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Overview. The supplementary includes sections as follows:

• Details of Comparison Study (Sec. 1).
• Additional Comparisons (Sec. 2).
• Limitations and Discussions (Sec. 3).
• Additional Visual Results (Sec. 4).

1. Details of Comparison Study
1.1. Prompt Splitting
When comparing our approach with multi-prompt methods such as Video-Infinity [10], DiTCtrl [3], and Kling [1], we first
divide the input text prompt into several chunks to guide the generation of individual clips. Specifically, for DiTCtrl and
Kling, we employ GPT-4o [2] to split the provided prompt into 24 chunks for a 2-minute-long video or 13 chunks for a
1-minute-long video, using the following instructions:

Please split the prompt depicting a video into 24 separate prompts, each depicting a specific range of the duration of the
video in order, and each should have the same style and length as the original prompt. Each prompt should be strictly aligned
with the original prompt; if additional content is added, it should also be aligned with the scenery of the original prompt.
Each prompt should occupy one line. Please do not insert a blank line between two prompts.

The output format is as follows:
<split prompt 1>
<split prompt 2>
<split prompt 3>
...
<split prompt 24>

The prompt needs to be split is:
<paste the input text prompt here>

For Video-Infinity, which is built on VideoCrafter2 [4] supporting text prompts of up to 77 tokens, we utilize its ability to
perform parallel inference across 8 GPUs. To efficiently split text prompts for this method, we provide GPT-4o [2] with the
following instructions:

Please split the prompt depicting a video into 8 separate prompts, each depicting a specific range of the duration of the
video in order, and each should have the same style as the original prompt. Each prompt should be strictly aligned with
the original prompt; if additional content is added, it should also be aligned with the scenery of the original prompt. Each
prompt should have fewer than 55 words. Please do not insert a blank line between two prompts.

The output format is as follows:
<split prompt 1>
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<split prompt 2>
<split prompt 3>
...
<split prompt 8>

The prompt needs to be split is:
<paste the input text prompt here>

Although we provided detailed instructions, we observed that this task remains highly challenging. GPT-4o often generates
split prompts where each segment contains words with a different total number than the original prompt, deviating from the
intended style and length. To ensure reproducibility and facilitate comparison, we include all the text prompts along with
their corresponding split versions used in the study in the accompanying supplementary material.

1.2. User Study
We conduct a user study to further evaluate the effectiveness of our method. Test prompts are collected from MiraData
[7]. For multi-prompt methods, we split the text prompts using the approaches described in the previous section. For A-
FIFO+CogVideoX, the same input text prompt as our method is used. In total, we generate 12 video results for each method,
with each video ranging from 1 to 2 minutes in length. The test categories include humans, cars, and natural scenes. All
videos used in the user study are displayed on our webpage. To ensure an unbiased evaluation, the results are randomly
shuffled and displayed to 24 participants. Participants are asked to evaluate the videos based on two aspects: text-visual
alignment and motion and content consistency. Questions for each aspect are as follows:

• Which one best aligned the given text?
• Which one keeps the best motion and content consistency in the long-range? For example, the video does not

demonstrate scene disjoint, unreasonable content, or obvious quality degradation.

Our method achieves the best performance across all aspects of the human evaluations, as presented in our main paper.
These results highlight the superior long-term control capability of our proposed method, effectively demonstrating its ability
to maintain text-visual alignment and ensure motion and content consistency over extended video durations.

2. Additional Comparisons and Analysis
Our expanded comparison includes more baseline methods evaluated with our standard settings, including StreamingT2V [5],
FreeNoise [9], VideoTetris [11], and FIFO-VC2 [8], as shown in Fig. 1. StreamingT2V fails on longer videos, FreeNoise/FIFO+VC2
shows limited dynamics (static subjects), and VideoTetris has rich but illogical variations.
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Figure 1. The qualitative comparison. We recommend readers refer to our webpage for video comparisons.



Table 1. Quantitative evaluation of comparison study.

VBench VBench-Long Human Study
Models SC BC TF MS IQ DD SC BC MS DD TA MC

Video-Inf 81.80 90.56 96.66 97.65 61.58 31.0 91.73 95.63 97.67 28.00 0.31% 0.93%
DiTCtrl 76.76 87.96 95.52 97.78 59.26 75.0 91.67 94.21 97.88 53.88 5.3% 4.98%
ST2V 67.71 85.18 93.51 94.40 42.53 34.0 86.10 93.69 94.39 25.42 0.93% 0.31%

FreeNoise 86.50 92.10 96.94 97.69 67.77 24.0 96.64 96.52 98.02 18.00 1.24% 2.18%
VideoTetris 69.27 85.86 94.60 97.04 55.95 96.0 86.86 92.84 94.73 97.12 0.93% 1.25%
FIFO+VC2 89.73 93.93 96.31 97.75 60.49 54.0 94.82 96.43 97.79 49.08 4.36% 3.12%
FIFO+CogX 86.22 92.89 94.78 97.48 64.10 78.57 93.78 95.42 97.43 66.53 23.36% 20.87%

Ours 84.57 92.21 95.41 98.08 63.31 78.95 94.20 95.52 98.40 68.58 63.57% 66.36%
TestSet 85.49 91.43 95.62 98.33 62.78 89.00 94.34 95.03 98.35 82.50 – –

For quantitative evaluation of added baselines, we use our paper’s setup, including a 26-participant human study (Tab. 1:
first , second , subpar ). We find that Subject and Background Consistency (SC & BC) and Temporal Flickering (TF) favor

less dynamic videos, e.g., FreeNoise/FIFO+VC2 ranks high in these but low in Dynamic Degree (DD). To further support
this, we compute these metrics on MiraData’s filtered test set, which features high-quality, continuous motion videos (bottom
row). Some methods outperform TestSet on SC, BC, and TF, yet still significantly trail in DD. VideoTetris, with the highest
DD, conversely shows lower SC & BC, indicating potentially disordered, abrupt motions. CogVideoX [12] and VBench++
[6] also report these metric limitations, as SC, BC, and TF assess quality based on neighboring frame similarity (DINO, CLIP,
Mean Absolute Error), thus favoring static videos with higher inter-frame similarity. Therefore, reliable quality assessment
requires considering both dynamic aspects and these consistency metrics, as also noted by VBench++. Recognizing these
limitations, we also evaluate on VBench-Long, a benchmark for long-term consistency that analyzes keyframe similarity
across video segments, overcoming the local metrics limitations. Filtering out methods with subpar DD and SC/BC, our
method surpasses FIFO+CogX on all four metrics and all other baselines in human evaluations. The evaluation of long video
generation quality is still a significant challenge that we will explore further in the future.

3. Limitations and Discussions
Despite the effectiveness of TokensGen in maintaining long-range consistency, it does not preserve all fine-grained details.
Focusing on high-level semantics, tokens may cause gradual variations in foreground or background objects over extended
sequences, as shown in Figs. 2 and 4.

Our current framework employs a tuning-free FIFO strategy to maintain short-term consistency during inference. While
effective in many scenarios, FIFO can deliver suboptimal performance for cross-clip temporal consistency in some complex
scenes. In such cases, the condensed tokens are also insufficient to capture intricate spatial-temporal cues, leading to per-
formance limitations. We illustrate these failure cases in Fig. 3. Addressing these challenges will require more fine-grained
tokenization and stronger short-term consistency strategies beyond tuning-free FIFO.

The serene beauty of cherry blossoms in full bloom, gently swaying in the foreground, with a tranquil lake stretching out towards a stately building in the background. 
The overcast sky casts a soft, diffused light, enhancing the delicate pink hues of the flowers. Throughout the video, the focus remains on the cherry blossoms, while the 
building and lake provide a constant, picturesque backdrop. The ambiance is peaceful, with the subtle movement of the branches suggesting a light breeze.
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Figure 2. Gradual variations in foreground or background objects over extended sequences.

Our framework is trained and tested on a limited dataset of gameplay and landscape videos, but is scalable to larger
datasets for broader applications. In future work, exploring multi-scale tokenization or hybrid representations could bolster
fine-grained controllability, retaining subtle attributes while preserving the scalability and resource efficiency.

4. Additional Visual Results
The long video editing example is shown in Fig. 4. For more visual results, comparisons, and ablation studies, please refer
to our webpage.



A rainy day in New York City, showcasing the bustling urban life despite the wet weather. Pedestrians navigate the sidewalks with umbrellas, their movements 
reflecting the city's continuous pace. The overcast sky casts a soft, diffused light, enhancing the city's colors and textures, from the glossy wet pavement to the diverse 
architecture. The camera follows the flow of the city, capturing the essence of a rainy day in this metropolitan environment.
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Figure 3. Both the FIFO strategy and the condensed tokens are insufficient to capture intricate spatial-temporal cues, leading to performance
limitations.

A white off-road vehicle navigates a snow-covered mountain road, surrounded by frosted pines and rugged hills. Snow kicks up behind it, hinting at the winter
adventure ahead as it continues deeper into the silent wilderness.

588th504th420th363rd252nd168th84th1st

Input

Output

Text
Prompt

Figure 4. Long Video Editing.
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