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Supplementary Material

In this supplementary material, we provide additional in-
formation in the following aspects:

A. preliminaries of our motion guidance module;
B. illustration of benchmark construction for composi-

tional video generation;
C. observations from additional ablation studies;
D. quantitative evaluation on the synthetic dataset.

A. Preliminary
Our motion guidance module is implemented by applying
motion-specific masks to update attention maps. As illus-
trated in Fig. 1, the behavior of the query differs across mo-
tion types:
• Motionlessness. When an instance remains static, the

query aggregates visual patches from the same spatial lo-
cation, anchored by a reference frame.

• Rigid Motion. For rigid movements, the query gathers
information from semantically corresponding regions dis-
placed along the motion trajectory. The trajectory is esti-
mated from cross-frame shifts of bounding-box centers.

• Non-rigid Motion. For non-rigid deformation, neighbor-
ing frames may deviate substantially, so patch correspon-
dence is determined by the local deformation magnitude
rather than strict geometric displacement.

B. CVG Benchmark Construction
From the perspective of video descriptions, CVG can be cat-
egorized into four linguistic modes:
• Coordinating Structure (CS). Diverse instances or ac-

tions are presented in parallel, often joined by conjunc-
tions, e.g., “A child drawing and a dog sitting nearby.”;

• Quantitative Expression (QE). This expression speci-
fies the number of each instance class in a scene, e.g.,
“Five birds flying in the sky.”;

• Collective Noun (CN). Unlike QE, CN describes a gen-
eralized number of instances, without indicating an exact
quantity quantity. In grammar, multiple components are
viewed as a single unit, causing the verb to be typically
singular, e.g., “A team of soccer players is practicing on
the field.”;

• Interactive Verbs (IV). IV mainly emphasizes actions in-
volving various objects interacting with each other. These
verbs inherently imply a reciprocal relationship, suggest-
ing a mutual influence or effect between the components,
e.g., “A child is throwing a frisbee to a dog.”
Following such rules, we employ LLaMA-70B [1] to au-

tomatically identify matched video descriptions from pub-
licly available datasets.

Figure 1. Case study of diverse motion guidance strategies. With
spatiotemporal layouts as signals, motion is guided via cross-
frame modulation between query patches and surrounding visual
cues. For motionless instances, query patches attend only to spa-
tially aligned regions in the anchor frame. For rigid motion, guid-
ance preserves geometric invariance under displacement. For non-
rigid motion, deformable regions highly sensitivity to spatial vari-
ations are emphasized.

Table 1. Analysis of motion guidance factor β based
on CVGBench-p benchmark. Best/2nd best scores are
bolded/underlined.

Param. β Subject Background Temporal Motion Dynamic
Consistency Consistency Flickering Smoothness Degree

Baseline: VideoCrafter-v2.0 [3]
β = 100 87.08% 92.34% 86.43% 87.72% 66.16%
β = 10 98.81% 98.29% 97.82% 98.79% 78.24%
β = 1 98.83% 98.26% 97.84% 98.80% 76.02%
β = 0.1 97.79% 97.20% 96.81% 98.32% 35.14%

Baseline: CogVideoX-2B [15]
β = 0.25 98.41% 97.20% 98.36% 98.85% 85.77%
β = 0.20 98.44% 97.18% 98.43% 98.88% 86.49%
β = 0.15 98.74% 98.23% 98.38% 98.94% 87.06%
β = 0.10 98.45% 97.31% 98.42% 98.91% 87.09%

C. Additional Ablation Studies

Analysis of Guidance Factor. Using CVGBench-p bench-
mark, we analyze the hyperparameter β, which regulates
motion guidance strength during denoising. As shown in
Tab. 1, performance improves as β decreases from a large



Table 2. Ablation analysis of diverse backbones for motion reason-
ing based on CVGBench-p benchmark. Best scores are bolded.

Backbones Subject Background Temporal Motion Dynamic
Consistency Consistency Flickering Smoothness Degree

Baseline: VideoCrafter-v2.0 [3]
LLaMA-8B [4] 96.00% 96.60% 94.88% 96.23% 73.89%
LLaMA-70B [1] 98.81% 98.29% 97.82% 98.79% 78.24%

Baseline: CogVideoX-2B [15]
LLaMA-8B [4] 97.49% 96.91% 97.53% 98.51% 83.27%
LLaMA-70B [1] 98.74% 98.23% 98.38% 98.94% 87.06%

Table 3. Ablation analysis of diverse motion guidance components
based on CVGBench-p benchmark, including Reference Condi-
tioned Guidance (RCG), Geometric Invariance Guidance (GIG),
Spatial Deformation Guidance (SDG). Best scores are bolded.

RCG GIG SDG Subject Background Temporal Motion Dynamic
Consistency Consistency Flickering Smoothness Degree

Baseline: VideoCrafter-v2.0 [3]
✗ ✗ ✗ 97.90% 97.10% 96.83% 98.47% 31.44%
✓ ✗ ✗ 98.42% 97.75% 97.21% 98.55% 36.21%
✗ ✓ ✗ 98.63% 98.08% 97.54% 98.69% 42.90%
✗ ✗ ✓ 98.44% 97.83% 97.24% 98.56% 70.69%
✓ ✓ ✗ 98.68% 98.14% 97.61% 98.71% 43.40%
✓ ✓ ✓ 98.81% 98.29% 97.82% 98.79% 78.24%

Baseline: CogVideoX-2B [15]
✗ ✗ ✗ 93.01% 94.26% 96.12% 97.95% 81.52%
✓ ✗ ✗ 97.47% 96.68% 97.53% 98.52% 82.30%
✗ ✓ ✗ 97.57% 96.95% 97.57% 98.51% 82.65%
✗ ✗ ✓ 97.62% 96.92% 97.51% 98.47% 84.62%
✓ ✓ ✗ 98.11% 97.60% 97.92% 98.72% 84.00%
✓ ✓ ✓ 98.74% 98.23% 98.38% 98.94% 87.06%

value, followed by degradation when β becomes overly
small. Empirically, β = 10 and β = 0.15 are optimal val-
ues, when using VideoCrafter-v2.0 [3] and CogVideoX-2B
[15] as baselines, respectively. These observations indicate
that moderate strength yields the best performance, while
extreme high or low values break the balance between con-
sistency and dynamic. Accordingly, we set β = 10 for
VideoCrafter-v2.0 and β = 0.15 for CogVideoX-2B.
Analysis on CVGBench-p benchmark. We conduct ab-
lation studies on CVGBench-p benchmark (main-paper re-
sults are on CVGBench-m benchmark).
• As shown in Tab. 2, LLaMA-70B consistently achieves

better results than the 8B variant, indicating the advantage
of adopting larger backbones for motion reasoning.

• As shown in Tab. 3, combining all guidance components
yields the best performance, showing that they provide
complementary contributions to motion generation.

In summary, our key modules remain effective on the
CVGBench-p benchmark.

D. Evaluation on Synthetic Dataset
We evaluate our framework on the synthetic benchmark
T2V-CompBench [11], where each video description is gen-
erated by GPT-4 [2]. Specifically, we use “Spatial”, “Mo-
tion”, “Action”, and “Interaction” categories. We evalu-
ate “Spatial” by a detection approach [9]; assess “Motion”

and “Action” with a multi-modal large language model
[5], and measure “Interaction” leveraging a Tracking ap-
proach [6]. As shown in Tab. 4, compared to other gen-
eration models, our framework achieves the highest scores
on “Motion” (0.2762), “Action” (0.6304), and “Interaction”
(0.8048). This demonstrates a strong capability in model-
ing fine-grained dynamics and complex relationships. How-
ever, our framework yields worse performance on “Spatial”
than LVD [8] and Vico [14], likely because these models
employ explicit layout constraints.

Table 4. Quantitative Comparison on T2V-CompBench. Best/2nd
best scores are bolded/underlined. † indicates compositional gen-
eration models.

Models Spatial Motion Action Interaction

modelScope [13] 0.4118 0.2408 0.3639 0.4613
LATTE [10] 0.4340 0.2155 0.4146 0.4146
Show-1 [16] 0.4544 0.2291 0.3881 0.6244
CogVideoX-5B [15] 0.5172 0.2658 0.5333 0.6069
Open-Sora-v1.2 [17] 0.5053 0.2468 0.4833 0.5039
T2V-Turbo-v2 [7] 0.5025 0.2556 0.6087 0.6439

LVD† [8] 0.5469 0.2699 0.4960 0.6100
VideoTetris† [12] 0.5148 0.2204 0.5280 0.7600
Vico† [14] 0.5432 0.2412 0.6020 0.7800

VideoCrafter-v2.0 [3] 0.4838 0.2259 0.5030 0.6365
+ Ours 0.5255 0.2762 0.6304 0.8048
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