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Based on the ego vehicle's actions in the video, what is the
most likely immediate action it will take next?

A: Change to right lane B: Turn left

C: Turn right

Figure 1. PAI-Bench overview. PAI-Bench is a real-world benchmark for evaluating Physical Al across video generation, conditional
video generation, and video understanding, spanning robotics, autonomous driving, human actions, industry, and other physical domains.

Abstract

Physical Al aims to develop models that can perceive
and predict real-world dynamics; yet, the extent to which
current multi-modal large language models and video gen-
erative models support these abilities is insufficiently un-
derstood. We introduce Physical Al Bench (PAI-Bench), a
unified and comprehensive benchmark that evaluates per-
ception and prediction capabilities across video generation,
conditional video generation, and video understanding,
comprising 2,808 real-world cases with task-aligned met-
rics designed to capture physical plausibility and domain-

specific reasoning. Our study provides a systematic assess-
ment of recent models and shows that video generative mod-
els, despite strong visual fidelity, often struggle to main-
tain physically coherent dynamics, while multi-modal large
language models exhibit limited performance in forecast-
ing and causal interpretation. These observations suggest
that current systems are still at an early stage in handling
the perceptual and predictive demands of Physical Al In
summary, PAI-Bench establishes a realistic foundation for
evaluating Physical AI and highlights key gaps that future
systems must address. The code is available at https :
//github.com/SHI-Labs/physical-ai-bench.
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1. Introduction

“Human intelligence was not forged in a vacuum. It was
sculpted by the relentless demands of the physical world."

We learned to think because we had to move, grasp, and
survive. Al systems stand at a similar threshold. To ma-
ture from a mere information processor into a truly capable
partner, they must leave the clean, predictable confines of
digital simulation and enter the messy, unforgiving reality.
This is the core mission of Physical AI: the embodiment
of intelligent algorithms into autonomous systems that must
perceive, predict, and act directly within the physical world.

In this work, we focus on the perception and prediction
components of this mission through visual signals, specif-
ically video streams. Regarding perception, while recent
multi-modal large language models (MLLMs) have demon-
strated escalating capabilities with increased scale [8, 50,
74], their advancements are predominantly validated using
benchmarks for abstract reasoning (e.g., OCR [30], mathe-
matical problems [71]) and simple daily-life perception [28,
69, 100]. Their true efficacy within specialized Physical
Al applications remains largely uncharted. Similarly, in
the domain of prediction, a Physical Al agent must rely
on an internal world model to forecast the consequences
of actions and complex physical dynamics. Video gener-
ative models (VGMs) [16, 62] represent a powerful new
paradigm for learning such dynamics, as they are implic-
itly trained to understand physics rules by predicting fu-
ture video frames. However, existing benchmarks [38, 39,
52, 99] for these models have largely focused on assessing
aesthetic appeal and temporal consistency, with far less at-
tention paid to evaluating their fundamental understanding
of real-world rules. It thus remains unclear whether they
can model complex interactions, adhere to physical laws, or
make reasonable predictions in practical applications.

To address these deficiencies and advance Physical Al,
we introduce Physical Al Bench (PAI-Bench), a com-
prehensive benchmark designed to systematically evaluate
model performance on tasks grounded in Physical Al. PAI-
Bench is structured into three distinct tracks:
¢ PAI-Bench-G (Generation): Targets prediction by evalu-
ating visual quality and physical plausibility of VGMs.
PAI-Bench-C (Conditional Generation): Further probes
prediction by evaluating the fidelity of conditional
VGMs, specifically their conformance to input control
signals (e.g., depth maps).

L]

PAI-Bench-U (Understanding): Targets the perception
component by evaluating MLLM capabilities on video
understanding tasks specific to the Physical Al domain.

All three tracks adhere to a unified design principle:
grounding evaluation in physically meaningful tasks and
real-world data. Specifically, all videos are sourced from
real-world captures, such as dashcam recordings. Further-

more, PAI-Bench covers several sub-domains, such as au-
tonomous vehicles, robotics, ego-view scenes, efc. , across
three tracks, comprising 2,808 high-quality cases.

Based on PAI-Bench, we conducted a comprehensive
evaluation of leading VGMs and MLLMs. Extensive ex-
periments reveal that while SOTA VGMs like Veo3 [21]
achieve high visual fidelity, their prediction abilities are lim-
ited, as they often fail to adhere to basic physical laws or
to model complex real-world dynamics. Concurrently, the
perception capabilities of powerful MLLMs, such as GPT-
5 [61], lag substantially behind human performance. These
findings suggest that the core prediction and perception ca-
pabilities required for Physical Al remain in a nascent stage.

In summary, our contributions are three-fold:

* We introduce PAI-Bench, the first benchmark to provide
a unified and comprehensive review of video generation,
conditional video generation, and video understanding.

* As the first high-quality benchmark grounded in Physi-
cal Al, PAI-Bench spans diverse scenarios (e.g., indus-
trial environments, everyday activities, physical common
sense) and incorporates a suite of task-aligned metrics.

* We conduct a large-scale evaluation of 15 VGMs, 4 con-
ditional VGMs with 5 control settings, and 16 MLLMs,
establishing the current landscape of Physical Al and
highlighting key challenges to guide future research.

2. Related Work

Prediction and Perception are foundational capabilities for
Physical Al applications. However, a significant gap per-
sists in current benchmarking: the absence of a compre-
hensive framework specifically for the Physical AI domain.
Furthermore, existing benchmarks are largely fragmented,
typically assessing prediction or perception in isolation.

In the realm of prediction, world models [4, 12, 16, 34]
are increasingly vital for applications such as robotics and
autonomous driving. A prominent paradigm utilizes VGMs
to forecast high-fidelity future frames [1, 4, 17, 21, 36, 60,
62, 77, 86, 91, 95]. This progress has spurred the proposal
of numerous benchmarks [26, 41, 52, 53, 56, 96]. How-
ever, existing evaluation methodologies are often narrow
in scope. Some benchmarks [38, 39, 99] primarily assess
visual quality and temporal consistency, while others [11,
14, 22, 56] concentrate exclusively on physical plausibility.
We introduce PAI-Bench-G, which distinguishes itself by
integrating both aspects via a domain score and a quality
score, with a strong emphasis on Physical Al applications.
Furthermore, a significant evaluation gap has emerged as
VGMs [3, 4, 21, 36, 62, 77, 95] increasingly leverage mul-
timodal control signals (e.g., depth maps) for guided syn-
thesis. No existing benchmark systematically tests this con-
trollability. PAI-Bench-C is therefore introduced as the first
benchmark to systematically evaluate this condition guided
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Table 1. Comparison with Other Benchmarks. Our PAI-Bench is designed with comprehensive domains in Physical Al Specifically,
we focus on scenarios involving practical applications, such as autonomous vehicles (AV), industry, embodied Al, and ego-centric views.

Video Conditional Video Video Embodied Egocentric Physical
Benchmarks # Examples Generation Generation Understanding Al AV Industry Views Common Sense
EvalCrafter [52] 700 v X X X X X X X
VBench [38] 800 v X X X X X X X
Physics-1Q [58] 198 v X X X X X X v
EgoSchema [55] 5000 X X v X X X v X
VideoMME [29] 2700 X X v X X X v X
MVP Bench [44] 54800 X X 4 4 X X v v
CausalVQA [27] 793 X X 4 X X X v X
PhyGenBench [56] 160 v X X X X X X v
IntPhys2 [14] 1070 v X v v X X X v
PAI-Bench (Ours) | 2808 | v v v | v v v v v
generation capability. Similarly, in the perception domain, 2500 . #OA Pairs 350
while numerous benchmarks exist for general video under- 2000/ 2% #Videos  |280
standing (e.g., action recognition) [28, 37, 48, 69, 71, 89, =
100], evaluations for physically grounded reasoning remain 1500 14 210
. . . . . 1087
notably limited, particularly for video-based analysis [20, 1000 o3 . 140
. . . 107 797 8 107
27, 47, 58, 72]. PAI-Bench-U bridges this gap by unify- 290
. . . . . 500 70
ing tasks for general video comprehension with a dedicated =
suite of physically grounded challenges. . — o - " o~
. . Q! \ \(
In summary, PAI-Bench is the first comprehensive st Py RocommO:;i:Omous\’e“‘ \ndvS

benchmark to focus specifically on the Physical Al domain.
By evaluating the capabilities of prediction and perception,
it provides a holistic framework for assessing the prepared-
ness of Al models for real-world physical interaction.

3. PAI-Bench

Overview. This section details the foundational principles
and construction process for each track of PAI-Bench. We
elaborate on the core motivation, the design principles, and
the data curation process. Specifically, PAI-Bench-G is pre-
sented in Section 3.1, PAI-Bench-C in Section 3.2, and PAI-
Bench-U in Section 3.3.

3.1. PAI-Bench-G: Video Generation

For prediction capability, models should be able to fore-
cast the next physically plausible states based on existing
information to dynamically adjust their policies. Within the
current community, VGMs are considered the most promis-
ing approach for this task. To evaluate the efficacy of these
models, we propose two metrics: 1) Quality Score to as-
sess the fidelity and coherence of the generated video, and
2) Domain Score to validate physical plausibility.

Data Curation. We curated videos from open-source
datasets and public web sources, focusing on Physical Al
domains (e.g., autonomous driving, robotics, and industrial
applications). The annotation involved a two-stage process.
First, to generate high-fidelity prompts, we employed an
advanced MLLM, i.e., Qwen2.5-VL-72B-Instruct [10], for
initial video captioning, followed by rigorous manual cu-
ration and correction. Second, to support Domain Score
assessment, we generated QA pairs by leveraging the on-

Figure 2. Numbers of videos and QA pairs across domains of
PAI-Bench-G. QA pairs are used for Domain Score evaluation.

tology from [7]. This process used an MLLM for candi-
date generation, with subsequent manual refinement ensur-
ing accuracy and relevance. The final dataset comprises
1,044 video-prompt pairs and 5,636 QA pairs across 6 do-
mains, as illustrated in Figure 2 and Figure 3.

Quality Score. We adopt 8 metrics from VBench and
VBench++ [38, 39, 99]. Among them, subject consis-
tency, background consistency, motion smoothness, aes-
thetic quality, imaging quality, and overall consistency eval-
uate the quality of the generated video and its alignment
with the textual input. In addition, image-to-video subject
and image-to-video background assess the quality of image-
conditioned video generation.

Domain Score. Evaluating the physical plausibility of the
generated video necessitates analyzing fine-grained spatio-
temporal details against foundational world knowledge.
To address this evaluation, we employ Qwen3-VL-235B-
A22B-Instruct [9] as a judge. We utilize the curated QA
pairs, which define the expected physical and semantic con-
tent, to query the MLLM against the generated video. The
Domain Score is defined as the MLLM’s response accuracy
across this QA set, quantifying the video’s adherence to the
specified physical and semantic constraints.

3.2. PAI-Bench-C: Conditional Video Generation

Control signals provide an interface through which humans
can constrain the solution trajectory of VGMs, making them
highly valuable in practical applications. In conditional
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Q: Given the goal "Ironing Clothes," and the agent's
current step in the video, what is the most plausible next
immediate subtask?

Caption: A robot is ironing clothes...

Eval Prompt: Did the clothes in the video get smoother?

Autonomous Vehicles

Q: Based on the ego vehicle's actions in the video, what is
the most likely immediate action it will take next?

Caption: On a suburban two-lane road, a yellow car
approaches and passes...
Eval Prompt: Does a yellow vehicle pass by the ego vehicle?

% Common Sense

Q: Where did this man put the basin for the vegetables

after cutting them?

Caption: A man is preparing the food in the kitchen...

Eval Prompt: Has the amount of vegetables in the basin for
vegetables increased?

Physics

Q: Which direction did the animal in the video fly away in
the end?

Q: What are these large machines used for?

Caption: In a factory, two uniformed workers adjust thread
spools....

Eval Prompt: Do the workers interact with the spools?

Caption: A majestic hawk pecks at a fish clutched in its
talons... cradle...

Eval Prompt: Does the bird hold a fish in its talons?

Q: What role does the blue tool in the video play?

Caption: A grabber tool releases the end ball of a Newton's

Eval Prompt: Is the middle ball always stationary?

Figure 3. Examples of PAI-Bench. PAI-Bench focuses on Physical Al application scenarios across six domains, where only the first frame
of each video is shown for brevity. For PAI-Bench-C, we present the blurred, edge, segmentation, and depth videos that serve as control
signals. For PAI-Bench-U, we show the questions used for video understanding. For PAI-Bench-G, we show the input captions used for

generation and a derived prompt used for Domain Score evaluation.

generation, an ideal outcome should satisfy three key cri-
teria: 1) faithfulness to the control signals, 2) visual quality
of the generated videos, and 3) diversity in the generated
results under the same configurations of control signals.

Evaluation Metrics. Based on these principles, we evalu-
ate faithfulness using a suite of fidelity metrics: Blur SSIM,
Edge F1, Depth si-RMSE, and Mask mloU. These metrics
respectively quantify adherence to blur, edge, depth, and
segmentation map controls. The computation projects the
generated video into the specific modality space, utilizing
Blur Kernel [83], Canny [75], Video Depth Anything [18],
and GroundingDINO [51] with SAM2 [65], and then mea-
sures the similarity to the ground truth control signal. Vi-
sual quality is measured using DOVER [87, 88, 90], and
diversity is assessed with LPIPS [98]. Detailed calculation
protocols are presented in the supplementary materials.

Dataset Curation. We curated 600 videos by sampling
200 clips from each of the three datasets: AgiBot [2, 70]
for robotics, OpenDV [93] for autonomous driving, and
Ego-Exo0-4D [33] for ego-centric tasks. Ground-truth con-
trol signals were extracted using the modality-specific mod-
els described above. To enable diversity evaluation, simi-
lar to PAI-Bench-G, we employ an advanced MLLM, i.e.,
Qwen2.5-VL-72B-Instruct [10], to generate high-fidelity
prompts followed by manual refinement. Based on these
captions, we further use the MLLM to modify the visu-

ally dominant objects in the initial caption, with additional
manual refinement, so that the resulting prompts describe
coherent yet novel scenes. For each video, this process pro-
duces one caption corresponding to the original video and
five novel captions.

3.3. PAI-Bench-U: Physical Video Understanding

Human cognition leverages multimodal sensory integration
to build robust representations of the physical world. This
perception capability is also foundational for Physical Al
Focusing on the interpretation of visual signals from videos,
we posit that robust Physical Al models must possess two
critical capabilities: 1) Physical Common Sense Reasoning
and embodiment-agnostic understanding of environmental
physics to assess real world plausibility, and 2) Embodied
Reasoning, the capacity for an agent to perceive, reason
about, and plan future interactions.

Physical Common Sense Reasoning. Humans acquire
physical common sense primarily through passive observa-
tion [66], forming an implicit knowledge base of real-world
plausibility. To formalize this concept, we delineate an on-
tology comprising three domains:

* Space governs object relations, interactions, and environ-
mental context. This includes determining spatial feasi-
bility and understanding scene composition.

» Time concerns actions and events unfolding over a dura-
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tion. This includes understanding event timestamps, se-
quential order, and causality.

* Physical World addresses physical principles and intrinsic
object properties. It includes understanding object states
and identifying situations that defy physical laws.

Embodied Reasoning. Unlike abstract symbolic logic,
embodied reasoning is grounded in the real-world actions
of an agent operating in dynamic environments. This ac-
tive grounding enables the agent to transcend passive un-
derstanding and develop predictive plans for future interac-
tions. We delineate this capability into two components:

* Predicting Action Effects involves reasoning about phys-
ical cause-and-effect to forecast the consequences of an
agent’s interactions. We assess this via two tasks: task-
completion verification (determining if a goal state is
achieved) and next-plausible action prediction (forecast-
ing subsequent steps toward a goal).

* Adherence to Physical Constraints applies real-world
physical principles to generate action plans that are feasi-
ble, stable, and safe. We assess this via action affordance,
which evaluates the viability of performing a specific ac-
tion to achieve a goal.

Data Curation. For physical common sense reasoning,
we first collected over 1,000 videos from online sources
and manually annotated 5,737 questions based on a de-
fined ontology. Following a rigorous manual review pro-
cess, this collection was refined to a final set of 604 high-
quality QA pairs across 426 videos. For embodied reason-
ing, we sourced 601 videos from diverse existing datasets,
including RoboVQA [68], RoboFail [54], BridgeData [76],
AgiBot [2], HoloAssist [81], and a proprietary AV dataset.
Guided by the established criteria for this domain, 610 QA
pairs were manually annotated for this subset. The meta
information is shown in Figure 4, 5 and Table 2.

4. Experiments

Overview. This section outlines the comprehensive ex-
perimental setup on PAI-Bench-G in §4.1, PAI-Bench-C
in §4.2, and PAI-Bench-U in §4.3. We detail the models
and evaluation suites, followed by a thorough analysis of
their performance in the following sections.

4.1. PAI-Bench-G

Models. @ We evaluate 15 leading VGMs, covering
open-source models from Wan [77], Cosmos-Predict [4],
MAGTI [73], and CogVideoX [95] families, along with
DynamicCrafter [91], LTX-Video [35], HunyuanVideo-
12V [43], and the proprietary model Veo3 [21].

Evaluation Suites. We evaluate all models using their de-
fault settings (e.g., resolution, frame count, and frame rate).
To account for stochasticity, scores for open-source models
are averaged over five videos generated per caption, each
with different random seeds. We generated one video per
caption for Veo3 [21]. The complete results are in Table 3.

Metrics in PAI-Bench-G align with human preferences.
To validate our proposed metrics against human prefer-
ences, we conduct an arena-based human study. We sam-
ple video pairs generated by various VGMs from identical
captions. Participants then perform pairwise comparisons,
selecting the superior video or noting a tie based on two
separate criteria: video quality, corresponding to Quality
Score, and physical plausibility, corresponding to Domain
Score. We aggregate the pairwise preferences into ELO
scores [24] and compute the Pearson correlation between
these ELO scores and our metric scores. As shown in Fig-
ure 6, the results demonstrate a strong alignment, yielding
an overall Pearson correlation coefficient of r = 0.918.

VGMs excel in visual quality but lack physical plausi-
bility. As detailed in Table 3, a clear trend emerges: most
leading VGMs achieve Quality Score that is highly com-
petitive with, and in some cases identical to, that of the
source videos (78.0). This suggests that current models
have largely succeeded in generating videos with high vi-
sual fidelity and aesthetic appeal. In stark contrast, a signif-
icant disparity exists in Domain Score. The source videos,
being real-world captures and thus inherently physically co-
herent, set a high baseline. However, all evaluated models
fall short of this benchmark. This discrepancy highlights
that while VGMs excel at visual synthesis, they still struggle
to generate content that consistently adheres to fundamental
physical laws. Consequently, enhancing the physical plau-
sibility of generated videos remains a critical challenge and
a key direction for Physical AL
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Table 3. Evaluation results of 15 VGMs on PAI-Bench-G. Metrics in Domain Score: Common Sense (CS), Autonomous Vehicle (AV),
Robot (RO), Industry (IN), Human (HU), Physics (PH); and Quality Score: Subject Consistency (SC), Background Consistency (BC), Mo-
tion Smoothness (MS), Aesthetic Quality (AQ), Imaging Quality (IQ), Overall Consistency (OC), 12V Subject (IS), 12V Background (IB).

Blue means the best across open-source models.

‘ Overall ‘ Domain Score

Quality Score

Models ‘

| | CS AV RO IN HU PH Avg | SC BC MS AQ IQ OC IS IB  Avg.
Source Videos ‘ 83.9 ‘ 96.6 787 91.8 89.0 86.6 93.1 898 ‘ 933 942 99.1 51.7 684 215 978 982 78.0
Proprietary Models
Veo3 [21] ‘ 822 ‘ 93.0 72.1 888 89.0 844 89.7 86.8 ‘ 914 931 992 519 698 21.7 97.0 969 77.6
Open-source Models
DynamicCrafter [91] 68.3 739 439 489 709 60.7 80.8 630 |91.1 925 949 515 680 212 845 862 737
LTX-Video-2B [35] 71.5 88.1 605 694 826 771 862 780 | 892 927 987 532 713 21.1 950 959 771
MAGI-1-4.5B [73] 71.5 883 634 713 825 773 863 787 | 921 933 99.0 504 618 21.6 945 981 763
HunyuanVideo-12V [43] 71.6 86.7 603 689 824 758 858 77.1 943 953 995 521 652 215 986 976 78.0
CogVideoX1.5 [95] 78.4 88.7 644 736 846 791 887 803 | 916 939 985 500 665 212 950 96.1 76.6
LTX-Video-13B [35] 78.4 88.6 600 71.8 846 791 888 795 | 906 935 990 535 695 214 957 960 774
CogVideoX [95] 78.6 884 627 753 850 81.0 885 809 | 914 934 980 512 646 213 941 959 763
MAGI-1-24B [73] 79.4 914 680 765 854 815 870 824 | 900 924 990 502 642 214 968 979 765
Cosmos-Predict2-2B [4] 79.7 912 70.7 819 864 83.1 881 842 |87 921 97.6 493 659 216 919 946 752
Cosmos-Predict2-14B [4] 80.0 925 69.8 813 866 824 892 843 | 89.6 928 98.0 498 675 215 922 949 758
Wan2.1-12V-14B [77] 80.8 925 694 79.6 872 834 895 843 | 904 93.0 980 517 700 214 965 972 773
Wan2.2-TI2V-5B [77] 81.3 922 69.1 829 864 833 903 847 | 920 939 988 523 69.6 214 974 980 779
Cosmos-Predict2.5-2B [4] 81.4 915 704 827 86.8 835 91.7 849 | 923 942 99.1 528 707 212 962 972 78.0
Wan2.2-12V-A14B [77] 82.3 941 730 868 886 845 927 87.1 |912 932 983 518 692 215 972 978 715

Table 4. Evaluation results of 4 conditional VGMs on PAI-Bench-C. For each model, the control signal settings consist of either a single

video or a combination of multiple signal videos. Green means the best across control signal settings for each model.

Model ‘ Condition ‘ Blur SSIM 1t Edge F1 1 Depthsi-RMSE | Mask mloU 1 Quality Score T  Diversity T
Blur 0.89 0.20 0.66 0.73 6.56 0.19
Edge 0.77 0.38 0.85 0.73 6.76 0.28
Cosmos-Transfer1-7B [3] Depth 0.67 0.15 0.76 0.71 6.89 0.39
Seg 0.62 0.11 1.13 0.70 6.02 0.42
All 0.82 0.26 0.70 0.74 9.24 0.22
Blur 0.91 0.26 0.54 0.75 8.77 0.18
Edge 0.76 0.39 0.74 0.74 8.05 0.36
Cosmos-Transfer2.5-2B [4] Depth 0.70 0.17 0.83 0.72 7.30 0.41
Seg 0.66 0.13 1.07 0.71 7.87 0.44
All 0.90 0.45 0.59 0.77 9.24 0.13
. - Edge 0.61 0.27 1.01 0.71 8.79 0.40
Wan2.2-Fun-5B-Control (3] ‘ Depth ‘ 0.56 0.1 1.82 0.62 9.32 0.48
Blur 0.57 0.09 2.11 0.50 8.81 0.53
Edge 0.68 0.37 0.84 0.74 9.00 0.38
Wan2.2-Fun-Al14B-Control 5] | 1y 0.56 0.11 2.10 0.58 9.22 0.52
Seg 0.47 0.10 1.60 0.66 7.79 0.36
90 Pearson Correlation Coefficient r = 0.918 Pearson Correlation Coefficient r = 0.857 Pearson Correlation Coefficient r = 0.883
100
() o ()
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Figure 6. Pearson correlation analysis on PAI-Bench-G. The red shaded regions indicate the 0.95 confidence intervals.

4.2. PAI-Bench-C

Models. Our evaluation targets two families of controllable
video generation models: Cosmos-Transfer [3, 4] and Wan-
Fun [5].

Evaluation Suites. We standardize generation settings
across all models, configuring them to produce 121-frame

videos, preserve the input video’s aspect ratio, and use their
default configurations. We assess model performance us-
ing five distinct conditioning signals: blurred video (Blur),
edge video (Edge), depth video (Depth), segmentation maps
(Seg.), and a combination of all signals with equal weight-
ing (All). The All condition is exclusively evaluated on
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Table 5. Evaluation of 16 MLLMs on PAI-Bench-U. Embodied reasoning domains: BridgeData (BD), RoboVQA (RV), RoboFail (RF),
Agibot (AB), HoloAssist (HA), Autonomous Vehicle (AV). Red denotes the best result across either proprietary or open-source models.

‘ Overall ‘ Common Sense

‘ Embodied Reasoning

Models

| | Space  Time  Physics Avg. | BD RV RF AB HA AV Avg.
Human Performance 93.2 92.1 94.3 95.0 93.6 940 955 97.0 90.0 89.0 100.0 88.9
Random Guess 37.0 415 38.8 383 38.9 250 500 50.0 269 250 325 352
Proprietary Models
Claude-3.5-Sonnet [6] 46.0 55.0 46.6 46.9 47.8 290 745 580 28.0 380 34.0 44.1
GPT-40 [40] 56.2 61.2 57.0 59.7 58.6 440 682 71.0 450 550 38.0 53.8
GPT-5[61] 61.8 63.8 65.8 61.5 63.9 380 855 72.0 450 720 43.0 59.7
Open-source Models
InternVL3.5-14B [80] 48.8 50.0 51.3 47.3 49.7 23.0 800 67.0 270 560 31.0 479
InternVL3.5-30B-A3B [80] 494 48.8 55.7 46.0 51.2 370 745 60.0 23.0 550 34.0 47.7
InternVL3.5-8B [80] 49.7 50.0 55.0 44.7 50.5 290 755 63.0 390 49.0 35.0 48.9
Qwen2.5-VL-7B [10] 51.0 51.2 48.7 39.8 45.7 350 873 63.0 530 600 36.0 56.2
Qwen2.5-VL-32B [10] 553 50.0 62.1 48.7 55.5 350 936 650 450 560 32.0 55.1
Cosmos-Reason1-7B [7] 55.7 63.8 55.7 46.0 53.1 410 918 660 410 590 47.0 58.2
InternVL3.5-38B [80] 55.8 58.8 59.7 49.6 55.8 36.0 827 66.0 440 69.0 34.0 55.7
InternVL3.5-241B-A28B [80] 56.3 60.0 57.4 53.5 56.3 340 782 66.0 43.0 750 40.0 56.4
Qwen3-VL-8B [9] 56.8 53.8 584 50.9 55.0 350  89.1 61.0 49.0 750 40.0 58.7
Qwen3-VL-30B-A3B [9] 59.5 52.5 60.4 58.4 58.6 380 909 69.0 41.0 73.0 47.0 60.3
Qwen2.5-VL-72B [10] 60.8 65.0 57.7 57.5 58.6 500 91.8 680 520 700 43.0 63.0
Qwen3-VL-32B [9] 62.0 53.8 67.8 59.7 62.9 420 909 71.0 500 720 38.0 61.1
Qwen3-VL-235B-A22B [9] 64.7 56.2 69.5 61.9 64.9 420 936 71.0 450 76.0 56.0 64.4

Cosmos-Transfer [3]. For each control signal, we generate
six videos using six unique captions, maintaining a fixed
random seed. Notably, since Wan2.2-Fun-5B-Control [5]
failed to produce coherent results when conditioned on blur
or segmentation maps, these are omitted from our evalua-
tion. All results are summarized in Table 4.

Multi-signal conditioning enhances video quality. The
results in Table 4 clearly demonstrate the benefits of multi-
signal conditioning. For both Cosmos-Transfer [3] models,
the All condition achieves the highest Quality Score, signifi-
cantly outperforming any single control signal. This finding
suggests a valuable practical application: instead of relying
on a single degraded input, such as a blurry or noisy video,
users can first extract complementary control signals from
the source. By providing the model with this comprehensive
set of control signals, it becomes possible to reconstruct a
video of substantially higher quality.

Segmentation signals induce poor segmentation fidelity.
For Cosmos-Transfer [3] models, surprisingly, we observe
that using segmentation maps as the control signal results
in the lowest Mask mloU. We hypothesize that this stems
from segmentation maps being the noisiest supervision sig-
nal among all conditions. Even state-of-the-art segmen-
tation models, e.g., SAM2 [65], can produce masks with
lower temporal consistency than other control signals, such
as the occasional missing object masks across frames. Con-
sequently, the resulting training supervision is likely to be
highly unreliable, degrading the model’s ability.

4.3. PAI-Bench-U

Models. We evaluate 16 MLLMs, covering both pro-
prietary and open-source models. The proprietary mod-
els include Claude-3.5-Sonnet [6], GPT-40 [40], and GPT-
5 [61]. For GPT-5, we use minimal reasoning effort. The
open-source group spans several major families, including
Qwen2.5-VL [10], Qwen3-VL [9], Cosmos-Reasonl [7],
and InternVL3.5 [80]. This collection covers a broad spec-
trum of model scales, from 7B to over 200B. To analyze
model performance, we also establish a human baseline de-
rived from an annotator team.

Evaluation Suites. We conduct our evaluation using the
LMMs-Eval framework [97]. All models are evaluated us-
ing 16 video frames as input, except for InternVL3.5, which
can accommodate only 8 frames due to its context length.
We follow the method in [79] to adaptively resize video
frames. For all model outputs, we apply the lightweight
LLM Qwen3-8B [92] as a post-processing model to extract
the final letter option from the full responses. Reasoning is
off by default. All results are summarized in Table 5.

PAI-Bench-U is unbiased. Prevailing video understand-
ing benchmarks often suffer from significant biases [32, 46,
64, 74]. Specifically, models frequently 1) exploit strong
language priors to infer answers without grounding in vi-
sual data, and 2) leverage a static bias, where questions
are answerable from a single frame while obviating the
need for temporal context. We analyzed PAI-Bench-U for
these issues by evaluating SOTA models with varying in-
put frame counts in Figure 7. First, with zero frames (i.e.,
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Figure 7. Comparison across different frame counts.

text-only input), model performance degraded to the level
of random guessing, which confirms that PAI-Bench-U ef-
fectively neutralizes language priors, ensuring that perfor-
mance gains are sourced from visual understanding. Fur-
thermore, we observed a substantial performance gap be-
tween the 1-frame and 32-frame inputs. This indicates that
the tasks are not solvable with static information alone,
validating PAI-Bench-U’s requirement for temporal context
comprehension.

MLLMs lag significantly behind human performance,
with no clear proprietary model advantage. The results
in Table 5 highlight a substantial performance gap between
all models and human accuracy (93.2). This high perfor-
mance validates PAI-Bench-U as a well-posed benchmark;
yet, the stark discrepancy underscores the significant limita-
tions of current models in understanding capabilities in the
Physical Al domain. Surprisingly, proprietary models do
not uniformly outperform open-source models; for instance,
Qwen3-VL-235B [9] achieves a higher accuracy than GPT-
5 [61]. This finding suggests that the Physical Al domain
has not yet been a primary data collection or optimization
priority for the wider field.

Textual thinking does not guarantee performance gains.
We investigated whether introducing an additional thinking
process during inference enhances performance. As pre-
sented in Table 6, the Qwen3-VL [9] series, which employs
textual-only thinking, unexpectedly exhibited a slight per-
formance degradation, particularly in embodied reasoning
tasks. We attribute this to the high demands of these tasks,
which require perceiving fine-grained visual details, such
as minute regions or subtle temporal changes. When vision
modules fail to capture these nuances, subsequent textual
reasoning operates without the necessary grounding, ren-
dering it ineffective. This hypothesis is supported by GPT-
5 [61]’s results. We use medium reasoning effort for GPT-5,
and the model shows clear performance gains under this set-
ting. Crucially, GPT-5’s reasoning involves both textual and
visual thinking. This integrated visual reasoning appears to
be an effective solution for capturing fine-grained informa-
tion. Therefore, this finding underscores the necessity of
advancing visual thinking capabilities within the Physical
Al domain.

Table 6. Ablation on think mode of MLLMs on PAI-Bench-U.

Models Thinking Mode ‘ Overall ‘ Common Sense ‘ Embodied Reasoning

X 56.8 55.0 58.7
Qwen3-VL-8B [9] ‘ v ‘ 57.3(+05) | 57.0 (+2.0) ‘ 577 (-1.0)
x 595 58.6 60.3
Qwen3-VL-30B-A3B [9] ‘ v ‘ 573(22) ‘ 56.1(-2.5) ‘ 58.5(-1.8)
X 62.0 62.9 61.1
VL32B [¢
Qwen3-VL-32B [9] ‘ v ‘ 610 (-1.0) ‘ 63.7 (+0.8) ‘ 584 (27)
X 647 64.9 64.4
Qwen3-VL-235B-A22B [9] v ‘ 637(¢10) | 664 (+15) ‘ 61.0 (:3.4)
x 618 63.9 59.7
GPT-5 [61] ‘ v ‘ 69.8 (+8.0) 71.4 (+7.5) ‘ 68.2 (+8.5)

5. Further Analysis and Discuss

Based on an in-depth analysis and cross-comparison of
three splits of PAI-Bench, we extract several common in-
sights and subsequently synthesize a central conclusion:

Physical AI remains a largely unsolved domain. In PAI-
Bench-G, leading open-source VGMs, including Wan2.2-
I12V-A14B [77] (81.4), achieve performance comparable to
the proprietary Veo3 [21] (82.2), as shown in Table 3. A
similar trend is observed for MLLMs, where the open-
source Qwen3-VL-235B-A22B [9] (64.7) surpasses the
proprietary GPT-5 [61] (61.8) by 2.9 points in Table 5.
This limited differentiation, coupled with generally lower
absolute performance on more challenging settings, sug-
gests one of two systemic challenges. 1) A community-
wide data gap may exist, as Physical Al has not been a pri-
mary target for data collection or optimization. This would
necessitate a focused, large-scale data collection effort to
advance the domain. 2) Alternatively, the data may exist,
but both proprietary and open-source models are failing to
learn the specific capabilities required by Physical Al. For
instance, VGMs may not be learning the underlying princi-
ples of the physical world [19, 58, 86], while MLLMs may
not be learning to leverage common sense to guide agent
policies. Either scenario strongly indicates that the field of
Physical Al remains in a nascent stage.

6. Conclusion

In this work, we take a step toward bridging the gap between
perception, prediction, and physical reasoning by introduc-
ing PAI-Bench, a comprehensive benchmark for evaluating
models in the context of the physical world for video gener-
ation, conditional video generation, and video understand-
ing. Through its three complementary components, PAI-
Bench systematically examines how current models per-
ceive, predict, and reason about physical phenomena. Our
large-scale evaluations reveal that, despite impressive visual
quality, state-of-the-art models still struggle to capture ba-
sic physical regularities and causal interactions. We hope
that PAI-Bench will serve as a foundational benchmark for
advancing the next generation of Physical Al systems that
not only see and generate but also truly understand and act
within the real world.
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