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The rapid evolution of video generative models has shifted their focus from producing visually plausible
outputs to tackling tasks requiring physical plausibility and logical consistency. However, despite recent
breakthroughs such as Veo 3's chain-of-frames reasoning, it remains unclear whether these models can
exhibit reasoning capabilities similar to large language models (LLMs). Existing benchmarks predominantly
evaluate visual fidelity and temporal coherence, failing to capture higher-order reasoning abilities. To bridge
this gap, we propose TiViBench, a hierarchical benchmark specifically designed to evaluate the reasoning
capabilities of image-to-video (12V) generation models. TiViBench systematically assesses reasoning
across four dimensions: i) Structural Reasoning & Search, ii) Spatial & Visual Pattern Reasoning, iii)
Symbolic & Logical Reasoning, and iv) Action Planning & Task Execution, spanning 24 diverse task
scenarios across 3 difficulty levels. Through extensive evaluations, we show that commercial models (e.g.,
Sora 2, Veo 3.1) demonstrate stronger reasoning potential, while open-source models reveal untapped
potential that remains hindered by limited training scale and data diversity. To further unlock this potential,
we introduce VideoTPO, a simple yet effective test-time strategy inspired by preference optimization. By
performing LLM self-analysis on generated candidates to identify strengths and weaknesses, VideoTPO
significantly enhances reasoning performance without requiring additional training, data, or reward models.
Together, TiViBench and VideoTPO pave the way for evaluating and advancing reasoning in video
generation models, setting a foundation for future research in this emerging field.

() Project: https://haroldchen19.github.io/TiViBench-Page/
) Github: https://github.com/EnVision-Research/TiViBench
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Figure 1 Pass@]1 performance overview on TiViBench across 24 tasks within 4 dimensions.

1 Introduction

The rapid development of large language models (LLMs) (Achiam et al., 2023; Brown et al., 2020; Bai et al.,
2023; Guo et al., 2025a) has fundamentally transformed the field of artificial intelligence, pushing the boundaries
of what machines can achieve in both understanding and reasoning. Initially excelling at tasks requiring basic
comprehension, LLMs have evolved to tackle complex reasoning problems step-by-step (Hao et al., 2025; Gu
et al., 2025), as shown in Figure 2 (Left). Similarly, visual generative models (Rombach et al., 2022; He et al.,
2022; Batifol et al., 2025; Wu et al., 2025a; Wan et al., 2025; Chen et al., 2025) have transitioned from producing
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A natural question thus arises: can video generative
models exhibit reasoning capabilities comparable to those
of LLMs? The recent breakthrough of Veo 3 (Wiede-
mer et al., 2025) has hinted at this possibility by in-
troducing the concept of "chain-of-frames" reasoning
in image-to-video (I2V) generation, highlighting the
possibility of leveraging video frame generation as a
medium for step-by-step visual reasoning. This raises
the intriguing prospect of a "GPT moment" for video
generation models: one in which they transcend their

Figure 2 (Left) Language models have evolved from
basic understanding tasks to advanced reasoning capa-
bilities. (Middle) Can video generative models exhibit
reasoning capabilities comparable to those of LLMs?
(Right) Existing 12V benchmarks focus on general
generation capabilities (e.g., spatial fidelity, temporal
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for video generation fail to evaluate such reasoning abilities adequately (see Figure 2 (Right)). Current
evaluations predominantly focus on visual fidelity, temporal smoothness, physical plausibility, and adherence
to input prompts, which, while essential, fail to capture higher-order reasoning abilities. This gap motivates
the need for a new, complementary benchmark that can rigorously evaluate the reasoning potential of video
models, paving the way for future research.

In this work, we propose TiViBench, a hierarchical benchmark designed specifically to evaluate the reasoning
capabilities of 12V generation. Building on Veo 3’s (Wiedemer et al., 2025) testing tasks like graph traversal
and maze solving, we expand and diversify the evaluation scope to include more complex scenarios, e.g.,
strategic card game reasoning and mathematical problem solving, as demonstrated in Figure 3. Specifically,
TiViBench offers a systematic suite structured around four key dimensions: 9 Structural Reasoning
& Search, testing structure traversal, pathfinding, and constrained exploration; = Spatial & Visual
Pattern Reasoning, assessing capacities to detect, complete, or extrapolate patterns across time and space;
» Symbolic & Logical Reasoning, focusing on higher-order abstract reasoning tasks; and ,, Action
Planning & Task Execution, evaluating multi-step actions in a temporally coherent manner. Each
dimension comprises about 150 evaluation samples across three hierarchical levels (i.e., easy, medium, hard),
totally covering 24 task scenarios.

Through extensive evaluation on TiViBench, we observe that commercial models demonstrate stronger
reasoning potential compared to open-source models, as shown in Figure 1. However, open-source ones
also exhibit potential, albeit with inconsistent performance. To further unlock this potential, we propose a
simple yet effective test-time strategy, dubbed VideoTP0O. Unlike strategies like SF'T with domain-specific
data, which are intuitively likely to enhance reasoning capabilities (Wu et al., 2025b) but require constructing
large and diverse datasets with significant costs, VideoTPO avoids such overhead by operating entirely at
test time. Specifically, different from conventional single-pass prompt rewriting (Xue et al., 2025), VideoTPO
draws inspiration from test-time preference optimization (Li et al., 2025¢) in LLMs. By leveraging multi-pass
generation and aligning candidates through preference alignment, enabling more fine-grained and accurate
prompt optimization, VideoTPO serves as both a complementary method to TiViBench and a practical
solution for improving reasoning performance without weight updates.

To summarize, this work contributes threefold:



Figure 3 Overview of TiViBench. TiViBench represents an image-to-video (I2V) benchmark tailored to comprehensively
evaluate the emerging visual reasoning capabilities across four key categories: (1st) Structural Reasoning & Search,
(2nd) Spatial & Visual Pattern Reasoning, (3rd) Symbolic & Logical Reasoning, and (4th) Action Planning & Task
Execution. Each category encompasses six diverse tasks to challenge video generative models to perform complex
reasoning beyond general generation.

o We propose TiViBench, a hierarchical benchmark tailored to systematically evaluate the reasoning
capabilities of video generative models, covering 4 reasoning dimensions across 24 diverse scenarios and 3
difficulty levels.

e Through extensive experiments, we analyze the reasoning potential of 3 commercial and 4 open-source
advanced video models. Our findings highlight the advantages of commercial models while exposing their
limitations, and reveal the latent capabilities of open-source models that remain constrained by current
scales.

o We further introduce VideoTPO, a simple yet effective test-time strategy that unlocks reasoning potential
on-the-fly via preference optimization. It requires no additional training, data, or reward models, offering
a scalable solution for improving video generation models.

2 Related Work

Image-to-Video Generation. Recent advancements in generative models have extended visual generation
from images (Batifol et al., 2025; Wu et al., 2025a; Rombach et al.; 2022; Wu et al., 2025¢) to videos (Wan
et al., 2025; OpenAl, 2025; Yang et al., 2024b; Kong et al., 2024). As a subfield, image-to-video (I2V)
generation enables more personalized outputs compared to text-to-video (T2V) models (Ni et al., 2023; Hu,
2024; Karras et al., 2023; Shao et al., 2025) and has served as a testing ground for key concepts like physical
plausibility (Liu et al., 2024; Yang et al., 2025; Li et al., 2025a). With general generation capabilities reaching
new heights, researchers (Yang et al., 2024a; Wiedemer et al., 2025) have recently begun investigating whether
video generative models can exhibit reasoning abilities akin to LLMs. However, there is currently a lack of
systematic benchmarks to evaluate reasoning capabilities in video generation models.



Evaluation of 12V Models. Early evaluations of 12V models relied on metrics like FVD (Heusel et al., 2017)
on datasets like UCF101 (Soomro et al., 2012), later expanded by more recent benchmarks with fine-grained
dimensions (e.g., 10 IQV dimensions in VBench++ (Huang et al , ‘_ )24b)). These benchmarks (thuw et ai
2025a; Feng et al., 2024; Huang et al., 2024b; Duan et al., ; Zhang et al., 2024c; Fan et al., )
prov1de robust standards for assessing general generation Capabihties, 1nclud1ng spatial fidelity, temporal
smoothness, and physical plausibility. However, none of these benchmarks systematically evaluate visual
reasoning. Recent concurrent works, such as MME-CoF (Guo et al., 2025b) and VideoThinkBench (Tong
et al., 2025), have begun to explore reasoning capabilities in video generation models. MME-CoF focuses
on fine-grained reasoning dimensions derived from specific task types, while VideoThinkBench evaluates
video generation models on both vision-centric and text-centric tasks. These works highlight the potential of
video generation models for reasoning but focus on specific task designs or general multimodal reasoning
without a dedicated framework for systematically scaling task difficulty. In contrast, we propose TiViBench,
a hierarchical benchmark dedicated to visual reasoning in 12V models. TiViBench systematically evaluates
models across 4 high-level reasoning dimensions and 24 task scenarios, each categorized into 3 difficulty levels,
offering a comprehensive and nuanced assessment of zero-shot reasoning capabilities.

Prompt Optimization for Video Generative Model While supervised ﬁne—tuning (SFT) (Brown et al., 2020)
and reinforcement fine-tuning (RFT) (Shao et al., 2024; Rafailov et al., 2023) enhance specific capabihtieb
they incur high costs due to additional data and training Test-time prompt optirnization offers a lightweight
alternative. Existing methods can be categorized into pre-inference (Wan et al., 2025; Wiedemer et al., 2025)
and post-inference (Xue et al., 2025) rewriting. The former enriches prompts using LLMs for reasoning or
imagination but risks dev1at1ng from user intent, while the later iteratively refines prompts based on generated
results, improving outputs. However, single-pass strategies (i.e., generating one sample per round) limit
optimization granularity. To address this, we propose VideoTPO, inspired by test-time preference optimization
(Li et al., 2025¢). By generating multiple candidate videos, VideoTPO identifies both general shortcomings
and model—spemﬁc preferences, enabling a more fine-grained optimization for video generative reasoning
without parameter updates.

3 TiViBench: Benchmarking Visual Reasoning Potential

To evaluate the visual reasoning capabilities of I2V generation, we introduce TiViBench, as shown in Figure 4
(Left), a comprehensive benchmark covering 4 dimensions, 24 task scenarios, and 595 image-prompt samples.
Fach dimension is structured around 3 difficulty levels: easy, medium, and hard. TiViBench provides a
foundation for evaluating video generative reasoning. We next detail the evaluation dimension (§3.1), prompt
suite (§3.2), and metric suite (§3.3), with data statistics shown in Figure 5.

3.1 Evaluation Dimension

To comprehensively evaluate the visual reasoning capabilities of I2V generation models, we extend and
diversify the testing tasks introduced in (Wiedemer et al., 2025). Our benchmark spans four key reasoning
dimensions: (i) Structural Reasoning & Search, (ii) Spatml 6’5 Visual Pattern Reasoning, (iil) Symbolic &
Logical Reasoning, and (iv) Action Planning & Task Execution. Each dimension includes tasks designed to
probe distinct reasoning abilities, as shown in Figure 3, with samples categorized into three difficulty levels.

Structural Reasoning & Search. This dimension focuses on a model’s ability to understand and navigate
structured environments, solve constrained problems, and extrapolate patterns. Tasks in this category
emphasize logical exploration, temporal coherence, and systematic problem-solving, including: graph
traversal, =~ maze solving, ~ sorting numbers, — temporal ordering, ~ rule extrapolation, and ~ game move
Teasoning.

Spatial & Visual Pattern Reasoning. This dimension evaluates the model’s ability to recognize, manipulate,
and reason about spatial relationships and visual patterns. Tasks in this category emphasize perceptual
understanding and spatial transformations, including: shape fitting, ~ connecting colors, ~ pattern
recognition, — odd-one-out, — counting objects, and ~ wvisual analogy.



Figure 4 Overview of our proposed (Left) TiViBench benchmark and (Right) VideoTPO framework.

Symbolic & Logical Reasoning. This dimension focuses on higher-order reasoning tasks that require
abstract thinking, logical inference, and symbolic manipulation. Tasks include:  simple Sudoku completion,
= arithmetic operations, ~ symbolic reasoning, — wvisual deduction, ~ transitive reasoning, and ~ game rule
7eaS0NINgG.

Action Planning & Task Execution. This dimension evaluates the model’s ability to plan and execute
multi-step actions in a temporally coherent and goal-directed manner. Tasks include:  tool use, ~ robot
navigation, ~ goal-directed planning, — multi-step manipulation, — wisual instruction following, and = game
strategy planning.

Data Collection & Standards. To ensure the quality and diversity of our benchmark, we collect data from
three primary sources: internet data, existing datasets (e.g., lecture videos in Video-MMLU (Song et al.,
2025), tool use images in PhysToolBench (Zhang et al., 2025¢)), and synthetic data created using Python
scripts. Unlike previous 12V benchmarks (Huang et al., 2024b; Zhang et al.; 2024c¢) that primarily contain
initial inference images, our focus on video data allows us to capture the initial state, process state, and
the target state, enabling more reliable evaluations. Additionally, our data collection process prioritizes
quality and diversity. First, all data samples are curated to meet high-quality standards and are adapted to
model input requirements, e.g., 720p resolution for horizontal videos. Second, to ensure diversity, we require
that samples of the same type and difficulty level differ in background, style, or format as much as possible.
Finally, each sample is reviewed by at least three human annotators to ensure both quality and diversity.
Details are provided in Appendix §A.

3.2 Prompt Suite

Unlike the prompt style in LLM reasoning, which heavily instructs models (e.g., "Find the optimal path from
A to B..."), visual reasoning prompts for generative models emphasize task subjectivity and narrative
descriptiveness (e.g., "The blue ball slides smoothly along the white path, stopping at the red point...").
These prompts should leave room for the model to infer intermediate steps while also providing sufficient
details to guide reasoning (e.g., "The blue ball never crosses into the black areas...").

To meet these requirements, we adopt Gemini-2.5-Pro (DeepMind, 2024) as a powerful assistant for generating
prompts, leveraging initial state and target state images to construct prompts that are visually grounded and
reasoning-driven. Specifically, prompts are tailored to each dimension:

Structural Reasoning & Search. Goal Clarity: Define start and end states without specifying the solution
path; = Implicit Rules: Incorporate hidden constraints or rules that the model must infer; and = Temporal
Coherence: Ensure prompts describe tasks that unfold logically over time.
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Figure 5 Overview of TiViBench’s statistical distributions. (Left) Word distribution of prompt suites; (Middle)
Data distribution across 24 tasks; and (Right) Data distribution across 3 difficulty levels.

Spatial & Visual Pattern Reasoning. Visual Specificity: Provide rich descriptions of visual elements,
e.g., shapes, colors, and positions; ~ Pattern Identification: Encourage recognition and extension of visual
patterns; and = Open-ended Tasks: Allow for multiple valid solutions.

Symbolic & Logical Reasoning. Implicit Rule Discovery: Avoid explicitly stating rules, letting models
infer them from the prompt; ~ Symbol-Visual Integration: Combine symbolic reasoning with visual elements;
and ~ Logical Progression: Ensure tasks involve clear logical sequences.

Action Planning & Task Execution. Goal-Oriented Descriptions: Define the goal while leaving interme-
diate steps implicit; =~ Multi-step Reasoning: Encourage models to plan and execute sequential actions; and
~ Causal Logic: Ensure prompts with clear cause-and-effect relationships.

Prompt Quality Assurance. After generating the initial prompts, we conducted rigorous manual reviews to
ensure quality, clarity, and alignment with our TiViBench’s goals. Specifically: (i) each prompt is reviewed
by three human annotators. Any prompt flagged by even one annotator as unclear or unsuitable is revised;
and (ii) only prompts meeting the expectations of all three annotators are adopted. Detailed information
can be found in Appendix §B.

3.3 Metric Suite

Unlike general 12V benchmarks, visual reasoning tasks are inherently more verifiable due to explicit ground-
truth information, including initial, intermediate, and target states. To evaluate reasoning capabilities
effectively, we categorize metrics into two types, both focusing on correctness.

Process-and-Goal Consistency. These tasks evaluate both the reasoning process and the final result,
ensuring the generated video aligns with the expected trajectory and reaches the correct target state. For
instance, in maze navigation, tools with tracking (Ren et al., 2024) can be used to track the subject across
frames and validate the trajectory.

Final-State Validation. These tasks assess whether the generated video achieves the correct target state,
with no emphasis on intermediate reasoning steps. For example, Sudoku completion can be validated by
comparing the generated grid (e.g., via OpenCV (OpenCV Development Team, 2025)) with the ground truth;
and sequence completion can be validated by comparing extracted features (e.g., via DINO (Caron et al.,
2021)). While metrics are grouped into these two categories, the validation method may vary across tasks
and even within the same task type depending on the specific format, e.g., mathematical reasoning can be
evaluated by checking the output after the equals sign for fill-in-the-blank tasks or the selected option for
multiple-choice questions. Details in Appendix §C.

4 VideoTPO: Prompt Preference Optimization On-the-Fly for Video
Generative Reasoning

Despite the rigorous prompt quality control in TiViBench to ensure compatibility with most 12V models,
differences in pretraining data and architectures often lead to varying prompt preferences across models. To



address this, we propose VideoTP0, a novel test-time prompt optimization strategy tailored for TiViBench,
which aims to further unlock the potential of 12V models without additional tuning, as demonstrated in
Figure 4 (Right).

Existing prompt rewriting methods are typically classified as pre-inference (Wan et al., 2025; Wiedemer
et al., 2025) (i.e., enriching prompts by hallucinating details) and post-inference (Xue et al., 2025) (i.e.,
modifying prompts based on the generation result). However, visual reasoning tasks are inherently more
complex than general 12V tasks, requiring a more nuanced and adaptive approach. To this end, we introduce
the concept of test-time preference optimization (TPO) (Li et al., 2025¢) for language models, which enables
finer-grained optimization by comparing preferences across multiple generated samples. Different from TPO,
which generates multiple samples (e.g., 4) and relies on external reward models to rank preferences, our
VideoTPO generates only two samples per round and tasks a VLM with self-analyzing their strengths and
weaknesses. This eliminates external rewards, making VideoTPO as simple as possible to be practical.

Textual Loss. Given an inference image | with corresponding text prompt P, at iteration t, the 12V
model generates two candidate videos V,! and V,2. We then assign a VLM (i.e., GPT-4o (Achiam et al.,
2023)) denoted as M to conduct self-analysis, which compares their strengths and weaknesses to produce
textual critiques. The critiques highlight the advantages of the preferred video and the shortcomings of the
non-preferred video, forming the textual loss:

Lt:M(V tlivtzlpt)y (1)
where L; encapsulates qualitative feedback rather than numerical scores, enabling more interpretable opti-
mization.

Textual Gradient. Based on L, the VLM generates actionable suggestions as textual gradient G (Yuk-
sekgonul et al., 2025) to improve the prompt P;. These suggestions guide the refinement of the prompt by
specifying changes that better align the generated videos with the desired reasoning or visual outcomes:

QZM(P t;Lt)- (2)
The textual gradient G serves as a direct interpretation of the textual loss, ensuring the optimization remains
lightweight and avoids reliance on external reward models.

Prompt Update. The prompt P; is then updated iteratively using G, to produce a refined prompt Pyyq:
Pir1 =M(P 4 G). (3)

Detailed task prompts regarding textual loss, gradient calculations, and updating can be found in Ap-
pendix §D.

5 Experiments

In this section, we conduct extensive experiments to answer the following research questions: (RQ1) Do video
generative models possess inherent reasoning potential? (RQ2) What are the primary factors contributing to
reasoning failures? (RQ3) Can test-time optimization serve as an efficient and effective method to guide and
enhance reasoning?

5.1 Experimental Settings

Models. We conduct evaluation on TiViBench with advanced 12V models: ] Open-Source: Wan2.2-12V-
A14B, Wan2.1-12V-14B (Wan et al., 2025), HunyuanVideo-12V (Kong et al., 2024), CogVideoX1.5-12V (Yang
et al., 2024b). =« Commercial: Veo 3.1-fast (Google Gemini, 2025), Sora 2 (OpenAl, 2025), and Kling 2.1
(kli, 2025). We further apply our VideoTPO to Wan2.1-I12V-14B (Wan et al., 2025) and HunyuanVideo-12V
(Kong et al.; 2024), as neither includes a built-in prompt rewriter.

Evaluations. Since TiViBench focuses on the correctness of visual reasoning, we report Pass@1 and Pass@5b
for comparisons. Here, Pass@k indicates the accuracy of the model in producing at least one correct output
within the K predictions, where we infer open-source models under multiple random seeds to ensure a more
comprehensive evaluation. For commercial models, due to their strong performance and black-box nature, we



Table 1 Pass@1 performance of 7 advanced models on TiViBench. We highlight the best and second best results.

Structural & Search Spatial & Visual Pattern Symbolic & Logical Planning & Execution
Model Overall

Easy Med. Hard Over. Easy Med. Hard Over. Easy Med. Hard Over. Easy Med. Hard Over.

Open-Source Models
CVX1l.5 2.22 2.04 0.00 1.42 2.04 2.00 0.00 1.34 2.00 0.00 0.00 0.67 14.29 0.00 0.00 4.46 2.02
HYV 2.22 2.04 0.00 1.42 2.04 2.00 0.00 1.34 4.00 2.00 0.00 2.00 16.33 11.54 5.36 10.83 4.03
Wan2.1 8.89 6.12 2.22 5.76 4.08 2.00 2.00 2.68 6.00 4.00 2.00 4.00 30.61 19.23 12.50 20.38 8.40
Wan2.2 11.11 6.12 4.44 7.19 4.08 2.00 2.00 2.68 8.00 6.00 4.00 6.00 30.61 19.23 14.39 21.02 9.41

Commercial Models
Kling 2.1 8.89 4.08 2.22 5.04 10.20 4.00 2.00 5.37 12.00 8.00 4.00 8.00 32.65 28.85 19.64 26.75 11.60
Veo 3.1 17.78 8.16 4.44 10.07 30.61 20.00 16.00 22.15 36.00 16.00 2.00 18.00 77.55 40.38 39.29 51.59 26.05
Sora 2 26.67 22.45 6.67 18.71 38.78 32.00 24.00 31.76 32.00 26.00 8.00 22.00 46.94 42.31 26.79 38.22 27.90

Table 2 Pass@5 performance of open-source models on TiViBench. The best and second best results are highlighted.

Structural & Search Spatial & Visual Pattern Symbolic & Logical Planning & Execution
Model Overall

Easy Med. Hard Over. Easy Med. Hard Over. Easy Med. Hard Over. Easy Med. Hard Over.
CVX1l.5 2.22 204 0.00 1.42 2.04 2.00 2.00 2.01 800 2.00 200 4.00 30.61 0.00 0.00 9.55 4.37
HYV 4.44 204 0.00 216 816 4.00 2.00 4.70 8.00 4.00 2.00 4.67 34.69 17.31 893 19.75 8.07
Wan2.1 24.44 16.33 8.89 16.55 14.29 6.00 4.00 8.54 10.00 4.00 4.00 6.00 44.90 26.92 19.64 29.94 15.29
Wan2.2 24.44 18.37 11.11 17.99 8.16 4.00 4.00 5.37 14.00 6.00 4.00 8.00 46.94 32.69 23.21 33.76 16.47

report only Pass@1. Following VBench++ (Huang et al., 2024b), we further adjust the input image resolution
before inference to align with the preferences of each model, ensuring fair and optimal testing conditions.

5.2 Main Results (RQ1)

To answer RQ1, we present evaluation results across three difficulty levels, providing a global analysis of
model performance on our TiViBench, as shown in Table 1 for Pass@1 and Table 2 for Pass@5 accuracy. Key
observations are summarized as follows:

Takeaway q]: Sufficient data and scale likely contribute to clear reasoning potential. From Table 1,
commercial models (e.g., Sora 2 and Veo 3.1) consistently outperform open-source models across all diffi-
culty levels and reasoning dimensions. Notably, Sora 2 achieves the highest overall performance of 27.9%,
demonstrating reasoning capabilities that remain robust even as task difficulty increases. This suggests
that reasoning ability is not an inherent limitation of generative models but rather emerges with access to
sufficiently large and diverse datasets, coupled with high parameter scales and optimized architectures.

Takeaway =: Pass@5 improvements reveal the emerging reasoning potential of open-source models.
Table 2 shows a clear improvement in Pass@5 over Pass@1 for advanced open-source models (e.g., Wan2.2
and Wan2.1), indicating that they are capable of generating correct solutions, albeit inconsistently. This
suggests that open-source models possess latent reasoning potential, but their unstable performance highlights
limitations in the scale of their current training. Further scaling of training data, model parameters, or
reasoning-specific optimization shows the necessity to realize the reasoning capability better.

5.3 Failure Case Analysis (RQ2)

To answer RQ2, we first conduct an evaluation across 24 tasks for a more granular analysis, with performance
shown in Figure 1. Subsequently, we further demonstrate failure cases from the tasks with the lowest accuracy,
as shown in Figure 6. We give the following observations:

Takeaway ,: Reasoning failures stem from insufficient rule modeling and fine-grained visual feature
extraction. Figure 6 reveals that while Sora 2 and Veo 3.1 excel in general video generation, they exhibit
varying performance across reasoning-specific tasks. For instance, both models achieve relatively high accuracy
in tasks, e.g., visual deduction (VD) and instruction following (IF), where reasoning is less dependent on



Table 3 Evaluation on TiViBench with VideoTPO. We bold the best results. Qualitative results are in Appendix §E.

Model Structural & Search Spatial & Visual Pattern = Symbolic & Logical Planning & Execution Overall
Easy Med. Hard Over. Easy Med. Hard Over. Easy Med. Hard Over. Easy Med. Hard Over.

HunyuanVideo 2.22 2.04 0.00 1.42 2.04 2.00 0.00 1.34 4.00 2.00 0.00 2.00 16.33 11.54 5.36 10.83 4.03

+ Pre-Rewriter 4.44 2.04 0.00 2.16 6.12 0.00 0.00 2.01 6.00 4.00 0.00 3.33 20.41 11.54 1.79 10.83 4.71

+ Post-Rewriter 8.89 4.08 0.00 4.32 6.12 4.00 2.00 4.03 8&8.00 6.00 0.00 4.67 20.41 13.46 5.36 12.74 6.55
+ VideoTPO (Ours) 13.33 6.12 444 791 816 6.00 2.00 537 1200 6.00 2.00 6.67 36.73 21.15 1250 2293 10.25
Wan2.1 8.89 6.12 2.22 576 4.08 2.00 2.00 2.68 6.00 4.00 2.00 4.00 30.61 19.23 12.50 20.38 8.40
+ Pre-Rewriter 11.11 8.16 2.22 7.19 816 4.00 4.00 5.37 10.00 2.00 2.00 4.00 38.78 25.00 14.29 25.48 10.76
+ Post-Rewriter 15.56 8.16 4.44 9.35 12.24 6.00 4.00 7.38 8.00 4.00 2.00 4.67 36.73 26.92 16.07 26.11 12.10
+ VideoTPO (Ours) 28.89 20.41 8.89 19.42 16.33 8.00 6.00 10.07 14.00 8.00 4.00 8.67 48.98 30.77 23.21 33.76 18.15
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Figure 6 (Top) Performance of the best-performing models (i.e., Sora 2 and Veo 3.1) on TiViBench across 24 tasks.
(Bottom) Case study of the lowest-performing tasks, i.e., maze solving (MS), temporal ordering (TO), odd-one-out
(Odd), and sudoku completion (SC).

strict rule modeling or symbolic manipulation. However, their performance significantly drops in tasks
like maze solving, temporal ordering, odd-one-out, and sudoku completion, which require explicit logical
reasoning, including adherence to scene rules, symbolic manipulation, and subtle categorical reasoning. This
contrast highlights that current models are better suited for tasks emphasizing general understanding and
visual realism, but struggle when reasoning demands structured, rule-based logic. These failures are likely
attributable to two key factors: (i) models struggle to interpret high-level rules, as seen in maze solving tasks
where prompts explicitly forbid crossing maze boundaries, yet violations persist; (ii) symbolic reasoning
requires precise visual feature extraction, but encoders like VAE compress features excessively, losing critical
details needed for reasoning. Addressing these gaps will require explicit task rule encoding, reinforcement
learning for process-level optimization, and more fine-grained visual feature representations and structured
processing.

5.4 Results with VideoTP0 (RQ3)

Building on the above observations, we further sought to investigate whether test-time scaling could deliver
more efficient inference optimization than large-scale training. To answer RQ3, we conducted a comprehensive
evaluation of our proposed VideoTPO in Table 3, alongside two baseline strategies: pre-rewriter based on



Figure 7 (Left) Agreement between our metrics and human judgments in Wan 2.1 evaluation; (Right) Comparison of
different prompt strategies, ‘w/ HYV Prompt’ indicates using VideoTPO optimized prompts based on HunyuanVideo.

(Google Cloud), and post-rewriter based on (Madaan et al.; 2023). The following observation is drawn:

Takeaway ,,: VideoTPO is an effective test-time video generation reasoning enhancer. Table 3 demon-
strates that our VideoTPO consistently improves reasoning accuracy across all dimensions and difficulty
levels, outperforming both the base models and baseline strategies. For instance, applying VideoTPO to
HunyuanVideo improves overall performance from 4.03% to 10.25%, while for Wan2.1, the improvement is even
more pronounced, increasing from 8.40% to 18.15%. These gains highlight the ability of VideoTP0 to refine
inference-time reasoning without requiring additional training. Furthermore, pre-rewriter and post-rewriter
strategies also yield performance improvements. This indicates that test-time scaling can effectively unlock
reasoning capabilities for video generation.

5.5 Further Analysis

Analysis of Metric-Human Alignment. To evaluate the reliability of our proposed metrics, we compare the
alignment with human judgments, as shown in Figure 7 (Left). Our metrics demonstrate high alignment with
human assessments, validating the robustness of our metrics in capturing reasoning-specific task performance,
offering a reliable alternative to manual evaluation.

Analysis of VideoTPO Refined Prompt. We further evaluate the impact of prompt optimization by comparing
Wan2.1 with two refined prompts: ‘w/ HYV Prompt’ (optimized by VideoTPO on HunyuanVideo) and ‘+
VideoTPO’. As shown in Figure 7 (Right), ‘Wan2.1 w/ HYV Prompt’ shows limited improvement or even
degradation, while ‘wan2.1 + VideoTPO’ achieves significant gains across all dimensions. Beyond validating
the effectiveness of our VideoTPO, this further demonstrates that different models exhibit varying preferences
for prompts.

6 Conclusion

In this work, we present TiViBench, a hierarchical benchmark designed to evaluate reasoning capabilities
of 12V generation models across four dimensions: Structural Reasoning € Search, Spatial & Visual Pattern
Reasoning, Symbolic & Logical Reasoning, and Action Planning & Task Ezxecution. With 595 samples across
24 task scenarios and 3 difficulty levels, TiViBench provides a comprehensive suite for benchmarking the
reasoning capabilities in video generation models. Our evaluation reveals that while commercial models
demonstrate stronger and more consistent reasoning capabilities, open-source models show promising yet
unstable performance. To this end, we propose VideoTPO, a lightweight test-time strategy leveraging multi-
pass generation and preference alignment to unlock model potential without additional training, achieving
fine-grained optimization at test time.
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Appendix

A More Details of Evaluation Dimension

A.1 Motivation for Each Scenario

To comprehensively evaluate visual reasoning in video generative models, we design 24 diverse task scenarios
across four key dimensions. Each scenario is carefully crafted to challenge specific aspects of visual reasoning,
ensuring a systematic assessment of models’ ability to perform beyond general video generation. Below, we
outline the motivation for each scenario:

Structural Reasoning & Search. Structural reasoning tasks assess models’ ability to understand and navigate
complex spatial structures, sequences, and rules, which are critical for reasoning in dynamic environments.

e Graph Traversal: Tests the model’s capability to explore structured graphs and identify valid traversal paths,
simulating real-world spatial reasoning.

e Maze Solving: Challenges models to navigate through constrained environments, requiring spatial planning
and decision-making.

e Sorting Numbers: Evaluates logical ordering of visual elements, emphasizing reasoning over numerical
structures in dynamic contexts.

e Temporal Ordering: Assesses the model’s ability to infer sequential relationships between events or frames.

e Rule Extrapolation: Tests the model’s understanding of abstract rules and its ability to generalize them to
new scenarios.

e Game Move: Simulates decision-making in strategic games, requiring models to predict valid moves based on
spatial and logical reasoning.

Spatial & Visual Pattern Reasoning. These scenarios focus on recognizing patterns, relationships, and
visual consistencies, which are foundational to reasoning in visual contexts.

e Shape Fitting: Challenges models to match shapes into predefined spaces, testing spatial alignment and
pattern recognition.

e Connecting Colors: Evaluates the ability to identify and connect visually related elements based on color
patterns.

e Pattern Recognition: Assesses model’s capacity to detect recurring patterns and infer underlying rules.

e Odd-one-out: Tests model’s ability to identify anomalies in visual sets, requiring attention to detail and
comparative reasoning.

e Counting Objects: Focuses on numerical reasoning by evaluating the model’s ability to count and quantify
visual elements.

e Visual Analogy: Assesses abstract reasoning by requiring models to identify analogical relationships between
visual objects.

Symbolic & Logical Reasoning. Symbolic reasoning tasks test the ability to understand abstract symbols,
logical rules, and numerical relationships.

e Sudoku Completion: Challenges models to complete structured puzzles based on logical constraints, testing
symbolic reasoning.

o Symbolic Reasoning: Evaluates the model’s ability to infer relationships between abstract symbols and make
logical deductions.

e Arithmetic: Tests numerical reasoning by requiring models to solve basic arithmetic problems presented
visually.

o Visual Deduction: Assesses the ability to infer logical conclusions from visual cues, such as completing partially
visible objects.

o Transitive Reasoning: Challenges models to infer indirect relationships between elements based on transitive
logic.
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Figure 8 Data demonstration across easy, medium, and hard. (Top Left) Structural Reasoning & Search. (Top
Right) Symbolic & Logical Reasoning. (Bottom Left) Spatial & Visual Pattern Reasoning. (Bottom Right) Action
Planning & Task Execution.

¢ Game Rule: Evaluates understanding of abstract rules and their application in visual environments.

Action Planning & Task Execution. These tasks simulate real-world scenarios requiring multi-step planning,
execution, and adaptability in dynamic environments.

o Tool Use: Assesses models’ ability to infer the correct use of tools based on visual cues and task requirements.

e Robot Navigation: Challenges models to plan and execute navigation in complex spatial environments,
simulating robotic reasoning.

e Goal-directed Planning: Tests multi-step planning towards achieving specific goals in dynamic settings.

e Multi-step Manipulation: Evaluates the ability to coordinate and execute sequential actions to manipulate
objects.

o Instruction Following: Assesses models’ capacity to interpret visual instructions and execute tasks accordingly.

e Game Strategy: Challenges strategic reasoning by requiring models to plan and execute moves in visually
dynamic games.

A.2 Data Demonstration

Here, we present examples of our TiViBench in Figure 8 to provide a more vivid illustration of the three
difficulty levels: easy, medium, and hard.

B More Details of Prompt Suite

B.1 Prompt Generation

We adopt Gemini-2.5-Pro (DeepMind, 2024) as a powerful assistant to generate an initial version of the
inference prompt for our TiViBench. Here we further detail the task prompt for each dimension:

Structural Reasoning & Search

"""You are a senior researcher in computer vision. You are tasked with generating detailed prompts
for Image-to-Video (l12V) data samples that evaluate Structural Reasoning & Search abilities.

You are given two images: {initial_image} shows the initial state, and {target_image} shows the
target state. The corresponding task is {task}.
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Generate a detailed, narratively rich prompt describing how the main subject logically evolves
from the initial to the target state.

Key points to emphasize:

- Center on video content, avoiding overly directive instructions.

- Clearly define the start and end states without revealing the exact solution path, maintaining
goal clarity.

- Imply hidden constraints or rules that the model must infer to understand the transformation.

- Ensure the prompt describes a task that unfolds logically and coherently over time, highlighting
temporal progression.

- Keep the prompt length under 150 tokens.

Describe the transformation as a logical exploration or structured problem-solving journey,
inviting the model to infer intermediate steps and rules that connect the two states.

Spatial & Visual Pattern Reasoning

"""You are a senior researcher in computer vision. You are tasked with generating detailed prompts
for Image-to-Video (I12V) data samples that evaluate Spatial & Visual Pattern Reasoning
abilities. You are given two images: {initial_image} shows the initial spatial arrangement,
and {target_image} shows the target arrangement. The corresponding task is {task}.

Generate a vivid, descriptive prompt explaining how the main subject spatially transforms from the
initial to the target state.

Key points to emphasize:

- Center on video content, avoiding overly directive instructions.

- Provide rich visual descriptions of shapes, colors, positions, and spatial relationships to
enhance visual specificity.

- Encourage recognition and extension of visual patterns, such as shape fitting, rotations, or
color connections.

- Allow for open-ended interpretations or multiple valid transformations, without restricting to a
single solution.

- Keep the prompt length under 150 tokens.

Narrate the spatial evolution as a dynamic visual story, focusing on how the subject’s spatial
configuration changes over time.

Symbolic & Logical Reasoning

"""You are a senior researcher in computer vision. You are tasked with generating detailed prompts
for Image-to-Video (l12V) data samples that evaluate Symbolic & Logical Reasoning abilities.
You are given two images: {initial_image} shows the initial symbolic or logical state, and {
target_image} shows the target state. The corresponding task is {task}.

Generate a detailed, narratively engaging prompt describing how the symbolic elements or logical
conditions in the initial image evolve into those in the target image.

Key points to emphasize:

- Center on video content, avoiding overly directive instructions.

- Avoid explicitly stating the rules; instead, imply constraints so that the model discovers them
implicitly.

- Integrate symbolic reasoning tightly with the visual elements present in the images.

- Ensure the task involves a clear logical progression or sequence of reasoning steps connecting
the two states.

- Keep the prompt length under 150 tokens.

Describe the transformation as a story of abstract reasoning and symbolic manipulation unfolding
through logical inference.

Action Planning & Task Execution

"""You are a senior researcher in computer vision. You are tasked with generating detailed prompts
for Image-to-Video (I12V) data samples that evaluate Action Planning & Task Execution
abilities. You are given two images: {initial_image} shows the initial scenario, and {
target_image} shows the final scenario. The corresponding task is {task}.

Generate a richly descriptive, narrative prompt explaining how the main subject plans and executes
a sequence of actions to reach the target state.
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Key points to emphasize:

- Center on video content, avoiding overly directive instructions.

- Define the overall goal clearly while leaving intermediate steps implicit, encouraging goal-
oriented interpretation.

- Highlight the necessity of multi-step reasoning and sequential action planning.

- Emphasize causal relationships and logical cause-and-effect connections between actions and
outcomes.

- Keep the prompt length under 150 tokens.

Frame the transformation as a purposeful, temporally coherent journey of task execution and goal
fulfillment.

B.2 Case Study

Here we provide case studies on our prompt creation process in Figure 9.

C More Details of Metric Suite

Uunlike the metrics commonly used for evaluating video generation models (e.g., temporal coherence, semantic
alignment (Huang et al., 2024b,a)), most visual reasoning tasks often have verifiable targets. However, unlike
LLM reasoning, which can rely on expert models (e.g., GPT-40 (Wang et al., 2024; Lu et al., 2024)) at the
text level, evaluating visual reasoning requires models to demonstrate a wide range of visual capabilities, e.g.,
OCR, counting, and tracking. This makes it challenging to achieve a comprehensive evaluation using a single
expert model. To this end, we design task-specific metrics to accurately and systematically assess different
types of tasks.

C.1 Final-State Validation

OpenCV-based Metrics. To evaluate visual reasoning tasks with clear and verifiable targets, we leverage
OpenCV-based (OpenCV Development Team, 2025) metrics tailored to specific task types. These metrics are
designed to assess the model’s ability to perform nuanced visual operations such as edge detection, contour
extraction, object segmentation, and OCR.

91 Sudoku Recognition: This metric evaluates the ability to extract and interpret the digits within a Sudoku

Figure 9 Example demonstrations of our prompt creation process.
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grid from an image or video frame. The process involves detecting the grid structure via edge detection
and contour approximation, applying perspective transformation, and segmenting the grid into cells. The
extracted digit matrix is compared against the ground truth for correctness.

= Mathematical FEvaluation: For tasks involving mathematical equations, this metric assesses the accuracy of
OCR-based text recognition and the semantic equivalence of mathematical expressions. After preprocessing
the image (e.g., binarization), the recognized text is parsed and evaluated. The comparison accounts for
both exact textual matches and equivalence in computed results, ensuring a comprehensive assessment of
the model’s reasoning capabilities.

» Visual Multiple Choice: This metric is designed for tasks requiring the identification of correct answers
from visual cues, such as detecting red boxes containing letters. It utilizes color segmentation in HSV
space to identify candidate regions and applies OCR to extract the letter within each detected box. The
correctness is determined by matching the extracted letter with the ground truth answer.

»» Numeric Sequence Completion: For tasks requiring the completion of numerical sequences, this metric
evaluates the accuracy of OCR-based recognition of digits. Through preprocessing and binarization, the
sequence is extracted from the video frame and compared with the ground truth. This metric focuses on
precise textual recognition and sequence matching.

> Graphic Sorting Tasks: This metric assesses the model’s ability to detect and compare graphical elements,
such as blue bars in sorting tasks. Using color segmentation and contour analysis, the heights of bars
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are measured and compared against the ground truth. The evaluation accounts for both the number of
detected bars and their relative heights, ensuring alignment with the expected order.

» Match-3-like Games: For visual tasks resembling games (e.g., "match-3" or elimination games), this metric
compares the structural and pixel-level similarity between the final frame and the ground truth. Edge
detection and SSIM are used to evaluate the overlap in patterns and overall image alignment, ensuring the
model’s output adheres to the expected configuration.

DINO-based Metrics. To evaluate tasks requiring complex visual reasoning and spatial understanding, we
design a set of metrics based on DINO (Caron et al., 2021). These metrics are particularly suited for tasks
that involve structured visual patterns, such as completing shape sequences, refining sketches, organizing
temporal events, solving puzzles, spatial reasoning (e.g., mirroring, rotation), and board game recognition. By
leveraging DINO’s ability to extract robust and high-level semantic features, we ensure that the evaluation is
both adaptable and precise.

The core idea behind these metrics is to focus on
task-relevant regions within the visual input, rather

than evaluating the entire frame. For each sample, we
manually annotate the target state with a bounding

box that specifies the area of interest. The cropped

regions from the model’s output and ground truth are

passed through DINO to extract high-dimensional se-

mantic features. Cosine similarity between these fea-

tures quantifies alignment, with task-specific thresh-

olds determining correctness. This approach ensures
robustness to low-level variations while capturing
high-level semantic alignment. DINO-based metrics

provide a flexible framework for assessing diverse

visual reasoning tasks, combining localized evaluation with powerful feature extraction to bridge the gap
between pixel-level comparisons and semantic understanding.

DINO-X-based Grounding Metrics. For tasks requiring complex visual grounding or dynamic target
detection, we propose DINO-X-based (Ren et al., 2024) metrics, leveraging DINO-X’s powerful grounding
capability. These metrics are particularly suited for scenarios where target areas cannot be predefined or
require advanced recognition, e.g., free-space mathematical reasoning, object counting, graph traversal, and
odd-one-out detection tasks.

The core idea is to dynamically ground task-relevant objects or regions based on high-level semantic prompts.
For instance, in graph traversal tasks, we evaluate the number and types of nodes by grounding their visual
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attributes; and for odd-one-out tasks, we assess the
positional and semantic differences of grounded ob-
jects (e.g., "colored circles") between the generated
and ground truth frames. DINO-X enables flexible
and robust evaluation by dynamically adapting to
task-specific prompts and extracting high-level se-
mantic features. This approach ensures that tasks
with diverse visual reasoning requirements are eval-
uated consistently and accurately, even under chal-
lenging conditions where predefined regions or static
rules are insufficient.

C.2 Process-and-Goal Consistency

DINO-X-based Tracking Metrics. While final-state validation is sufficient for some tasks, many require
evaluating the entire process to ensure both the correctness of the goal and the validity of the intermediate
steps. To address this, we propose DINO-X-based tracking metrics that leverage video tracking and trajectory
analysis to assess process-and-goal consistency. These metrics are particularly suitable for tasks such as maze
solving, where the solution must avoid invalid actions (e.g., crossing walls or boundaries), and sequential
elimination tasks, where objects must disappear in a specific order.

The core methodology involves using DINO-

X’s visual grounding capabilities to track task-

relevant objects or regions across frames. For

example, in trajectory-based tasks, we ex-

tract object trajectories by uniformly sampling

frames and grounding specific prompts (e.g.,

"blue block") to detect and record object po-

sitions over time. Trajectories are then com-

pared against ground truth, ensuring align-

ment in both spatial and temporal dimensions;

and for sequential tasks, we analyze the pres-

ence and disappearance of objects (e.g., "blue ball", "red ball") across sampled frames. The metric validates
both the final state (e.g., all objects are eliminated) and the intermediate process (e.g., objects disappear in
the correct sequence).

Gemini-based QA Metrics. For tasks requiring extensive factual reasoning, such as action planning or tool
use, traditional metrics based on visual grounding or trajectory analysis may fall short in capturing the
nuanced logical dependencies and causal relationships inherent to these tasks. To address this limitation, we
introduce VLM-based QA Metrics (Zhang et al., 2024b; Lu et al., 2024; Zhang et al., 2024a), that leverages
the reasoning capabilities of Gemini-2.5-Pro (DeepMind, 2024) to assess task performance through question
answering.

Specifically, for each sample in this category,
we design two or three binary questions tai-
lored to the task’s core requirements (e.g., "Is
the wrench picked up in the video?"). These
questions are constructed to capture key as-
pects of the task’s correctness, including inter-
mediate actions, causal dependencies, and goal
achievement. The generated video is then pro-
vided to Gemini-2.5-Pro along with the ques-
tions, and its responses are compared against
the ground truth. A sample is deemed correct
only if all three answers align with the ground truth, ensuring a high standard of evaluation fidelity.
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D More Details of VideoTPO

D.1 Prompt Design

Following TextGrad [Nature25] (Yuksekgonul et al., 2025), we adopt GPT-40 (Achiam et al., 2023) as
the optimizer and adopt the vanilla prompts for textual gradient calculation and prompt update from its
implementation. To meet the requirements of video generation optimization, we further designed the textual
loss calculation prompt:

""You are a video generation system optimization expert tasked with evaluating a target text
prompt and the generated video. Analyze the strengths and weaknesses of each generated video
step by step, and explain why the video is not good or why it is good.

**Current Prompt**:
{current_prompt}

**Reasoning Task**:
{task_definition}

**Note **:

- The videos were stitched together vertically to form a single video for comparison purposes.

- Your output should only include the analysis.

- There may be instances where both videos are subpar, necessitating strict adherence to the task
definition.

**|nput Videos**:
{input_videos}

D.2 More Analysis

Analysis of Self-Analysis vs. Reward Model. In TPO’s (Li et al., 2025¢) setting, a reward model is
employed to select a preferred sample and a non-preferred sample from the generated candidates, which are
then used to compute textual loss and gradients. However, VideoTPO eliminates the need for an additional
reward model by leveraging task-specific VLMs (i.e., GPT-40) to conduct self-analysis among candidate
samples. The self-analysis process identifies strengths and weaknesses of each sample, directly informing
optimization without relying on external scoring models.

To validate the effectiveness of our strategy, we compare VideoTP0O with two widely-used reward strategies:
CLIP scoring and GPT scoring, as shown in Figure 10 (Left). Results show that VideoTP0 achieves significantly
better accuracy, outperforming these reward-based methods across all reasoning dimensions. This advantage
is likely due to the complexity of reasoning tasks, where candidate samples often exhibit subtle differences.
In such cases, relying on a reward model to identify the "best" and "worst" samples provides limited utility,
while self-analysis enables a more nuanced understanding of sample quality.

Figure 10 (Left) Analysis of VideoTPO’s rewarding strategies; (Middle) Scaling width across sample numbers; and
(Right) Scaling depth across test-time training steps.
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Analysis of Scaling in Width and Depth. To further evaluate the scalability of VideoTPO, we explore its
performance under varying candidate sample numbers (width) and scaling steps (depth), with our default
settings of 2 samples and 2 steps, respectively. Figure 10 (Middle and Right) illustrates the impact of scaling
in both dimensions.

In terms of width, increasing the number of candidate samples consistently improves accuracy, as the self-
analysis process benefits from a broader pool of options to identify optimal reasoning pathways. Similarly,
scaling in depth—Dby increasing the number of test-time training steps—also yields substantial performance
gains, demonstrating the robustness of VideoTP0 under extended optimization. These results highlight the
flexibility and effectiveness of VideoTPO, making it a scalable solution for reasoning-intensive video generation
tasks.

E Exhibition Board

Demonstration of Results with VideoTP0O. Here we provide qualitative results of VideoTPO from Figure 11
to Figure 18.

Demonstration of Results on TiViBench. For more comparison results of evaluation on TiViBench, please
refer to our project page: https://haroldchen19.github.io/TiViBench-Page/.
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Figure 11 Case demonstration of VideoTPO.
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Figure 12 Case demonstration of VideoTPO.
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Figure 13 Case demonstration of VideoTPO.
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GHAUSWRY/R DB EDANI URXQG RUI GDIY LQDFRWP LE HYLLRGP HYMR HOKUH\KHWMHP DIF DSHRAAY FEBMUHGLOWH
YIGR

) RXVRQUGEED! \ @PLFV 7 KHSURP SVRXGLFOCHGHEY CERAVWHG (TP LEVR \KHEXEEGY \KFK D/AKHU
P RYHP HARULQMIRNRQZ WK WHHQYLLRGP MR HOKUH\KH YLG-R FDBMUA/DP RIHHY DILQ) DQGFRHHQADUDIYH

5HP RYH8 QUHDWG( ®P HOV 7 KHSURP SWKRX@H STAMD \WBM\KDARHI REXVIVAVRBD RQ\KHEXEEGY DQG\WHU
HIDXHIFH QVARAUDILQ) \WHIGFOMRQR XQUHIDMS HBP HOVONHFDVRUKXP DRI LIXUA/AKDAGHMPWURP \KHP DQQUDAYH

6SHAI\ 9 XOOY QMR 7 RHQXUHD\P RRIK DQG BRI LFEDOHTXHIFH \WHSURP SWARXTS GHAUEHWKH YIVXDD
QMR EHE HOWHGMVSSHIDGAHR EXEEGY \WKFAK DvI DAQ) HIHAVRMILIJHIQ) DQP DARY/ RIXICGHWWHYIGR
JHHDNRQSIRHN

%4 LOFRSRIDIY WHHVKIJHANRQY WHSURP SWADQ MU X GHWH YIG-R JHHDARQ SURFHWAR SUIRGAHD YIG-R WDV
DDIQVZ LW \KHLQMIGHE QUDAYHDQG\KHP DIF HBP HQV

2 SWP [JHS3URP SW

7KHYIG-R\KRZ VDWQ) R QP EHIHGEXEEGVI GO 7 KHEXEEGY AMCBSHIULQDAHIBQ) QP HIFDOR.GH WY
1URP \WHEZ HIMQP EHIDQG SURHHAQ) RWWHKLI KHIM RTBRZ LQJ) DGHIEH DMDQGGILFDOHDHIH  HIFK YOQMWKLQY
W JHWARHGH W7 KHIRFXVLVVRBID ROWHEXEEGV DG WHLNHIXHIH Z LW P RR YIVXOOAQUWRQAKFK DVI DAQ)
HIHAWIX.AQ) WHQVDSSHDDGRH 1 RXQUHIAG HBP HQWANHFDVRUKXP DRI LIXUY DHIGFOGHE HQXUQ) DFRKHIQWV
DUDAYHFHOAHG RQWHEXEEGY DG \WHUG (TP LEV

1H * HHDMG6DP SO

([CPS® RQ: DQ  3DW

, QBXW
7 KHYIG-R\KRZ VDQXQRYHGHIXDIRY 2 YHMP H \WHFRW-RANDQZ HUDSSHILY
D\MAMHHIXOOLIQ LQWH\DP HI ROADAKHHDXDIRQ

* HOH.DMG 6DP SBV

Figure 14 Case demonstration of VideoTPO.
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([DPSBI RQ: DQ 30,

7H WDO RW
7KHO@DOMVR \KHIHHDMS YIG-R EDHGRQWHSURP SWVDVI RTRZ V

BWHIWY

9 KOO XDV 7KHYIGR G-P RQXDAV FBOUDQG Z HDUHIGHIHG YMKOY Z W REMPNV DG \FHHYCSSHDUQ) \KDLS
DQGCHEIGG 7 KLYIQAFDM/AKDARHLP DIH R YIG-R JHHDIRQM WP LVFDSCEBIR: SURGAQ) KLIK TXODW YMXOY

SROIMMA $FRW) UPH/ 7 KHREMANVDQG\HMQIVIQWH YLGHR UHP DQFRQUIMMMKURXI KRAWZ KLFK LVD
SRIMYHDSHAAR YIG-R JHHDIRQDYIVDYR G/ CEXSWAKDQI H/RUGMBINRY/

© HINGHRHY

, WHBYDFHWR\WH3URP S 7 KHYLGHR GRAVQRADII QZ I WHJLYHQ SURP SW7 KHSURP SWSHALLFVKDARHYIGHR
\KRX@ G-BLAIRXQRYHGHIXDIRY | RTBZ HGE! \WHFRUWHANDQZ HUDSSHDUQ) D WUMHHTXOOUI QLOWH\LP HI RQV
, QXNDG WHYLGHR\KRZ VAFHIH/R | RRG SUHSDUDANRQ DG FRQIGHY Z KIFK DUHHQMHD XQUHDAG\R WHFRGA-BVR
HIXDARQ/RUP DXHP DIFDCEUREGP \ROLQ)

/ OANR ) DA XQHAARWH) WY WP H 7 KHI LWWVULP HGRAY QRAMXIEDAK \WHSUHHIHR DQHNXDMRQRUID
P DKHP DIFDOARQM WZ KLFK LV DFUMPADOUHTXULAP HOAR WHSURP SW7 KHIHHDMG YIG-R | LR LGFR SRIDMWHGHHADY
HBP HONIURP \KHWBLW

1 R3WRIVAMRQR \WH( TXDIRY 7 KHSURP SWP SKDU] H/WHG P LF CSSHOUGFHR WHFRWHAADQZ HURYHMP H
7 KV SIRIAMEQLY CEVHAQWHYIGR DAKHHLY QR HDXDIRQRUDQZ HJAVSD H3DAIQ SRQN

) RMDQG7H VB HBUAHQIIRY 7 KHSURP SNGHALL LHVAKDARHFRUWHRNIQZ HMKRX@S CESHIULQWWH\EP HI RQAD/KH
HIXDARQ 61GFHQR HNXOMRQRM W/ SIAHANQWKHYIG-R KLY UHTXULP HOAYHMHD XQP HVY

2 YHD® YDODMRQ
7 KHIHHDMS YIG-R IVVKESDUBHFDXOHIWOI AR DEKHHVR \WHSURP SW/UHTXLUP HQI - KUGIKH YLVXDOTXODW DQG
FROMMMP DHVIHIWY \WH YIG-R GRHY/GRIG-BLANIQ XQRYHE HDXOIRQRAKHOSSHODGFHR  DARUWHANIQZ HJ P INGQJ (W
LLUHBYDQARWHBN %R YLGHRY MINRKHG VR HAHUGR GRVXOLEDRHLQMGHE SXSRH DG WHFRQMAY FRP SBIMD
QAVFRQHAMGI R WHSURP SW

7H DO WDAHQW

&MU\ WHERQM WA WH( DOMRY 7 KHSURP SWERVGRNSHAL \WHWSHR HDXOMRQ HJ - P DKH-P DIFD
FKHP LFDORUM P ERTF RUHARQM WOQZ KIFK IMISSHDY $ GAQ) GHEIOY\XFK DV DP DKHP DNFDCHNDARQZ UMKMDRQD
FKDDERDSG RJ DAKHP LFDCHNXOMRQAVSD H3RQDAIMIDFHHY Z RXTS SURYIGHFBDHIXAIFHR WHYLG-R JHHDIRQ
WP DG HQKUHWKHI HHIDMG YIGH-R DI QVZ WK \KHIQMIGHG FRGAHBW

6SHAI\ WH( QMR HQNV 7 KHSURP SWDRNVLQ RUP DINRQ CERXVWKH VAN RUECFNI URXQG Z KHIH\KHHTDXDMRQLY
QS HG ) RUH OP SB \GHAI\ Q) LODFDWIRRP \HMQ)  RU RDI XXUMIF KREJIUSKIE G\SD  Z RXGBKHS WHW AP
JHHDMD YLG-RWDAY YINXOTD FRKHHNDQE UHBYDQAR \KHVBN

" HIGHWH3UWRIBMRQO HKOQWP  7KHSKUDH RYHMP H \WHFRWHANIQZ HUDSSHLY LY YD) XHDQG GRVGRW
GHAUEHKRZ. \KHDQZ HMKRX@ CESHU 6KRXGIWDEHLQ EHWSHGRWRUHP HIHG (TP LFDD" , FOXAQ) D\GHALLF
PHKDQWP \XFK DV \WHFRUHADQZ HJI DEVIQIWDGD DWW VHFRQBY  Z RXGBP DNHWHSURP SWP RIHCRMRIE®!

( P SKDM] H) RQADQGEWBIS HIXUWP HOV - KUGIMHSURP SVWP HINRQVARDAKH FRUBMANIQZ HMKRX@ DSSHIU LQ\KH
\DP HIRMD/ARHHDOMRY  IWERA/GRASHAL WHI RQAMIMBIRUCSSHDGFHR \WHHDOMRQIMHD $ GAQ) CABIGYANH WH
HDOMRQLYZ UMKRLODERTS VAL | RQVRU WHHDDMRQLYAVED) H3LQDAIMIDMIQ/ VHL |RQVZ RXEBHUKUHWH \XAP
JHHDMAN VWKDAP DRKH/ARHIQMGHG DHAKHIFE

,FOGH7 HP SRIDCDQG6SDMD HELY 7 KHSURP SAERHVCRAGHAL \WHOADMRQR \WHYLG-R RAWH\SDID
DUDQIHP HWR \WHHDXDIRQDQGORZ HJ) RUH TP SBI\GHAIN Q) WHYIGROW  VHRQGY Z M WHHDOIRQAHOMBG
ROWH\AUHHQ DG WHDQZ HUDSSHUQ) RWHUIKWR WHHIXDOWQ Z RXTB SURYLGHFBOBHULQIKANRYY | RARHYIGHR
JHHDARQM kP

$ YRGS P ELIXW IQWHEXEVAO DU 7KHSKUDH XQRYHSHDDIRY FRXTG EHIQMSHMGLOP XASBIZ D V |V
WHHDONRQLGRP SBIM RULYIMDFRP SBIMHTYXDIRQP LMIQ) RQD WHDQZ HY & @I\ LQI WY \KFK D/ DFRP SBIM
P DIKHP DIFDCHNXOMRQP IMWQ) WHVROMRY  Z RXTB UHSXFHIP ELIXIW DQGLP SIRYHWHW kP VOELOW R IHHDM
UHBYDQNARQMV

GRSRDM \QPLF( GPHIV  7KHSURP SWRXGEHH IWURP \SHAI\ LQ) DEAWRIDOG (TP LF HBP HQVVR P DNH
WHYLG-RP RIHHYDILQ) ) RUQBGAH  \KHHDDIRQLYLQUIED WA DQGWHFRUHRANDIQZ HUDSSHILY Z LW DIGZ LQY
H I HAWZ RX@5 DGG YIVXOOLQMINNDQGE HOKUHWKH SURT UMRQ DI Q/Z W \KHSURP SW

Figure 15 Case demonstration of VideoTPO.
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([DPS®I RQ: DQ 3DV,

$ GAMHWWH7 DS XAHFH 7 KHSURP SWERVGRASHAL \WHIQMGHE DXAHFHRUSXIBRHR WHYIGR ) RU
H CP SO L WHYIGR VP HIQNVRUHSFDIRIDOSXSRAY \WHSURP SWVRXGLGFOGH WHYIGR LV GHLIGHG | ROVMGHV
GDQQ) DOHAD Z W FOOUDQGGILEGIM W 7 KLYZ RXGEKHS WHW WP VELRWH YLGHR R \WH CSSURSUDMFRQM W

$ YRG2 YHJHHDG DARY 7 KHSURP SWVRYH® JHHIDODQG GR/RBRVIGHHRXIK FROMIIQN| ROWHYIGR
JHHDARQM WP \R SURGKFH D UHBYDQARXEWS GAQ) \SHAL LF GHBIOY CERXWKHHTXDINRQ DQZ HJ DQG YVXDOWMBIZ RXTS
UOAHWHONHIKRRGR JHHDAY LUHBYDQNRQMIMAAK DARHHVR | RRGSUEIIDIRY

7HIWRY GIH&DH/ 7 KHSURP SIWKRXT CAFRXQVRUHGIHFDHYZ KHIHWHW AP P LIKWP IMQM SUAAKH

LOAMKANRY/ ) RUH CP SB1 H STAMD WHMY  WH YLGHR \KRXE QRACFOGHXQUHIMAMG REMPVRUVAHHY \WFK DVI RRGRU
OBASBH Z RXGKHS SUHIMHIHHDIROR LLUHBYDONARQMW
94 DEAHMQ) WHHZ HINGHWH/DQGDGAQ) P RUHVGHAILAW \WHSURP SWDQ EHIMLIXLGHWH YIG-R JHHIDMROM WP R
SIRGAHRAGXWKDAIDI QZ W \KHLQMGHG REVRAYH

2 SWP [JHS3URP SW

7 KHIGR\KRZ VDARP SBIMP DKHP DIFDCHNXDARQ Z UMKDLQERTS VAL | RQARQDFKDDERIGIQDFDWRRP \HAY)

2 YHAMP H \WHFRUHAAIQZ HJJUDGOD | DGH/LQDMAMHHIXOOLIQ P DQBIQQ) \KHVIP HERT \HIl | RYNIMBID/WH
HDOMRQ 7KHYIGROW  VHRQBY Z K \KHHDXDIRQ AHOMHG RQWH\AUHHD DG WHDQZ HUCBSHIKY G (TP LD \R
WHUIKWR \WHHDXOOWIQ 7 KHSURIBMRQLGFOGHDIGZ LQJ H I HADAKHDQZ HIHP HIHY DEAQ) YIVXOOQMMXNZ KLBH
HQXUQ) FOUMY DQGGILELAM | RUHSFDMRDOSXUSRAY

1H * HHDMG60P SGI

([DPS® RQ: DQ  3DW

Y@X\N
7 KHYLG-R G-P RQADAV YDURXYFRQEIGHY DQGRYHMP H KLIKQIKW\KHP RV
\KABEBHLQXDME FRQBGHUI RUBIQILQ) 0GR \RZ RINZ LW DJIUHQFKHANP DN
* HQH.DMG 60P SGV
7H DO RW
$ Q@OUY

) LW LGR 7RS 6HURY
BWHIWY
7 KHYIG-R BHILQVZ \W DFBDUGHBLANRQR \RRY DG WP VAWDWRX@B BHXVHG | RUSTAN.GQ) OQRK \WAK DVFRQIBICGHY
DOGI RRGLMP V 7KLY DDIQVZ LW \KHSURP SIVUHTXLP HOAMR\KRZ DVAHHR \RROOH
7 KHIUHQRKHANP DN CSSHWRQRHR \WH\RRY LQEFDY WHVHBRIROR WHEHWWXAMG WP | RUSCANQ) OXQK
7 KIVLVI DMK XOR \WHSURP SW/IQUKANRY
T HINGHWHY

Figure 16 Case demonstration of VideoTPO.
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([DPS®I RQ: DQ 3D,

7 KHWDQMMRQ EHE HHQI WP HYLY CEXSWIQGORNAP RREGHW P INGQ) WHYIGHR | HOGWRQAMS

7 KHIUHQRKHANP DUN CBSHILYZ WRADQ. FRQM WRUDQP DARQ UHSXALQ) \WH YIVXOCDSSHICDQGFOUMW R \WH
\HDRNRQSURFHW

7KHYIGR GRHVGRABIRYIGHDQ G @P LF CRMRQRULQMIPNRQZ W WH\RRY Z KIFK Z RXG HKDGFHWHGHBLANRQR!
\BROOH

7 KHQIKWY DQGARBRUARQUIMM A DUHVOIKW R P INQ) WHVAHH DESHIUGW U

6HRIGI LGR YRWP 6HAIRD

BWHIWY

7 KHYLG-R\KRZ VD SHYRQIRAIYHD LQMIRNY Z W \BRY \KFK DVSOANG) | RRGLQR DFRQEIGH) 7KIVG P LF CRIRY
EHWUBBUAHON \RROOH FRP SDUGVRWHI LLIWWIGR

7 KHVAHHLY Y\WXDED DSSHDIY Z WK YLELDQAFRELY DQG D UHDDMF G-BIAMRQR WHVRRY DQG | RRGLWP V/

T HINGHWHY

7 KHIUHQRKHANP DN LVP Q) HQWHD  Z KLFK LD RUMFDCHBP HAR \WHSURP SV WRXAVWKHYLGR | DOV\R | XDLED
WHUANXUHP HOAWR LQAFDAY) \WHERXWXMG\RRO RUSCANG) OXQRK

. KUGIWHLQMIRNRQLY FBOU \WHYLG-R GRHVGRAW STAMD Gl | HHQIDMEHE HVRRY RUKLIKQIKWE K\ RGHLYEHIW
WG RUSCANG) OQRK

7 KHIUP LQ) DQG1 RAXVRQWHERY FARX@ EHLP SURYHG\R HP SKDM] H\WHUURBILQWHVFHH

2 YHD® YDODIRQ

7 KHILWAWLG-R SDMDID [ XOLAY\WHSURP SR LFXAQ) DIUHRKHANP DUN DQG\KRZ Q) RRY EXVWWDANG TP LF
LQMIFIRQDQG\P RRN\WDQANRYY P ENQ) IWBWHIDILQ) DG UDDXF

7 KHVHFRGYIGRH FHYLQG-BIAMY \RROHWURXI K CRRYHIQMIPWRQ DQG YWXDODSSHICEXWOLY R [GFOGHWHI UHD
FKHANP OUN Z KUK LV DRUMFDCDSHRAAR \RHSURP S

1 HWHYIG-RIXT@ P HAVKHUATXULP HOVR \WHSURP SW7 KHI LIWALGHR LV FERHNR WH SURP SW/LQXKRNRQY XD
TXODW DQGHY DI HP HAVZ KIGIWHVHRQG YIGHR LV YIVXOD \KSHIRUBXWP IWH/NA - HBP HOVR \KHSURP SW

7H WDO* WDAHQW

$PEIXWIQ WRH  7TKHSKUDH \BROMH LV YDIXHDQGGRVGRAGHA WHWSHR \RRYRAHDMHR \WHU
XVH 7 KLY FRXE BOG\R LAFRQAMNOM SHBIR/E. \KHYIG-RIHHDNRQM WP 7 RLP SURYHFDUW \KHSURP SR
H STAM® GHAUEHWHWRYLQRYHS HJ - OGRK FRQEICHY XMUY RUIRRG SUHSDUDIRQWRRY DQG\WH\GHALLF CRARYY
H SHAMG H)  SOANG) | RRGLQR FRQEICHY DI @6/ RURUDQY] LQ) WPV

/ DANR HP SKDUVRQG QP LF IQMIRNRY 7 KHHYDODMRQKLIKDI KWWKDAG P LF LQMIRNRQZ WK \RRYLYDNH
WUHIW R \WHVHRRQG YIGHR EXVWYP LWIQ) LOWHI LYK KHSURP SWRX@GH STAMD BNXHWG QP LF CRMRYY RU CRMH
IQMIPNRY Z W WHVRRY R HQKUHWWHI HIH DG YLG-R LFOGHVHYI DILQY QG UHDIMIF P RYHP HQV \KAK D/DSHIRQ
SIANGQ) | RRGRUXMQ) XM

, QX | [AHGHABCDERAWKHIUHDKHANP DN 7 KHSURP SWERHVQRASHAL KRZ WHJIUHHQFKHANP DN \KRX@S
DSSHOURULQM.IAVZ WK\KRHVAHCH 7 KLY BDO/AR LFROUMMIAHY DAHHRLOWHHYDODMRQZ KHIHWHFKHANP DN LY H\KHU
CEUXSWRUP Q) HQNHD 7 KHSURP SWRXGEHLP SURYHGEL \GHALI\ QI WDWKHJ UHHQ FKHANP DN \KRX@ DSSHIUZ WK

\P RRK DQP DIRQ FOOLD LQAFDMY WH\HBRIRQSURAHW DQG YWD Gl I HHWDIY WHRKRHQ\RRO URP RKHY

1 RIXNEFHRQYWXDIISSHD 7 KHHYDDDMRQP HIMRQVIWAKHY/Z M @KWY FREBUFRQMMMEP  DOGUDDP LOWH
ILLIXWIGR 7 KHSURP SWRXBLGFOGHLQUMKANRYY | RUP DIQEIQQ) UDDME @KWY YIEDQAFRBLY DQG\P RRN WDQLMRY/
\R HOKOGRH\KH YWXDOTXODW R \WHIHHDMG YIGR

) DOUHWR KLU KQWKW K DWRAY BRNWWMG 7 KHSURP SWERHY QRABUIRYIGHRIMAID | RUGHMP LQIQJ Z K\ DWRRALY
\WHBEWOMG I RUSCANGQ) 0K 7 KIVEDEARDOAN R Al T HHNDNRQ BHE HOWRY IQWHVHRGYIGR 7 KHSURP SW
FRX@\SHAL\ WDMH YLGHR VKRX@ YO RUFRQM \WDO GHP RQMDM\KHDGYDQAI H/R \WHVHBRRMG WRO XK D/ LW

VI H IXQRIRDDWV RUFDHR X\H

1 RPHRQR WP QI RUIRRXYV 7 KHHYDOOWNRQ CRMYWWDVWIH | UDP L) DG I REXV RQWRY FRX@G BHLP SURYHGLQWH

Figure 17 Case demonstration of VideoTPO.
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([DPS® RQ: DQ  30W,,

VHFRIGYIGR 7 KHSURP SIWRXS LGFOGHLQIMKRNRQY | RUHQUKUQ) \WDAKHWRRY DUHSURP LGHO® GASD) HEDOGFBO®
QI HAHMDAMIURP RMHUHBP HWIQWHVAHH

, EHDOMIQAKAIRYY/| ROMYRAQ) YIGRY  BLGRHWWH YLG-RV DUHWMRKHG VR HM-UYH WD | RUFRP SDUMRQ \WH
SURP SIWARX@S L FOGHIXLADFHRQHKUQ) FROUMMR DG ARAHIHFHERE HQWH\E RVHRANRYY 7 KLVZ RXGKHS DIRG
CEXSMBQUMNRQY DQG HKUHD VP GW YLHZ L) H SHIHFH

&RQM \WOCFOUW 7 KHSURP SWERHVQRASHAL \WH\VHNEY RUHYURGP HOVRUWHVAHH Z KIFK FRXG BIG\R
L GFROMMMAH/LQWHIHHDMEYIGR $ GAQ) GBI CERVWWHVHMGY HJ  DNMKHOFRXQMJRUDOGRK STAN.Q) WIANRQ
Z RXG SURYIGHFBDUHUFRQM WRUWHYLG-R JHHDIRQM kP

% D3EHAMQI WHHLMXHY WHSURP SWDQEHP DEHP RHVGHALLF GABGBG DQGDDIHSZ W \WHREWMRRYHR JHHDIY
KLIK TXDOW YIGHRVKDAX@ P HHAKH UHDALHP HOV

2 SWP ] H33WRP SW

7 KHYLG-R G-BLAWD\VAHIHDADNVRKHQ FRXQALIZ KHH YDURXVARRY | RUSCAN.GY OGRK. \IXFK DV O(GRK FRQELCHY XMWY
D51 RRGSUHSDIDINRQLAP V DHAVED HG $ SHIRQDRAIYHD LQMEIFWZ W \KHWRY SCANQ) | RRGLOR FRQBICGHY DG
\VFDIQ @0V \KRZ FDUQ) G @P LF CANRY/DQG\RRONVH $ JUHDFKHANP DUN DSSHOWZ W \P RRK DQP DARQ FOO®

| QAFDMY WHVHBRMRQR WHEHAXXAG\RRO RUSDAN.Q) OGRK EDHGRQLWIXQRIRDIW M} H RIFDHR XVH 7 KHVAHH
LVYI\XOD CESHIIQ Z W HDOMF QIKWY  YIEDQAARERY DG \WP RREWBQUMRQY HKUQ) WHRRY DUHSURP LGHI®
QSO H3OQGAL I HHMDAG I URP RKHIHDP HQWIQWHHMLRP HQW

1H * HHDMG60P SGI

Figure 18 Case demonstration of VideoTPO.
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