reproduce the experiments?

Answer: [Yes].

Justification: The paper reports the main training configuration, including mixed precision,
gradient checkpointing, FSDP, per-device batch size, total batch size, and training duration.
Each main training run uses 8 GPUs and takes approximately 48 hours.

Guidelines:

» The answer [N/A] means that the paper does not include experiments.

* The paper should indicate CPU/GPU type, memory, storage, execution time, and total
compute.

* The paper should disclose whether the full research project required more compute
than the reported experiments.

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics?

Answer: [Yes].

Justification: The work studies synthetic multi-step video reasoning and a controlled
physical-world robot maze setup. We do not use human-subject data, personally iden-
tifiable information, or sensitive attributes, and the robot experiments are conducted in a
constrained tabletop environment.

Guidelines:
* The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.
e If the authors answer , they should explain the special circumstances requiring

deviation from the Code of Ethics.
* The authors should make sure to preserve anonymity.
Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A].

Justification: This work focuses on synthetic multi-step video reasoning benchmarks and
a controlled tabletop robot maze experiment. We do not study deployment in open-world
settings or applications involving users, sensitive data, or high-stakes decisions; there-
fore, we regard broader societal impact discussion as not applicable beyond the standard
considerations for generative video modeling.

Guidelines:

» The answer [N/A] means that there is no societal impact of the work performed.
e If the authors answer [N/A] or , they should explain why.
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12.

13.

14.

¢ The authors should consider harms from correct use, incorrect use, and misuse.
* If there are negative societal impacts, authors can discuss mitigation strategies.

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse?

Answer: [N/A].

Justification: The paper does not currently release a general-purpose pretrained video
generator or web-scraped dataset. The benchmark data are synthetic reasoning tasks and
controlled robot maze videos; if models, data, or code are released later, we will include
appropriate usage terms and safeguards.

Guidelines:
e The answer [N/A] means that the paper poses no such risks.
* Released models with high misuse risk should be released with necessary safeguards.
* Datasets scraped from the Internet could pose safety risks.

Licenses for existing assets

Question: Are the creators or original owners of assets used in the paper properly credited
and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes].

Justification: We cite the original papers and repositories for all existing assets used in the
paper, including Wan2.2-5B-TI2V, VideoMAE, VideoGPT, and CausalForcing. Appendix|l]
summarizes their usage and license information, and we follow the corresponding license
terms and usage restrictions.

Guidelines:
* The answer [N/A] means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.
* The name of the license should be included for each asset.
* For scraped data, copyright and terms of service should be provided.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes].

Justification: The paper introduces a new level-stratified multi-step video reasoning bench-
mark with OOD cases. The appendix documents task generation, difficulty levels, success
criteria, and average-progress metrics for each task.

Guidelines:

* The answer [N/A] means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates.

* Documentation should include intended use, limitations, licensing, and maintenance
plan when assets are released.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation and IRB approval?

Answer: [N/A].

Justification: The paper does not involve crowdsourcing or human-subject experiments.
The benchmark videos are synthetic or collected from controlled robot maze experiments
without human participants.

Guidelines:
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878 * The answer [N/A] means that the paper does not involve crowdsourcing nor research
879 with human subjects.

880 ¢ If human subjects are involved, the paper should include instructions, consent, compen-
881 sation, and IRB details.

882 15. Institutional review board (IRB) approvals or equivalent for research with human
883 subjects

884 Question: Does the paper describe potential risks incurred by study participants, whether
885 such risks were disclosed to the subjects, and whether Institutional Review Board approval
886 was obtained?

887 Answer: [N/A].

888 Justification: The paper does not involve human-subject research or participant data. There-
889 fore, IRB approval for human-subject experiments is not applicable.

890 Guidelines:

891 * The answer [N/A] means that the paper does not involve human subjects.

892 * Depending on local regulation, human-subject research may require IRB approval or
893 exemption.
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