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Figure 1: Jenga generates high-quality videos with an efficient DiT inference pipeline. (a):
Extremely sparse attention can preserve details in generated videos. (b): We minimize token
interactions via dynamic sparse attention with a progressive resolution design. We present videos
generated by Jenga (sub-sampled 48 frames) among different models, marked with the DiT latency
and relative speedup rate. Please use Adobe Acrobat Reader for a live video visualization.

Abstract
Despite the remarkable generation quality of video Diffusion Transformer (DiT)
models, their practical deployment is severely hindered by extensive computational
requirements. This inefficiency stems from two key challenges: the quadratic
complexity of self-attention with respect to token length and the multi-step nature
of diffusion models. To address these limitations, we present Jenga, a novel infer-
ence pipeline that combines dynamic attention carving with progressive resolution
generation. Our approach leverages two key insights: (1) early denoising steps do
not require high-resolution latents, and (2) later steps do not require dense atten-
tion. Jenga introduces a block-wise attention mechanism that dynamically selects
relevant token interactions using 3D space-filling curves, alongside a progressive
resolution strategy that gradually increases latent resolution during generation.
Experimental results demonstrate that Jenga achieves substantial speedups across
multiple state-of-the-art video diffusion models while maintaining comparable
generation quality (8.83× speedup with 0.01% performance drop on VBench). As
a plug-and-play solution, Jenga enables practical, high-quality video generation on
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modern hardware by reducing inference time from minutes to seconds—without
requiring model retraining.

1 Introduction

The advancement of Latent Diffusion Models [1, 2, 3, 4, 5, 6, 7] has signi�cantly propelled the
development of image and video generation. Recently, Diffusion Transformers (DiT) [8, 9, 10,
11, 12, 13, 14, 15, 16] have emerged as the predominant architecture for foundation models due to
their inherent scalability and superior generative capabilities. As high-resolution video generation
techniques continue to advance and DiT-based models scale to unprecedented sizes, the computational
ef�ciency of generating high-quality content has become critically important. For example, generating
a mere 5-second 720P video using HunyuanVideo [12] on a single NVIDIA H800 GPU requires
approximately 27 minutes, severely limiting its practical applications in real-world scenarios.

This challenge stems from two orthogonal factors: (1) Self-Attention versus massive token length
N . The continuously increasing token length for high-resolution generation causes a computational
bottleneck due to theO(N 2) computational complexity of self-attention in Transformers. Even with
ef�cient attention mechanisms [17], self-attention in HunyuanVideo [12] still consumes 77.8% of
the total processing time. (2) The multi-step nature of Diffusion models. The denoising process
requires forwarding through the DiT architectureT times, introducingT-fold computational overhead
compared to non-diffusion models [18, 19] of similar speci�cations.

To address these challenges, various approaches have been explored. One branch focuses on
operator-based acceleration, particularly attention optimization, to eliminate computational bot-
tlenecks. STA [20], CLEAR [21], and SVG [22] prede�ne head-aware attention sparsity patterns
in temporal or spatial dimensions. However, these approaches inadequately account for dynamic
variations in attention patterns across inputs and achieve only modest speedup ratios (1.5–2� ), insuf-
�cient for practical deployment. Orthogonal approaches optimize the diffusion generation pipeline
through distillation [23, 24, 25, 26], quantization [27, 28, 29], or feature reuse [30, 31, 32]. However,
distillation incurs signi�cant training costs while often degrading output quality. Similarly, feature
reusing and quantization methods also face limitations in achieving adequate acceleration ratios
necessary for practical applications.

Based on the two orthogonal factors identi�ed, we proposeJenga, a progressive, fully sparse
inference pipeline with a dynamic, generalizable Attention Carving kernel. Studies have shown that
the diffusion denoising process progresses from low to high-frequency generation [33, 34], where
earlier steps establish content structures while later steps re�ne details. The core idea of Jenga is:
Early denoising steps do not require high-resolution latents, while later steps do not require
dense full attention. Once video content is established, the inherent redundancy in video latents
means that not every token must participate in attention computations; at high resolutions, attention is
inherently sparse, and �ne details can be generated without full attention. Accordingly, Jenga designs
a device-friendly Attention Carving kernel that decomposes latents into contiguous latent blocks
using space-�lling curves, and employs block-wise attention to selectively compute key-value pairs,
creating an ef�cient attention mechanism. As illustrated in Fig. 1 (a), video details can be preserved
even when we only keep 1% key-value blocks using Attention Carving.

Generating content layouts does not require huge latent inputs, so we introduce a multi-stage Pro-
gressive Resolution (ProRes) strategy that generates video through phased resizing and denoising
of latents, effectively reducing the token interactions. Under this strategy, we face the challenge
of generating resolution-dependent variations in the �eld of view that affect content richness. For
example, low-resolution generation focuses on zoomed-in details rather than global scenes. To coun-
teract this, we introduce a text-attention ampli�er that reduces local neighborhood focus, enhancing
condition information utilization, and producing more content-informative results, which are similar
to generating content directly using high-resolution.

As illustrated in Fig. 1(b), Jenga is a combination of two complementary techniques: ProRes handles
robust content generation with lower resolutions, while Attention Carving processes sparse attention,
reducing token interactions. Like optimally arranged real-world Jenga blocks, these techniques deliver
ef�cient, high-quality video generation with high block sparsity. Empowered by Jenga, we achieve
impressive results across multiple state-of-the-art DiT-based video diffusion models. For instance,
we obtain 4.68–8.83� speedup on HunyuanT2V [12] while maintaining comparable performance
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on VBench [35]. Similarly, we demonstrate signi�cant acceleration on HunyuanVideo-I2V (4.43� ),
the distilled model AccVideo [25] (2.12� ), and Wan2.1 1.3B [13] (4.79� ). Further, when deployed
on an 8� H800 GPU computing node, Jenga reduces the DiT inference time to 39 seconds for
HunyuanVideo and 12 seconds for AccVideo.

Our contributions are threefold: (1) we propose a novel dynamic block-wise attention carving
approach that enables high-ef�ciency sparse attention computation for video generation; (2) we
introduce Progressive Resolution, which decouples the content generation and detail re�nement stages,
reducing token interactions and achieving further acceleration; and (3) as a plug-and-play inference
pipeline, Jenga achieves unprecedented speedup across various modern video DiT architectures.

2 Related Works

Ef�cient attention design in Transformers represents a critical research direction focused on
mitigating computational demands arising from the quadraticO(N 2) complexity relative to the
token sequence lengthN . In Language Models, ef�cient attention methods like MInference [36],
HIP [37, 38], MoBA [39], and NSA [40, 41, 42, 43] adopt partial or hierarchical key-value selections
for ef�cient long-context understanding. To process dense vision features, ef�cient attention designs
are also adopted in ViT and Diffusion Models, including linear attention [44, 45] and cascade
attentions [46]. All these approaches aim to reduce the number of tokens actively participating in
attention computations, thereby achieving acceleration and decreasing memory requirements.

Ef�cient video generation has garnered substantial research interest concurrent with the rapid
evolution of video Diffusion Transformers (DiTs) [8, 11, 12, 47, 13]. Early acceleration techniques
focused on reducing sampling steps, primarily through step distillation methodologies [25, 26] or
training-free approaches that leverage step-wise feature reuse, such as TeaCache [31] and RAS [32,
48]. Bottleneck Sampling [49] employs a variable resolution strategy across different sampling
stages, thereby utilizing fewer tokens during intermediate computational phases. Complementary to
step reduction strategies, various ef�cient attention mechanisms for DiTs have emerged, including
CLEAR [21], STA [20], and SVG [22], which operate on the fundamental assumption of localized
attention distribution patterns. While this localization assumption preserves consistent attention
structures, it inherently constrains the model's capacity for long-range feature aggregation. Recent
advancements in block-wise attention architectures, such as SpargeAttn [50, 27] and AdaSpa [51],
implement selective processing based on block-level mean values, achieving approximately two-fold
acceleration in video generation pipelines. Nevertheless, their optimization potential remains limited
by rigid block partitioning structures and attention sparsity parameters that require further �netune.

3 Jenga: Token-Ef�cient Optimization for Video Diffusion Transformers

Latent Diffusion Models (LDMs) [1] learns to reverse a noise corruption process, transforming
random noise into clean latent-space samples. At time stept 2 f 0; : : : ; Tg, the model predicts latent
statex t conditioned onx t +1 : p� (x t jx t +1 ) = N (x t ; � � (x t +1 ; t); � 2

t I ), where� represents the model
parameters,� � denotes the predicted mean, and� t is the predetermined standard deviation schedule.
For Diffusion Transformers [8], during each timestept, the model processes noisy visual latent
tokensx t together with tokenized conditional embeddingsxc (e.g., text prompt), predicting the noise
component� added at that timestep. A scheduler [52] then guides the progressive denoising process
to compute the next denoised statex t � 1 = scheduler (x t ; �; t ), gradually yielding a fully denoised
video latentx0, which is then converted back to pixel space with a pre-trained VAE decoder.

The overview of our method is illustrated in Fig. 2. Jenga aims to minimize the computational
complexity by reducing the number of tokens processed in each operation within video DiTs [8].
This is achieved through two primary optimizations: (1) enhancing the ef�ciency of the self-attention
mechanism (Sec. 3.1) and (2) streamlining the inference pipeline (Sec. 3.2). In video DiT, we typically
processNv = numel( zv ) = thw visual tokens, wheret , h, andw represent the temporal length,
height, and width of the video latentzv in the latent space, after the visual patch embedding layer,
zv = patchemb(xv ).

3.1 Block-Wise Attention Carving

As observed in [20, 50], the proportion of time spent on self-attention operations within transformer
forward passes becomes increasingly dominant as the number of tokens grows. The 3D full-attention
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Figure 2:Overview of Jenga.The left partillustrates the attention carving. A 3D video latent is
partitioned into local blocks before being passed to the Transformer layers. A block-wise attention is
processed to get a head-aware sparse block-selection masks. In each selected block, dense parallel
attention is performed.The right partillustrates the Progressive Resolution strategy. The number of
tokens and timesteps is compressed to ensure an ef�cient generation.

Figure 3:Attention Carving (AttenCarve). Here we illustrate a toy example of a4 � 4 � 4 latent,
wherem = 8 latent items form a block.Left: The latent 3D re-ordering and block partition via space
�lling curves (SFC).Right: After the block-wise attention in Eq. (3), we can construct the Importance
Mask, combined with the pre-computed Condition Mask and Adjacency Mask, a block-wise dense
attention mask is passed to the customized kernel for device-ef�cient attention.

mechanism in video transformers can be represented in its most fundamental form as:

Attention(Qi ; K i ; Vi ) = softmax
�

Qi K i
| =

p
dk

�
Vi , (1)

whereQi ; K i ; Vi 2 RN � dk represent the query, key, and value features for the attention headi ,
respectively. We de�ned as the embedding dimension, andh as the number of attention heads with
dk = d=h. N = Nv + Nc denotes the total number of tokens, comprisingNv vision tokens andNc
condition tokens. In the context of video diffusion models, this attention operation incurs signi�cant
computational overhead due to its quadratic complexityO(N 2) concerning the token count across
spatial and temporal dimensions.

Due to the inherent redundancy in video latents, a direct approach to improve ef�ciency is to reduce
the number of key-value pairs each query attends to. We adopt a block-wise coarse key-value selection
method, as shown in Fig. 3. FlashAttention [53, 17] and other GPU-optimized approaches [50, 20]
uniformly divideQ andKV into M blocks withm = N=M tokens each, corresponding tom parallel
threads in the attention computation, to compute exact attention results across allM 2 blocks through
parallel processing. For simplicity, we assumeNv andNc are padded lengths divisible bym. Our
objective is therefore to reduce KV pairs at the block level. First, to obtain tokens with higher internal
similarity within 3D blocks, we reorder the 1D vision tokenszthw (�attened alongthw dimensions)
into a block-wise orderzblk before subsequent partitioning. The reordering and its inverse process are
represented by:

zblk = G(zthw) , zthw = G� 1(zblk), (2)

whereG(�) represents an index permutation function implemented via the Generalized Hilbert re-
ordering [54, 55, 56], a toy example of which is illustrated in the left part of Fig. 3. Compared
with vanilla linearhwt ordering, this space-�lling curve (SFC) ordering ensures that tokens in 1D
proximity within zblk effectively preserve their 3D neighborhood relationships from the original space.
Thus, this approach enables uniform partitioning directly in the �attened dimension when computing
attention operations.
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Figure 4:Progressive Resolusion (ProRes).Left: A brief illustration of stage switch and timestep
skip. Before the rescale in stages, we revert the latent to a clean statex̂s

0, then re-noise on the
upsampled clean latent.Right & Bottom:We add a bias on the video-text attention score, to enable a
scalable Field of View (FOV) in low-resolution content generation.

For KV-block selection, we build a one-hot block-wise 2D maskB 2 RM � M for each attention head
to represent the selection result of the block-sparse attention. It is a union of three masks, as shown in
the right part of Fig. 3: (1) Importance MaskB top. For importance-based block attention selection,
inspired by MoBA [39] from large language models, we employ block-wise mean values to compute
an attention probability map that roughly identi�es which block pairs require attention computation.
Speci�cally, for the reordered inputs, we express the relevance between blocksR using:

R = softmax (Q̂K̂ | =
p

dk ), (3)

where(̂�) is a mean-pooling operator for each block of sizem. Then for thei -th query block,
we set a ratek, and keep the topkM key-value blocks inR . Meanwhile, for each query block,
we set a constraint to ful�ll the cutoff approximate accumulated probability. This means after all
kM blocks are selection, we still need to select blocks for some block-head combination with top
probabilities, until the accumulated probability meets a cutoff softmax probability thresholdp, de�ned
by

P
j 2 B top[i ]R [i ][j ] > p . This constraint is set to avoid global context lost, especially for some

attention heads to aggregate global information.

(2) Condition Mask.B cond = f i > N v =m _ j > N v =mg, wherei; j are mask indices in query-
key block dimensions. This means all condition-related attentions should be fully computed. (3)
Adjacency Mask.B adja = f adja (i; j )g, which represents whetheri -th andj -th blocks are adjacent
in the 3Dthw space. The adjacency mask is bene�cial in �xing border artifacts between spatially
adjacent blocks. In Jenga,B cond andB adja are pre-computed, and only determined by the resolution
and the partition functionG. The �nal selection array is de�ned as the union of three one-hot masks,
B = B top [ B cond [ B adja.

For the block-wise attention, we skip the computation of indices thatB [i ][j ] = 0 , hence achieve an
attention complexityO(N 0N ), in whichN 0 = m

P
B =M is the average number of selected tokens.

3.2 Progressive Resolution

Block-wise Attention Carving signi�cantly reduces the latency of each DiT forward pass, but since
diffusion sampling is an iterative process, compressing the number of tokens at the diffusion pipeline
level is also crucial for accelerating generation. Leveraging the coarse-to-�ne nature of diffusion
denoising [33, 57], we decompose the generation inference process ofT timesteps intoS stages,
starting from a low resolutionR1 = f t ; h1; w1; r ; dg and progressively increasing the resolution at
each stage until reaching the �nal target resolutionRS = f t ; h; w ; r ; dg, wherer represents the latent
patch size andd is the channel dimension. The stage switch is illustrated in the left part of Fig. 4. At
the end of each intermediate stages at timestept, we predict the clean latent atx̂s

0 2 RR s and resize
it to a higher resolutionRs+1 , then re-noised following an approach similar to [49]. The progressive
resolution process between stages is de�ned as:

x t � 1 = (1 � � t ) � U (x̂s
0) + � t ~� , wherex̂s

0 = x t � � t � t , ~� � N (0; I ) . (4)
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HereU(�) is a latent upsample function in 3D space, for which we employ area interpolation.� t is
the prediction at timestept, and� t is the time-dependent standard deviation in the scheduler [52].
By reducing resolution, the earlier stages involve signi�cantly fewer tokens in inference, while the
denoising at higher resolutions ensures the generated videos maintain high-quality details.

Text-Attention Ampli�er. Unlike bottleneck-style sampling [49], ProRes determines video content
and structure during the low-resolution stage, without preserving the original resolution in the initial
stage. While Video DiT generates coherent low-resolution videos, we observe that the Field of View
(FOV) degrades with decreasing resolution, effectively transforming ProRes into a super-resolution
process on videos with a constrained FOV. We illustrate this phenomenon in Fig. 4, which occurs
because tokens at lower resolutions disproportionately attend to their spatial neighborhoods.

To maintain a stable FOV across resolutions, we introduce a text-attention ampli�er with a resolution-
dependent bias� that "hypnotizes" the model in the �rst low-resolution stage by enhancing text-
attention weights, thereby reducing the focus on spatial neighborhoods. This concept is illustrated
in Figs. 2 and 4. Speci�cally, when processing a vision query blockqv and a condition key block
kc in attention, the biased vision-condition attention score is calculated as:qv k|

c + � where� =
� � log(numel(Rs)=numel(RS )) is computed based on the token count ratio between the current
stage resolutionRs and the target resolutionRS , with � serving as a balancing factor.

Case-Agnostic Timestep Skip. Timestep reduction is one of the most common optimization
directions in ef�cient diffusion pipelines. Methods like TeaCache [31, 32] approximate outputs by
caching input features to dynamically determine which steps can be skipped. However, in practical
implementation, we observe that TeaCache's skip mechanism is effectively a static timestep scheduler,
rather than a truly case-wise dynamic step skipping approach. Therefore, we employ a �xed timestep
skip setting (23 steps, same as TeaCache-fast) that samples more densely at the beginning and end
while sampling sparsely in the middle, eliminating the additional computation overhead of TeaCache.

4 Experiments

4.1 Implementation Details.

Settings.Our experiments are primarily conducted on the HunyuanVideo [12] architecture with a
50-step con�guration. All generated HunyuanVideo videos maintain a resolution of125� 720� 1280,
corresponding to a patchi�ed video latent size oft � h � w = 32 � 45� 80, approximately 115K
tokens. Unless speci�ed, all experiments are performed on one NVIDIA H800 GPU.

For Attention Carving block partitioning, we employ Generalized Hilbert [54] asG(�) with a block
size of m = 128. We implement the Attention Carving kernel using Triton [58] and adopt a
progressive top-K selection strategy when computing the importance mask:k = 0 :3 at stage 1, and
k = 0 :2 for subsequent stages. The probability threshold is set top = 0 :3. When calculating the
adjacency maskB adja, it incorporates a 26-neighborhood in 3D latent space. For ProRes stages,
we provide two basic con�gurations—Base and Turbo—corresponding to implementations using
1 (straight 720P) and 2 stages (starting with 540P, 50% steps each stage). We also introduce a 2-stage
Jenga-Flash setting, which applies smallerk values in both stages to further enhance ef�ciency. The
balancing factor of the text-attention ampli�er is set to� = 0 :5. After timestep skipping, 23 of the
original 50 timesteps are retained, while additional steps will be added after the stage-switch process.
We adopt TeaCache-style [31] latent reuse, where features are reused before the image unpatchify
layers. Comprehensive details are provided in Appendix B.1.

Multi-GPU Adaptation. Our method seamlessly integrates into multi-GPU parallel processing
con�gurations. We have implemented adaptations based on xDiT [59, 60] within our approach using
the HunyuanVideo [12] framework. This enables parallel processing of attention operations across
the head dimension, while all operations except patchi�cation are parallelized across multiple GPUs
along the token dimension. Utilizing an 8-GPU parallel con�guration, Jenga-Flash achieves a further
6.28� speedup (245s! 35s) with identical computational operations, which is also 5.8� faster
than the of�cial 8-GPU implementation in HunyuanVideo [12]. Detailed latency results are shown
in Tab. 2b. We provide speci�cations of this implementation in Appendix B.2.

Distilled Model & Image-to-Video. Jenga demonstrates considerable generalizability across diffu-
sion model architectures. It not only achieves substantial acceleration ratios in Text-to-Video (T2V)
models [12, 13], but our adaptive attention carving technique can also be effectively implemented in
models re�ned through step-distillation [25, 26] with a 3.16� speedup. Furthermore, when applied
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Figure 5: Qualitative comparisons. (a): Jenga maintains strong semantic performance while
producing high-quality videos.(b): Examples across multiple Jenga settings, we also demonstrate
how the text-ampli�er stabilizes Field of View (FOV) across different initial resolutions.

to Image-to-Video (I2V) models [12], our approach achieves 4.43� speed improvement in I2V
generation [12] tasks even without employing ProRes. Detailed results are shown in Tab. 2.

Evaluation and Metrics. For speed assessment, we report the diffusion time consumed—speci�cally
the DiT forward pass time—as the VAE decoding component remains constant across all con-
�gurations. We also report FLOPs and step-wise FLOPs to provide an intuitive comparison of
computational complexity. For qualitative evaluation, we employ the widely adopted CLIP-based
metric CLIPScore [61] to measure text-video alignment, and utilize the comprehensive benchmark
suites VBench [35] and VBench-I2V [62] with their original full-set prompts. We evaluate each
prompt with a �xed random seed to ensure both evaluation consistency and statistical reliability.
Additionally, we conducted a user study to assess human preference rates between Jenga and various
ef�cient generation baselines, including a direct comparison with vanilla inference.

4.2 Comparisons

Attention Ef�ciency. We benchmarked our Attention Carving (AttenCarve) approach against state-
of-the-art training-free attention optimization methods, speci�cally MInference [36], CLEAR [21],
and SVG [22], as shown in Tab. 1. From a theoretical perspective, CLEAR (3D local window)
and SVG (spatial-temporal windows) can be viewed as specialized instances of our more general
Jenga framework. To establish a robust block-selection baseline, we adapted MInference [36] for
video generation by removing causal masks and modifying selection optimizations. Jenga's dynamic
block selection mechanism more effectively identi�es crucial key-value pairs in video content while
preserving important local information aggregation. Consequently, AttenCarve achieves superior
acceleration ratios (2.17� ) with reduced computational requirements while maintaining higher
generation quality, particularly in terms of semantic adherence, compared to existing approaches.

Sampling Ef�ciency. We further compared our Progressive Resolution (ProRes) approach with
TeaCache [31] in Tab. 1. We observe that ProRes and timestep skipping represent orthogonal solutions
that address different aspects of ef�cient sampling. By incorporating ProRes, we achieve a signi�cant
reduction in step-wise FLOPs while maintaining high-quality video outputs. Qualitative evaluations
con�rm that our Progressive Resolution strategy effectively preserves generated video quality while
substantially improving computational ef�ciency (3.28� speedup).
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Table 1:Evaluation results on HunyuanVideo [12]. We report evaluations of the baseline (row 1),
attention optimization methods (row 2-4), pipeline optimization methods (row 5-8), and the combined
results of Jenga (row 9-11). Here VBench-Q and VBench-S stand for Quality and Semantic metrics
in VBench [35].Bestand the second bestscores are highlighted.

Computation Loads Quality Evaluation [35, 61] Latency & Speed

Methods NFE PFLOPs# PFLOPs / step# VBench" VBench-Q" VBench-S" CLIP-score" DiT time# Speedup"

HunyuanVideo [12] 50 534.44 10.68 82.74% 85.21% 72.84% 30.67 1625s 1.00�

CLEAR (r=32) [21] 50 479.97 9.60 82.68% 86.06% 69.17% 30.43 1848s 0.89�
MInference [36]non-causal 50 187.79 3.76 83.36% 85.41% 75.16% 30.73 815s 1.99�
SVG [22] 50 243.36 4.86 83.11% 85.87% 72.07% 30.63 988s 1.64�
AttenCarve 50 163.04 3.26 83.42% 85.31% 75.85% 30.60 748s 2.17�

TeaCache-slow [31] 31 331.35 10.68 82.53% 85.64% 70.09% 30.42 967s 1.68�
TeaCache-fast [31] 23 245.84 10.68 82.39% 85.51% 69.91% 30.39 703s 2.31�
ProRes 50 353.21 7.06 82.85% 86.20% 69.43% 30.03 1075s 1.51�
ProRes-timeskip 24 162.29 6.76 82.57% 85.78% 69.73% 30.13 495s 3.28�

AttenCarve + ProRes 50 - - 84.65% 76.98% 83.12% 30.25 485s 3.35�
Jenga-Base 23 75.49 3.28 83.34% 85.19% 75.92% 30.59 347s 4.68�
Jenga-Turbo 24 47.77 1.99 83.07% 84.47% 77.48% 30.78 225s 7.22�
Jenga-Flash 24 32.97 1.37 82.73% 84.01% 77.58% 30.77 184s 8.83�

Table 2:Model adaptation & parallel computing. All latencies are DiT forward time. We evaluate
VBench [35] on T2V models and VBench-I2V [62] for I2V models.

(a) Jenga on HunyuanVideo-I2V [12] (row 1-4) and
Wan2.1 [13] (row 5-7), while we report a timestep
skip result as the ef�ciency baseline.

Methods NFE VBench latency speedup
HunyuanI2V [12] 50 87.49% 1499s 1.00�
+ TimeSkip 23 87.67% 720s 2.08�
+ Jenga 23 87.75% 338s 4.43�

Wan2.1-1.3B [13] 50 83.28% 115s 1.00�
+ TeaCache-fast [31] 15 82.63% 34s 3.48�
+ Jenga 15 82.52% 17s 6.52�

(b) Jenga on distilled model [25] (row 1-4) andmulti-
GPU inference(row 5-7). For multi-GPU, benchmark
results are the same as Jenga-Flash in Tab. 1.

Methods # GPU VBench CLIP latency speedup
AccVideo [25] 1 83.82% 31.23 161s 1.00�
+ Jenga 1 83.29% 31.12 51s 3.16�
+ Jenga-8GPU 8 83.29% 31.12 7s 23.00�

# GPUspeed-up rate 1 8.8� 2 7.9� 4 7.0� 8 5.8� VBench
HunyuanVideo [12] 1625s 844s 440s 225s 82.74%
+ Jenga-Flash 184s 107s 63s 39s 82.73%

Figure 6:User study.We report pair-wise preference rates for visual, semantic, and overall quality.

Qualitative Evaluation. By orthogonally combining AttenCarve and ProRes with different stage
con�gurations, we developed three variants of Jenga: Jenga-Base (1-stage), Jenga-Turbo (2-stage),
and Jenga-Flash (2-stage, higher sparsity). These variants effectively balance generation quality
and speed, achieving 4.68–8.82� acceleration while maintaining high-quality outputs. Notably,
both Jenga-Base and Jenga-Turbo surpass the baseline on VBench [35] metrics, with particularly
signi�cant improvements in the semantic score (72.84%! 77.48%). This demonstrates that our
approach not only accelerates inference but can also enhance the semantic coherence of generated
videos. It is worth highlighting that when combining AttenCarve with timestep skipping alone
(Jenga-Base), our quality metrics were not negatively affected. Jenga's focus on key information
selection improves semantic performance. We provide visualization cases in Fig. 5. Meanwhile,
our static case-agnostic timestep skip schedule performs similar behaviour to the TeaCache in both
HunyuanVideo and HunyuanVideo-I2V [12]. Results are reported in Tabs. 1 and 2a.

User Study.We conducted a user study employing the standard win-rate methodology to evaluate our
approach. Questionnaires were constructed, each containing 12 randomly selected videos generated
using Sora prompts [63]. The videos were presented in randomized order, and participants were
asked to evaluate them along three dimensions: visual, semantic, and overall quality. We collected a
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Table 3:Ablation Studies. All latencies are DiT forward time.

(a)Cutoff probability and multi-stage selection rates.
We report VBench / latency results. The second col-
umn and the head row represent drop rates in the �rst
and second stages, respectively.

p select ratesk 0.3 0.2 0.1
0.4 82.70% / 283s 82.59% / 242s 82.35% / 216s

0.5 0.3 82.98% / 266s 82.75% / 232s 82.43% / 204s
0.2 83.07% / 253s 82.89% / 222s 82.60% / 198s

0.4 82.90% / 277s 82.61% / 237s 82.61% / 205s
0.3 0.3 82.87% / 262s83.07%/ 225s 82.96% / 195s

0.2 82.88% / 252s 82.85% / 214 s 82.73% / 184s

0.4 82.60% / 260s 82.47% / 237s 82.42% / 205s
0.0 0.3 82.87% / 261s 82.85% / 227s 82.84% / 196s

0.2 83.01% / 248s 82.85% / 212s 82.67% /183s

(b) Block partition & block selection masks(left and right
are two separate tables, in row 1-3),stage numbers(row 4-
7), andtext ampli�er bias(row 8-10). VB-Q/S represents
VBench Quality and Semantic.

partition VBench latency selection VBench latency
hwt linear 82.82% 229s w/o B cond 81.82% 221s
SFC 83.07% 225s w/o B adja 82.42% 222s

stage number VBench VB-Q VB-S latency speed
1 (720P) 83.34% 85.19% 75.92% 347s 4.68�
2 (540-720P) 83.07% 84.47% 77.48% 225s 7.22�
3 (360-540-720P) 80.53% 81.66% 76.00% 157s 10.35�

bias factor� -0.5 0.0 0.5 1.0 1.5
VBench 82.06% 82.40% 83.07% 82.87% 82.80%
CLIP-score 30.32 30.60 30.78 30.94 31.05

(c) Ablation study on mask selection strategy.We
analyze the contribution of different mask components
to overall performance. The "No Mask" baseline uses
ProRes and timestep skip with full attention.

mask type B top B cond B adja VBench latency speed

No Mask (FA) Full Full Full 82.57% 495s 1.00�
TopK only Part 81.35% 220s 2.25�
TopK, SFC Part 81.41% 220s 2.25�
+ Prob. Constraint X 81.87% 223s 2.22�
w/o Adjacency X X 82.42% 222s 2.23�
w/o Condition X X 81.82% 221s 2.24�
w/o Importance X X 77.41% 140s 3.54�
All Mask X X X 83.07% 225s 2.20�

(d) Ablation studies on key hyperparameters. (Top):Pro-
gressive resolution design with varying low-res step ratios.
(Bottom):Cutoff probability threshold analysis.

Low-Res Step 10% 30% 50% 70% 90%

Traj-Timestep 987 947 883 767 437
VBench 82.36% 82.35% 83.07% 81.03% 78.74%
Latency 286s 253s 225s 207s 169s

Cutoff Probability 0.0 0.3 0.5 0.7 0.9

VBench 82.85% 83.07% 82.75% 82.18% 82.59%
Latency 227s 225s 232s 271s 330s
Effective Sparsity 80.3% 80.1% 78.5% 72.3% 57.5%

total of 70 completed feedback forms, with results presented in Fig. 6. The �ndings demonstrate that
our method is perceptually indistinguishable from multiple ef�cient generation baselines [22, 12, 31]
when subjected to human evaluation.

4.3 Ablation Study and Discussions

To rigorously validate the effectiveness of our proposed method, we conducted comprehensive
ablation studies on both Attention Carving and Progressive Resolution, with results in Tab. 3.

Attention Carving. As shown in Tab. 3a, we ablated selection ratesk and truncation probability
p. Our results demonstrate robust performance even with a smallerk (82.73% for 0.1-0.2 selection
rate). The �ndings reveal a gradual decline in both latency and generation quality as selection
rates increase in the second stage, whilek in the �rst stage has minimal impact on latency. The
probability constraint enhances global information gathering, as illustrated in Fig. 7, but a large cutoff
value (p = 0 :5) disrupts the selection balance among attention heads, leading to slight performance
degradation. Tab. 3b ablates latent-reorder and block selection strategies. Our experiments revealed
that conventional linear partitioning can introduce shift artifacts in videos. Furthermore, this scanning
approach disregards locality and consequently requires more blocks than space-�lling curve (SFC)
partitioning, resulting in marginally increased latency. Fig. 7 and Tab. 3b also validate the effectiveness
of incorporating the adjacency maskB adja and condition maskB cond, demonstrating their necessity.

For cutoff probability analysis in Tab. 3d, lower values (0.0-0.3) achieve higher effective sparsity
(80.3%-80.1%) by selecting the most important blocks, while higher values approach full attention
behavior. The effective sparsity signi�cantly exceeds theoretical selection rates, revealing the
inherently local nature of video attention patterns.

Mask Selection Strategy.Tab. 3c provides a comprehensive analysis of different mask components'
contributions to overall performance. The results demonstrate that while the importance maskB top
alone achieves signi�cant speedup (2.25� ), incorporating probability constraints and space-�lling
curve (SFC) ordering provides marginal improvements. The condition maskB cond and adjacency
maskB adja prove essential for maintaining generation quality, with their removal causing noticeable
performance degradation. Notably, removing the importance mask entirely leads to substantial quality
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Figure 7:Qualitative results for ablations. Left: Missing Adjacency MaskB adja causes grid effects
on block borders.Right: Cutoff probabilityp helps gain global contexts.

loss (77.41% vs. 83.07%), con�rming its critical role in preserving video generation �delity while
enabling ef�cient sparse attention.

Progressive Resolution.The ablation studies presented in Tab. 3b demonstrate the effectiveness
of our multi-stage approach. We found that a 2-stage con�guration maintains strong generation
quality, while increasing toS = 3 stages introduces some quality degradation due to latent alignment
challenges. Nevertheless, the 3-stage variant still delivers satisfactory quality while achieving a
10.35� speedup. Additionally, we evaluated the impact of various text-attention ampli�er scales on
generation quality. As shown in Tab. 3b, excessively high ampli�er values introduce more global
context and a shift in softmax distribution, resulting in some quality reduction. However, appropriately
scaled ampli�ers enhance content richness without compromising generation quality.

Resolution Scheduling.Tab. 3d reveals key insights about trajectory-guided resolution scheduling.
The denoising trajectory serves as guidance for optimal resolution scheduling, with the 50% low-
resolution step con�guration achieving the best balance between quality (83.07%) and ef�ciency
(225s). We observe dramatic quality degradation when low-resolution steps exceed 50%, while
too few low-resolution steps also reduce quality, validating that low-resolution content generation
requires higher attention density to establish proper structure.

Limitation Analysis & Future Works. While Jenga demonstrates compelling ef�ciency gains, some
limitations remain. Foremost is maintaining latent alignment during resolution transitions–direct
latent resizing offers computational advantages over pixel-domain operations (after VAE processes),
but occasionally produces boundary artifacts. We found that these artifacts can be mitigated using
detailed and comprehensive prompts. Our current implementation employs non-adaptive SFC block
partitioning without leveraging semantic context for token importance, presenting a clear improvement
opportunity. Future work could integrate learnable attention carving strategies during training rather
than applying them post-hoc, potentially yielding optimal token selection while preserving Jenga's
ef�ciency bene�ts. Detailed limitations are discussed in Appendix C.1.

5 Conclusion

In this paper, we introduce Jenga, a training-free inference pipeline that addresses computational
bottlenecks in DiT-based video generation by dynamically managing token interactions. Our approach
combines block-wise Attention Carving with Progressive Resolution, effectively decoupling content
generation from detail re�nement to signi�cantly reduce computational complexity while preserving
generation quality. Extensive experiments demonstrate substantial speedups up to 8.83� across
leading models, including text-to-video, image-to-video, and step distilled models. As a plug-and-play
solution requiring no model retraining, Jenga represents a signi�cant advancement toward making
high-quality video generation more practical and accessible for real-world applications.
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