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A. Technical Details

• Are there any tricks used in this method?
• An algorithmic implementation is provided to help

understand the full pipeline of Jenga
• Block partition details

It consists 4 parts.

B. Implementation Details

• A detailed parameter selection cross different settings
(HunyuanT2V, HunyuanI2V, Wan model series)…

• Detailed implementation forMulti-GPU adaptation
• Adaptation details for I2V models and distilled models.
• Details for user study.

C. Discussions and Analysis

• Limitation and alternative solutions.
• What is the attention patterns looks like in real cases?
• In-depth speed and computation analysis.
• How to push the limit of the speedup ratio?
• More examples and analysis about variant FOV.

D. More Results

• VBench result on full 16 dimensions.
• More visualizations.

Figure 8: Overview of the Supplementary. We hope all readers enjoy this work in detail. We sum-
marize common possible questions and important technical points here to arrange the supplementary.
We strongly recommend that all readers open the HTML/index.html file in your browser for video
result visualizations.

A Algorithmic Implementation321

For a more comprehensive understanding of the method component of Jenga, we provide pseudo-code322

algorithmic workflows in Algorithm 1 (Progressive Resolution), Algorithm 2 (Attention Carving323

pipeline), and Algorithm 3 (building block mask B).324

A.1 Details in Pipeline and ProRes325

In the Progressive Resolution algorithm, we highlight three key technical details that were not fully326

elaborated in the main text.327

• Frequency re-ordering. Prior to each attention layer, input latent patches undergo positional328

embedding operations such as RoPE [62], which typically establish frequency maps based on the329

standard thw ordering. Since we employ G to re-order the latents, we similarly apply fblk = G(f)330

to re-order the frequency components f across different dimensions, ensuring alignment with the331

latent ordering. As this operation is performed only once per stage, its computational overhead is332

negligible.333

• Ordering back before unpatchify. Since the block selection in AttenCarve occurs after patchi-334

fication, and both patchify and unpatchify operations need to be performed in the thw space,335
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Algorithm 1 Progressive Resolution Framework for Jenga Video Generation

Require: Text prompt c, stage number S, resolutions R1, . . . , RS , block size m, block selection rates
k1, . . . , kS , cutoff probability p, text-amplifier ρ, timestep lists T1, . . . , TS

Ensure: Diffusion model Mθ , flow-matching scheduler
1: Text tokens: xc = LM(c)
2: for s = 1 to S do
3: Initial noise ϵ̃ ∼ N (0, I) ∈ RRs , xT ← ϵ̃ if s = 1
4: Compute block reordering G,G−1 and adjacency masks Badja
5: Remap positional frequencies: fblk ← getFreq(Rs,G)
6: for t in Ts do
7: Reorder tokens: zt ← G(patchfiy(xt))
8: Apply sparse attention: zt ←Mθ(zt, xc, ks, ρ, fblk,Badja)

9: Restore order: ϵt ← unpatchfiy(G−1(zt))
10: Denoise step: xt−1 ← scheduler(xt, ϵ̃t, t)
11: end for
12: if s > 1 then
13: Predict clean latent: x̂s

0 ← xt − σtϵt
14: Resolution transition: xt−1 ← (1− σt)× U(x̂s

0) + σtϵ̃

15: Reset text amplifier: ρ← 0 for s > 1
16: Increase sampling shift: α← α+ 2
17: end if
18: end for
19: return Final prediction x0

Algorithm 2 Block-Sparse Attention with Con-
ditional Enhancement

Require: Query Q, Key K, Value V , top-k, block
size m, text blocks Mc, probability threshold p,
adjacency mask Badja

Ensure: Attention output
1: Get visual blocks Mv ← ⌊N/m⌋ −Mc

2: if Mv > 0 then
3: Extract Qv from first vision blocks ×M to-

kens
4: B← BuildMask(Qv,K, k, p,Mc ∪Badja
5: Ov ← AttenCarve(Qnormal,K, V,B)
6: end if
7: if Mc > 0 then
8: Extract Qc from remaining tokens
9: Oc ← FullAttention(Qc,K, V ): Text blocks

see all.
10: end if
11: return concat(Ov, Oc)

Algorithm 3 Build Block-wise Attention Mask

Require: Query Qv , Key K, top-k, probability
threshold p, visual blocks Mv , adjacency mask
Badja

Ensure: Block selection mask B
1: Q̂, K̂ ← BlockPool(Qv),BlockPool(K), mean

pooling per block.
2: Block attention scores: S← Q̂K̂⊺/

√
dk

3: Convert to probabilities: R← softmax(S)
4: Sort probabilities: Rsorted, I ← sort(R, desc =

True)
5: C← cumsum(Rsorted)
6: Nk ← max(sum(C ≤ p) + 1, k ·Mv)
7: Initialize: Btop ← zeros(B,H,Mv,Mtotal)
8: Fill Btop using indices I[:, :, :, 0 : Nk]

9: Bcond ← {i > Mv ∨ j > Mv}
10: B← Btop ∪Badja ∪Bcond
11: return B

we must execute reordering after patchification. Subsequently, before unpatchification, we apply336

the inverse operation G−1 from Eq. (2), ensuring that all transformations are performed in the337

appropriate space.338

• Scheduler re-shift. Following the re-noise process in Eq. (4), although theoretically we maintain339

the same noise strength, the clean state x̂s
0 still exhibits a discrepancy from the true distribution.340

To address this, we employ an approach similar to BottleNeck Sampling [47, 63], progressively341

increasing the timestep shift factor α of the rectified flow scheduler across stages.342

A.2 Details in AttenCarve343

The implementation of AttenCarve builds upon the official codebase of block-wise MInfer-344

ence [34]. To enhance attention efficiency, we decoupled the vision and text query blocks as345

Q = concat(Qv, Qc), and applied FlashAttention2 [15] directly to the condition blocks. For the cut-346

off probability constraint when constructing the importance mask Btop, we formulate the optimization347
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Algorithm 4 Block-Sparse Attention Kernel with Text Amplification

Require: Query Q, Key K, Value V , sequence lengths, qk scale, text amplifier ρ, text block start index, block
mask B, block dimensions

Ensure: Output features
1: start_m← program_id(0) // Current query block
2: off_hz← program_id(1) // Batch * head index
3: Load sequence length and check bounds
4: Initialize offsets for data loading
5: Load query block q and scale by qk_scale
6: Initialize accumulators mi ← −∞, li ← 0, acc← 0
7: for block_idx = 0 to NUM_BLOCKS− 1 do
8: is_valid_block← B[off_hz, start_m, block_idx]
9: if is_valid_block then

10: Load key-value block k, v at offset block_idx× BLOCK_N
11: Compute attention scores qk← q · kT

12: Apply sequence length mask to qk
13: // Apply text amplification
14: is_text_block← block_idx ≥ text_block_start
15: qk← qk + ρ if is_text_block else qk
16: Compute attention weights p← exp(qk−max(qk))
17: Update accumulators with standard attention updates
18: end if
19: end for
20: Normalize: acc← acc/li
21: Write results to output

problem as minimizing the number of selected blocks:348

min
Btop[i]

|Btop[i]| subject to
∑

j∈Btop[i]

R[i][j] > p (5)

To satisfy this constraint, our implementation employs a sort-then-greedily-select approach. For block349

index selection operations, we leverage vectorized indexing techniques to circumvent large-scale for350

loops, thereby substantially improving computational efficiency. In line 2 of Algorithm 3, we address351

an omission in the original Eq. (3) by explicitly incorporating the dimension dk in multi-head attention.352

Additionally, we implemented several engineering optimizations based on the MInference [34] block353

selection mechanism, including replacing the original einsum operations with CUBLAS-optimized354

torch.bmm() functions for enhanced latency performance.355

A.3 Index Re-Order and Block Partition356

Block Partition, 900 BlocksSFC Visualization (32*45*80)
Adjacent Latents
(Neighborhoods)

Each color
represents a 
block

Block #450
Check mask 𝐁!"#![450]

[426, 427, 447, 448, … 479] 
20 blocks

Figure 9: A real block partition example. We adopt a resolution-independent Space-Filling Curve
(SFC) [52] to accommodate a wider range of resolutions compared to static 3D partitions. The right
portion illustrates the local adjacent blocks using a look-up mask Badja.

To provide readers with a better understanding of the block partition characteristics in Jenga, beyond357

the toy example in Fig. 3, we demonstrate the Space-Filling Curve (SFC) implementation in a real358

720P video latent space in Fig. 9. We employ Generalized Hilbert curves to overcome the limitation359

of standard Hilbert curves, which are only suitable for (2n, 2n, 2n) 3D spaces. It is important to360
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Table 4: Detailed parameters. We report the error bars for DiT latency measurements. The bolded
steps indicate the additional steps required during stage transitions.

AttenCarve ProRes Performance

Settings NFE k list p S Rs step ratio ρ α latency VBench

HunyuanVideo [12] 50 RS =[32, 45, 80] 1625 ± 15s 82.74%
Jenga-Base 23 [0.3, 0.2] 0.3 1 RS× [1.0, 1.0] [0-24, 25-49] 0.5 [7] 347 ± 6s 83.34%
Jenga-Turbo 24 [0.3, 0.2] 0.3 2 RS× [0.75, 1.0] [0-24, 25-49] 0.5 [7, 9] 225 ± 5s 83.07%
Jenga-Flash 24 [0.3, 0.2] 0.3 2 RS× [0.75, 1.0] [0-24, 25-49] 0.5 [7, 9] 184 ± 3s 82.73%
Jenga-3Stage 24 [0.3, 0.2, 0.2] 0.3 3 RS× [0.5, 0.75, 1.0] [0-14, 15-24, 25-49] 0.5 [7, 9, 11] 157 ± 3s 80.53%

HunyuanVideo-I2V [12] 50 RS =[32, 45, 80] 1499 ± 12s 87.49%
+ Jenga 23 [0.3, 0.2] 0.3 1 RS× [1.0, 1.0] [0-24, 25-49] 0.0 [7] 338 ± 4s 87.75%

AccVideo [23] 5 RS =[32, 44, 78] 161 ± 4s 83.84%
+ Jenga 5 [0.3, 0.2] 0.3 1 RS× [1.0, 1.0] [0-24, 25-49] 0.5 [7] 76 ± 2s 83.39%

Wan2.1-1.3B [13] 50 RS =[20, 30, 52] 115 ± 3s 83.28%
+ Jenga 15 [0.2, 0.1] 0.9 1 RS× [1.0, 1.0] [0-24, 25-49] 0.0 [7] 24 ± 2s 82.68%

note that each block in Jenga is not a regular rectangular prism, but rather a local cluster of tokens361

that are naturally partitioned. This design provides Jenga with minimal constraints regarding video362

dimensions–without requiring padding along physical dimensions, it only necessitates that the total363

token count thw be divisible by the block count m. The continuity property of SFC in the original364

space also ensures a certain degree of semantic similarity among tokens within each block.365

We further demonstrate how to utilize the Adjacency Mask Badja to identify blocks that are spatially366

adjacent in 3D space based on their SFC representation. As illustrated, for block 450, by identifying367

the blocks to which neighboring tokens belong, we located 20 adjacent blocks that are subsequently368

incorporated into the attention computation for the current block.369

B Implementation Details370

B.1 Detailed Parameter Settings371

In Tab. 4, we provide a comprehensive list of almost all key parameters used in this work. It is372

worth noting that although Jenga-Base employs a single-stage pipeline, we utilized different block373

selection rates (0.3, 0.2) at different timesteps, effectively dividing our steps into two segments. We374

discovered that using a higher cutoff probability (i.e., p = 0.9) in Wan2.1 [13] significantly improved375

results without incurring additional computational time, suggesting the presence of a few attention376

heads that concentrate on global features. We briefly describe our ProRes adaptation specifically for377

HunyuanVideo [12] (i.e., Jenga-Base). We will implement ProRes adaptation for Wan2.1 [13] in the378

future.379

B.2 Multi-GPU Adaptation380

Video
[thw]

Re-Order + Flatten, [Nv, C]

cuda:0 cuda:Gcuda:1 cuda:2 …

[Nv /G, C]

[Nv /G, h, d]

Gather All to All

…

[Nv, h/G, d]

cuda:0

cuda:1

cuda:2

cuda:G

State A: FFN, Projection Layer State B: Head-Split Attention (Jenga kernel)

G
atherA

llto
A
ll

*K Blocks

…

Order Back +
Unflatten,
[thw]

Figure 10: Multi-GPU adaptation in Jenga. We highlight the computation for each GPU in yellow.

For multi-GPU parallelism, we adapted our approach based on the xDiT [57] foundation used in381

HunyuanVideo. As illustrated in Fig. 10, we implemented parallelization across G GPUs. The paral-382

lelism within Transformer blocks remains consistent with the original implementation (i.e., state A:383
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parallelization along the token dimension before and after attention, and state B: parallelization along384

the head dimension within attention). We modified the corresponding LongContextAttention interface385

to make AttenCarve compatible with this parallel paradigm. Additionally, we discovered that when386

utilizing multi-GPU parallelism, the block selection process becomes the performance bottleneck.387

As explained in Appendix A.2, employing more efficient torch.bmm operations significantly388

accelerates multi-GPU execution (reducing processing time from 77s to 34s with 8 GPUs).389

For parallelism outside transformer blocks, since we have naturally serialized tokens using SFC, we390

can directly partition them according to their SFC indices before feeding them into state A. This391

straightforward implementation also eliminates the previous requirement that latent sizes be divisible392

by G along specific dimensions.393

B.3 Image-to-Video & Distilled Model394

For Image-to-Video [12] adaptation, two specific details warrant clarification. Since this model395

performs specialized modulation operations on image conditions (latent at t[0]), we provide an396

additional token-level mask G(m),m = {1 if t = 0, else 0} when inputting tokens into the model.397

This enables decoupled modulation operations on the re-ordered latents. Additionally, the condition398

mask Bcond incorporates both text conditions and conditioning features from the first frame. Given399

that the first frame already contains the overall content of the video, we did not implement the400

text-attention amplifier.401

For the distilled model AccVideo [23], which inherently requires fewer sampling steps, we employed402

a single-stage Jenga-Base setting as detailed in Tab. 4. Other configurations, including multi-GPU403

implementation, remain consistent with our HunyuanVideo setup.404

B.4 Compared Baselines405

To establish a uniform evaluation standard, we standardized the test prompts, utilized the more widely406

adopted FlashAttention2 [15], and maintained consistent input video dimensions across experiments.407

Below are the specific configurations for comparison methods beyond the baseline:408

• CLEAR [19]. We implemented based on the original FlexAttention [64] with a 3D radius r = 32.409

When calculating FLOPs, since CLEAR does not account for GPU parallelism capabilities, we410

used the actual block sparsity (11.1% instead of the theoretical 56%) to compute effective FLOPs.411

Combined with the kernel optimization overhead of FlexAttention itself, the resulting generation412

speed could not even surpass the baseline.413

• MInference [34]. As explained in Sec. 4.2, we enhanced the block-wise attention mechanism414

from MInference. We removed the causal mask designed for LLMs and implemented a selection415

rate of k = 0.3. Notably, several approaches similar to MInference exist, such as block-sparse416

attention [65] and MoBA [37], which employ essentially identical methodologies.417

• SVG [20]. We utilized SVG’s original implementation and resolution, incorporating its optimized418

RoPE and Normalization kernels with a sparsity setting of 0.2.419

• TeaCache [29]. We employed the official thresholds (0.1 for slow, 0.15 for fast configurations).420

For Wan2.1, we set the threshold to 0.2 and enabled the use_ret_step parameter, which421

provided further acceleration while preserving result quality.422

B.5 Details about User Study423

Fig. 11 presents the Google Form questionnaire and anonymous website interface used to display424

video assets in our user study. We randomly sampled 12 prompts from a pool of 63 paired results425

and randomized the left-right ordering of videos within each comparison pair. To ensure data quality,426

we excluded invalid responses with completion times less than 5 minutes or greater than 1 hour. We427

also removed 3 submissions exhibiting highly homogeneous selection patterns (e.g., consistently428

choosing the "left video" or "same" for all comparisons). The results from the remaining 70 valid429

questionnaires are presented in Fig. 6.430
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(a) Google Form for user study (b) HTML for video preview

+

Figure 11: User study. (a): Questionnaire form example using Google Form. (b): Anonymous video
preview website for live comparison.

C Discussions and Analysis431

C.1 Limitation Analysis & Alternative Solutions432

Dynamic scene:
less artifact

Clear boundary:
latent mis-alignment

Complex texture:
less artifact

Static scene:
latent mis-alignment

Figure 12: Some failcases. We present two potential failure cases that may occur when using more
stages (S > 3), as well as scenarios where this setting is more suitable.

Table 5: Results with different prompt formats. Generation with enhanced prompts can eliminate
quality degradation and boost multi-stage results (comparable video quality with 10.35 × speedup).

HunyuanVideo [12] 1.00× Jenga-Turbo (2-stage) 7.22× Jenga-3Stage (3-stage) 10.35×

Prompt VBench Total VBench-Q VBench-S VBench Total VBench-Q VBench-S VBench Total VBench-Q VBench-S
Standard 82.74% 85.21% 72.84% 83.07% 84.47% 77.48% 80.53%-2.21% 81.66%-3.55% 76.00%+3.16%
Enhanced 82.61% 83.98% 77.11% 83.29% 84.22% 79.57% 82.34%-0.27% 83.65%-0.33% 77.08%-0.03%

As discussed in Sec. 4.3, Jenga faces certain challenges when implementing Progressive Resolution433

(ProRes). Several studies [66, 67] have examined the disparities between latent-space resizing and434

pixel-space resizing. Even with substantial re-noising (σt > 0.9), we cannot guarantee that edges in435
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the pixel space will be perfectly denoised in the final result. Since our work focuses on transformer436

acceleration, we opted against using the VAE decode-resize-encode approach, as tiled decode-encode437

operations during stage transitions would introduce additional latency of nearly 50 seconds. Fig. 12438

illustrates some failure cases and usage scenarios of our current solution in 3-stage Jenga (results439

shown in Tab. 3b, 10.35× faster). We observed that generation quality occasionally deteriorates in440

static scenes or scenarios with clear boundaries (as well as in the Image-to-Video scenario). However,441

these issues tend to diminish when generating more complex textures or scenes with intricate motion442

patterns. We validated both the baseline and multi-stage results on VBench using enhanced prompts,443

as shown in Tab. 5. This enables users to obtain satisfactory video results with significant acceleration444

when using more complex prompts (such as Sora-style prompts, as demonstrated in Fig. 5 (b), the445

SUV case).446

Beyond the training-based improvements discussed in Sec. 4.3, another promising direction for447

optimization is developing enhanced block partition methods. While the current SFC approach448

possesses many desirable properties, it remains fundamentally static. Extending context-based SFC449

approaches [68] into 3D video latent space could potentially yield better utilization of block selection.450

C.2 Block Selection: Attention Patterns451

Sink & GlobalSemantic-Aware (floor)

Location-AwareLocal Pattern

Figure 13: Attention patterns. Visualization of attention distributions across different layers and
timesteps for the first block (at the corner position) containing 128 latent items.

We visualize the block-aware attention scores in Fig. 13. Our analysis reveals four key characteristics452

in the attention patterns: (1) In shallow layers, most patterns exhibit strong locality features, or (2)453

attention patterns highly correlate with position, forming stripe or planar distributions. In deeper454

layers of the model, (3) semantic-aware attention patterns emerge, where attention shifts according to455

the video’s semantic content. (4) Simultaneously, we observe hybrid patterns combining the three456

aforementioned characteristics, as well as global patterns with attention sinks. Our cut-off probability457

threshold is specifically designed to capture information from these latter heads. These visualized458

patterns not only demonstrate the inherent sparsity characteristics of attention mechanisms but also459

highlight the necessity for dynamic block selection in our approach.460

C.3 Resolution-Aware Field of View461

In addition to the influence of the text-attention amplifier on Field of View (FOV) demonstrated in462

Figs. 4 and 5, we present additional examples in Fig. 14 showing dynamic FOV changes achieved463

by adjusting the factor ρ. We observed that in certain scenarios, not utilizing the text-attention464

amplifier results in an overly localized focus, ultimately reducing the content coverage in the frame.465

By introducing the bias parameter β, we can exert a degree of control over different field-of-view466

ranges.467
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Prompt: In a still frame, the Temple of Hephaestus, with its timeless Doric 
grace, stands stoically against the backdrop of a quiet Athens Prompt: a boat accelerating to gain speed

!

low

high

Figure 14: Dynamic FOV. We demonstrate the impact of the balancing factor ρ on field of view in
both static and dynamic scenes. Additional ablation examples are presented in the HTML supplement.
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AttenCarve k=0.2
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(c) In-block inference time

(d) AttenCarve profile

Figure 15: Latency analysis. (a, b) Visual token counts and generation times at different resolutions.
(c) Acceleration of AttenCarve vs. FlashAttention2 [15]. (d) Time breakdown across AttenCarve
components.

C.4 Speed Analysis & Additional Overheads468

In this section, we provide an in-depth analysis of our method’s latency. First, as illustrated in Fig. 15469

(a)-(b), we demonstrate the necessity of directly reducing token count by adjusting resolution. At470

360P, only 1/4 of the input tokens, the generation speed achieves a 10× improvement compared to471

720P. In Fig. 15 (c), we specifically evaluate the acceleration achieved by AttenCarve compared to472

FlashAttention2 [15], which achieves a 3.7× speedup in attention computation. Furthermore, Fig. 15473

(d) provides a detailed time breakdown across different components of AttenCarve, showing that474

Block selection introduces only 2.8% computational overhead. Additionally, we analyzed the memory475

efficiency of our approach. Without any specialized optimizations, when generating 720P videos,476

Jenga introduces a minimal additional memory overhead of only 3.7% (71.84 → 74.49 GiB).477

Despite the series of optimizations in Jenga, numerous avenues remain for potential performance478

improvements. These include incorporating quantization optimizations mentioned in SVG [20] and479

SpargeAttn [48], as well as kernel optimizations for RoPE [62] and normalization operations. From a480

hardware perspective, adapting FlashAttention3-based [69] attention kernels on the Hopper architec-481

ture shows significant speed enhancement potential. Additionally, parallelization and sparsification482

strategies for the VAE component have not been fully explored. These directions represent promising483

areas for future engineering optimizations and continued investigation in our work.484

D Additional Results485

D.1 Detailed Benchmarks486

Tab. 6 provides comprehensive evaluation results across all 16 dimensions of VBench [33]. As shown,487

Jenga achieves notable advantages in multiple semantic score dimensions while maintaining high488

performance in quality metrics.489
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Table 6: Detailed VBench [33] results. We omit the percentage symbol % for better preview.

Quality Metrics Semantic Metrics
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HunyuanVideo [12] 96.59 98.06 99.63 99.54 61.11 72.23 60.83 82.03 68.75 94.00 93.75 78.86 38.60 20.51 23.22 26.54

CLEAR [19] 97.15 97.82 99.61 99.57 63.03 68.88 45.83 58.59 48.89 92.00 93.27 69.41 44.18 20.97 22.61 26.36
MInference [34] 94.90 97.66 99.41 99.47 61.62 69.78 65.27 75.00 83.08 88.00 93.75 77.18 42.28 20.80 23.08 27.17
SVG [20] 96.40 97.75 99.61 99.55 61.78 69.96 61.11 74.52 63.56 94.00 90.36 77.25 34.16 20.20 23.39 26.23
AttenCarve 95.94 97.85 99.30 99.18 62.47 69.09 70.83 86.71 73.02 93.00 90.67 75.45 47.17 19.50 23.43 26.36

TeaCache-slow [29] 96.70 97.89 99.30 99.49 61.54 69.18 59.72 67.24 63.41 88.00 85.19 72.09 36.11 20.05 23.11 25.80
TeaCache-fast [29] 96.68 97.79 99.32 99.50 61.42 68.59 56.94 64.08 64.71 90.00 85.99 71.22 36.26 20.12 23.12 25.77
ProRes 96.16 97.58 99.72 99.55 63.75 70.36 70.83 82.81 55.15 89.00 88.24 67.26 26.10 20.46 21.89 26.79
ProRes-timeskip 95.57 97.68 99.74 99.54 62.93 68.97 72.22 76.95 59.19 90.00 88.24 67.11 29.04 20.66 21.75 27.04

Jenga-Base 95.09 97.86 99.31 99.18 62.47 69.09 72.22 86.71 73.02 88.00 90.67 75.45 47.17 19.51 23.43 26.36
Jenga-Turbo 93.42 96.85 99.31 98.85 63.89 66.64 77.78 94.14 66.91 94.00 95.31 73.76 50.37 19.85 23.74 27.98
Jenga-Flash 92.75 97.19 99.27 98.57 62.29 66.71 85.71 73.61 63.60 90.00 99.26 71.97 56.25 20.27 24.43 28.05

AccVideo [23] 95.92 97.53 99.35 99.28 61.40 67.98 58.33 89.40 76.30 88.00 92.50 80.29 51.09 20.49 24.43 26.73
+Jenga 95.36 96.97 99.26 99.02 61.38 68.10 66.67 90.37 75.41 86.00 93.62 78.83 46.72 20.57 24.11 26.92

Wan2.1-1.3B [13] 96.46 98.40 99.52 98.72 64.08 67.36 59.72 75.00 47.64 82.00 81.87 71.49 23.11 19.82 23.68 23.59
+ TeaCache [29] 96.40 98.25 99.38 98.70 62.03 65.59 58.33 76.39 47.48 78.00 82.47 69.16 24.13 19.83 23.14 22.99
+Jenga 95.40 97.92 99.44 98.55 61.13 65.37 61.11 74.76 53.89 78.00 88.42 70.08 26.53 20.25 23.34 23.49
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HunyuanVideo-I2V [12] 95.67 96.39 99.21 61.55 70.37 21.14 78.30 51.38 98.90 99.38 96.67 87.49
+ timeskip 95.75 96.86 99.22 61.93 70.84 21.54 78.64 51.51 98.92 99.42 96.71 87.67
+Jenga 93.99 95.75 99.00 60.84 70.43 40.65 79.31 49.80 98.43 99.14 96.18 87.74

Regarding detailed results in Tab. 6, there are two key points to clarify. First, we discovered that490

compared to the static local patterns used in CLEAR [19], our query/head-aware dynamic patterns491

significantly enhance the dynamic degree of generated results (45.83% → 70.83%). Overall, Jenga492

introduces larger motion amplitude at the quality level, while presenting some trade-offs in subject493

consistency when the selection rate is small (Jenga-Flash). At the semantic level, Jenga demonstrates494

substantially better semantic adherence across multiple dimensions (color, object class, scene, and495

overall consistency).496

D.2 More Visual Results497

We showcase additional results of Jenga in different settings, as illustrated in Fig. 16, and Fig. 17. We498

recommend viewing the video files in the provided HTML to better evaluate the effectiveness of our499

method.500
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Jenga-Base
347s, 4.68×
Several giant wooly 
mammoths approach 
treading through a snowy 
meadow…

Extreme close up of a 24 year 
old woman's eye blinking, 
standing in Marrakech 
during magic hour…

A close up view of a glass 
sphere that has a zen garden 
within it. There is a small 
dwarf in the sphere who is 
raking the zen garden and 
creating patterns in the sand.

Jenga-Turbo
225s, 7.22×
This close-up shot of a 
Victoria crowned pigeon 
showcases its striking blue 
plumage and red chest…

3D animation of a small, 
round, fluffy creature with 
big, expressive eyes explores 
a vibrant, enchanted forest. ..

The camera follows behind a 
white vintage SUV with a 
black roof rack as it speeds 
up a steep dirt road 
surrounded by pine trees on 
a steep mountain slope, dust 
kicks up from it's tires…

Jenga-Flash
184s, 8.83×
Historical footage of 
California during the gold 
rush.

A movie trailer featuring the 
adventures of the 30 year old
space man wearing a red 
wool knitted motorcycle 
helmet, blue sky, salt desert, 
cinematic style, shot on 
35mm film, vivid colors.

A young man at his 20s is 
sitting on a piece of cloud in 
the sky, reading a book.

Jenga-Super
157s, 10.35×
Photorealistic closeup video 
of two pirate ships battling 
each other as they sail inside 
a cup of coffee.

A gorgeously rendered 
papercraft world of a coral 
reef, rife with colorful fish 
and sea creatures.

A drone camera circles 
around a beautiful historic 
church built on a rocky 
outcropping along the Amalfi 
Coast…

Figure 16: Visualization results. From top to bottom, each three videos is from the same setting.
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An aerial view of a futuristic 
building on a cliff overlooking a 
body of water, camera pans left

A young girl smelling a pink 
flower

A person riding a horse in a 
polo match

A seagull is flying towards a 
person's hand

HunyuanI2V+Jenga
338s, 4.43×

A person is shaking head

A cute happy Corgi playing in 
park, sunset, tilt up

A storm trooper vacuuming the 
beach.

A boat sailing leisurely along 
the Seine River with the Eiffel 
Tower in background by 
Vincent van Gogh

Wan2.1-1.3B+Jenga
24s, 4.79×

A shark is swimming in the 
ocean, featuring a steady and 
smooth perspective

A cute happy Corgi playing in 
park, sunset, racking focus

A couch and a potted plant

A motorcycle slowing down to 
stop

AccVideo+Jenga
76s, 2.12×

Figure 17: Visualization results for model adaptations. Prompts are from VBench [33].
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E Social Impacts501

This paper introduces a novel framework for efficient video generation that is based on current502

pretrained Diffusion Transformers. Although this application has the potential to be misused by mali-503

cious actors for disinformation purposes, significant advancements have been achieved in detecting504

malicious generation. Consequently, we anticipate that our work will contribute to this domain. In505

forthcoming iterations of our method, we intend to introduce the NSFW (Not Safe for Work) test506

for detecting possible malicious generations. Through rigorous experimentation and analysis, our507

objective is to enhance comprehension of video generation techniques and alleviate their potential508

misuse.509
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