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a critical analysis of the Al-generated video evaluation Motion Eval

(AIGVE) field, categorizing methodologies into metric-
based, human-involved, and model-centered paradigms. We
examine how architectural shifts primarily toward diffusion
transformers and autoregressive frameworks have redefined
evaluation requirements. We trace the evolution of metrics
from frame-level heuristics to perceptually grounded spa-
tiotemporal measures and analyze benchmarks spanning
text-to-video, specialized conditional generation, and long-
form storytelling. The review also addresses the critical
dimensions of human preference alignment, physical world
simulation, and safety-aware assessment, while exploring
the impact of generative priors on downstream applications
like video editing and compression. By identifying current
limitations, we propose a path toward unified and trustwor-
thy evaluation frameworks for the next generation of video
foundation models.

1. Introduction

Establishing rigorous evaluation is the cornerstone of reli-
able video generation.

1.1. From Visual Synthesis to Verifiable Quality

The rapid evolution of video generative models has shifted
the research frontier from basic visual synthesis to the pur-
suit of high-fidelity, temporally consistent, and physically
grounded content. However, existing evaluation frame-
works such as VBench and EvalCrafter often fall short in
assessing dynamic scenarios, primarily due to their reliance
on subject-centric, static prompts and frame-level metrics
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Figure 1. Chronological development timeline of the video gener-
ative model evaluation landscape (2020-2026), organized across
five research lanes: quality metrics, benchmarks, human prefer-
ence alignment, physics-aware evaluation, and safety/provenance.
Three evolutionary phases are identified: foundational per-frame
metrics, multi-dimensional benchmark expansion, and the current
shift toward trustworthy, agentic evaluation frameworks.

[1]. These benchmarks frequently prioritize aesthetic fi-
delity over cinematic camera motion and temporal causality,
leading to technical failures in consistency metrics when
faced with complex occlusions or disocclusions [1].

Furthermore, traditional automated metrics exhibit a
significant disconnect from human perception. Standard
measures like Fréchet Inception Distance (FID) and Fréchet
Video Distance (FVD) are loosely coupled with subjec-
tive quality, while CLIP-based scores often fail to capture
temporal nuances [16, 22, 32]. This misalignment is
particularly evident in temporal compositionality tasks; for
instance, state-of-the-art models achieve less than 20% suc-
cess on the TC-Bench benchmark [13]. The imperative for
verifiable quality thus necessitates a move beyond simple
image-based heuristics toward metrics that can rigorously
evaluate physical consistency, complex motion dynamics,
and long-term temporal coherence [56, 64].
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Table 1. Key papers advancing evaluation across metrics, bench-
marks, alignment, and trustworthiness.

Category Paper Main Contribution

PSNRpyy [9] Enhances PSNR with motion-field divergence weighting, achieving
£ ., +0.09 PLCC over FIoLPIPS at 2.5x speed.
= g
§ £ VFIPS [18] Swin Transformer-based spatiotemporal perceptual metric for video
T; § frame interpolation quality.
= NeuS-V [41] Neuro-symbolic text-video alignment via Temporal Logic specifica-
tions; 5x higher human correlation.
FIFA [21] Spatio-Temporal Semantic Dependency Graph for unified faithful-
ness evaluation of T2V and V2T.
DEVIL [26] Multi-granularity dynamics protocol achieving >90% Pearson cor-

relation with human ratings.

AIGVE-60K [47] Largest AIGV evaluation dataset: 58,500 videos, 2.6M human

- ratings, 30 T2V models, 20 task dims.
> E DynamicEval [1] 45K human annotations for dynamic camera motion; proposes MS-
a £ Debias and Tracker-FG metrics.
5 TC-Bench [13] Temporal compositionality benchmark; reveals <20% success rate
A for state-of-the-art generators.
RULER-Bench [17] 40 cognitive reasoning tasks across 6 categories; rule coherence
scores often below 50%.
T2VPhysBench [14]  First-principles physics benchmark evaluating 12 core physical laws
via human judgment.
LoCoT2V-Bench [65] Long-form generation benchmark with hierarchical metadata for
character and camera consistency.
= HPS v2 [53] Fine-tunes CLIP on 798K human preference choices; superior
g E generalization across distributions.
E ) UnifiedReward [49]  First unified reward model supporting pairwise ranking & pointwise
= = scoring for image and video.

DLBS-LA [36] Inference-time beam search with VLM-calibrated rewards; training-

free alignment improvement.
PhyPrompt [52] RL-based prompt refinement with GRPO; +8.6pp joint success on
VideoPhy2 with zero-shot transfer.

Skyra [24] MLLM for grounded artifact reasoning with ViF-CoT-4K dataset
and two-stage SFT+RL training.

GenBuster-200K [50] 200K+ video forensics dataset with three-track benchmark and
MLLM-as-Judge protocol.

Training-free concept erasure achieving 46% average reduction in
undesirable content via SPEA+ARNG.

DPO-based safety alignment for VLMMSs; up to 42.39% safety
improvement on SafeVidBench.

Safety &
Trust

VideoEraser [55]
SafeVid [48]

VidStamp [45] Temporally-aware watermarking: 48 bits/frame, 0.96 tamper local-

ization accuracy, robust to distortions.

1.2. Scope, Taxonomy, and Organization

This review provides a structured overview of the Al-
generated video evaluation (AIGVE) landscape, catego-
rized into three primary paradigms: metric-based, human-
involved, and model-centered evaluations [31]. Metric-
based approaches utilize quantitative formulas to assess
objective dimensions such as visual fidelity and temporal
consistency [20]. Human-involved protocols validate these
metrics through user studies and preference tests, while
emerging model-centered paradigms leverage Multimodal
Large Language Models (MLLMs) and agent-based sys-
tems to automate perceptually grounded assessments [56,
67]. A summary of key papers across these dimensions is
provided in Tab. 1.

The unique challenges of video evaluation stem from
the dual consideration of spatial and temporal dynam-
ics. Unlike static image assessment, video evaluation
must account for motion direction, event ordering, and
temporal compositionality, including attribute transitions
and object relationship shifts over time [13, 32]. We
categorize these challenges across four primary quality
dimensions: visual fidelity, temporal consistency, semantic

alignment, and physical consistency [11, 64]. Furthermore,
we examine the taxonomy of applications based on input
modalities, including text-to-video (T2V), image-to-video
(I2V), video-to-video (V2V), and audio-conditioned gen-
eration [35]. The remainder of this paper is organized as
follows: Section 2 discusses technical foundations; Section
3 details evaluation metrics; Sections 4 and 5 explore
general-purpose and specialized benchmarks; Section 6
examines human preference alignment; Section 7 addresses
safety and trustworthiness; and Section 8 concludes with
open challenges and future directions.

2. Foundations: Video Gen. Model Taxonomy

Architectural innovations drive the spatiotemporal com-
plexity of modern video models.

2.1. Diffusion Transformer Architectures

Diffusion Transformers (DiT) have emerged as the dom-
inant backbone for high-fidelity video synthesis, lever-
aging scalable attention mechanisms to model complex
spatiotemporal dependencies. CogVideoX [57] exempli-
fies this trend by utilizing a 3D causal VAE and expert
transformer blocks to facilitate deep text-video fusion. To
optimize the tradeoff between semantic fidelity and compu-
tational cost, FlashVideo [63] employs a two-stage frame-
work that decouples motion alignment from high-resolution
detail refinement, strategically allocating model capacity
across stages. Efficiency remains a critical focus in DiT
design, with methods like ADAPTOR [38] introducing
adaptive token reduction to exploit temporal redundancy.
Similarly, SNED [25] utilizes neural architecture search to
address the cost-resolution tradeoff. For temporal stability,
the Dual-Stream Diffusion Net (DSDN) [27] separates
content and motion into distinct streams, mitigating flicker
through cross-transformer synchronization. These archi-
tectural advancements necessitate evaluation frameworks
that can specifically target motion-detail decoupling and
adaptive compute efficiency.

2.2. Autoregressive Architectures

Autoregressive (AR) models leverage the predictive power
of Large Language Models (LLMs) to synthesize video
as a sequence of discrete tokens. Lumos-1 [60] adapts
this paradigm by introducing spatiotemporal position em-
beddings and discrete diffusion forcing to address frame-
wise loss imbalance. This approach achieves performance
comparable to state-of-the-art diffusion models on bench-
marks like VBench and GenEval. Further innovations
in AR frameworks focus on long-range consistency and
multimodal integration. ARTeV [51] decomposes video
synthesis into a sequential process, utilizing anchored con-
ditioning to handle extended sequences. For interactive
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applications, Midas [7] integrates audio, pose, and text en-
codings into an LLM backbone, utilizing high-ratio spatial
compression to maintain real-time efficiency. These models
highlight the importance of evaluating long-term coherence
and cross-modal synchronization in token-based synthesis.

3. Evaluation Metrics for Video Generation

Quantitative measures bridge the gap between pixel-level
fidelity and human perception.

3.1. Perceptual and Full-Reference Quality Metrics

Traditional full-reference metrics such as PSNR and SSIM
often fail to capture video-specific artifacts like ghosting
and temporal flickering, as they operate on a per-frame basis
without considering motion coherence. To address these
limitations, PSNRDIV [9] enhances standard PSNR by
weighting the mean squared error with motion-field diver-
gence, effectively identifying temporal singularities. Sim-
ilarly, VFIPS [18] leverages Swin Transformer blocks to
extract spatiotemporal features, significantly outperforming
image-based perceptual metrics like LPIPS in correlating
with human judgment on video frame interpolation tasks.

Efficiency and unsupervised learning are also key re-
search directions. MILO [69] introduces a lightweight
multiscale CNN architecture that utilizes pseudo-MOS su-
pervision from an ensemble of existing metrics, enabling
training without large-scale human-labeled datasets. From
an information-theoretic perspective, the Perceptual Infor-
mation Metric (PIM) [3] employs unsupervised contrastive
learning on video frame pairs. Grounded in human vi-
sual system physiology, PIM extracts temporally persistent
features that demonstrate competitive performance with
supervised metrics while exhibiting superior robustness to
geometric distortions.

3.2. Temporal Consistency and Motion Metrics

Assessing temporal consistency requires metrics that can
distinguish between intentional motion and technical arti-
facts. DynamicEval [1] identifies critical failures in stan-
dard motion smoothness metrics, which often yield large
errors near occlusions caused by camera movement. To
correct this, they propose MS-Debias, which utilizes object
segmentation masks to isolate problematic regions, and
Tracker-FG, which tracks points within object instances
to assess fidelity under dynamic camera motion. These
methods significantly improve correlation with human pref-
erences by focusing on pixel-level temporal smoothness
rather than global features.

Comprehensive dynamics evaluation is further addressed
by the DEVIL protocol [26], which measures video dy-
namics across multiple temporal granularities, inter-frame,
inter-segment, and video-level. DEVIL defines metrics for

dynamics range, controllability, and dynamics-based qual-
ity, achieving a Pearson correlation exceeding 90% with hu-
man ratings. For adjacent frame transitions, SmoothVideo
[37] introduces the Video Latent Score (VL score), which
processes frames through a fine-grained autoencoder to
ensure temporal order and capture granular details. Ad-
ditionally, the SST-EM framework [4] integrates semantic
extraction, object tracking, and temporal consistency for
video editing assessment, with component weights derived
from regression analysis against human evaluations.

3.3. Semantic Alignment and Text-Video Metrics

Achieving high semantic alignment is a core challenge in
text-to-video generation, yet traditional metrics like CLIP-
Score and FVD often correlate poorly with human judgment
due to their lack of deep vision-language understanding and
sensitivity to sample size [32]. To address this, the FETV
benchmark introduces UMTScore and FVD-UMT, which
leverage the Unbiased Multimodal Transformer (UMT) to
provide more consistent rankings and stronger correlation
with human perception. For formal verification, NeuS-V
[41] converts text prompts into Temporal Logic (TL) spec-
ifications and translates videos into automaton representa-
tions, demonstrating a correlation with human evaluations
that is over five times higher than existing heuristics.

Emerging metrics also utilize Large Multimodal Models
(LMMs) for diagnostic assessment. FiVE-Acc [19] lever-
ages VLMs to perform automated semantic querying, using
Yes/No and multiple-choice questions to verify fine-grained
object-level editing success. Similarly, the FIFA framework
[21] models semantic dependencies via a Spatio-Temporal
Semantic Dependency Graph (STSDG). By structuring de-
scriptive facts as a directed acyclic graph, FIFA can system-
atically assess hallucinations through VideoQA, ensuring
that prerequisite entities are verified before their dependent
attributes, thereby providing a more faithful evaluation of
text-video correspondence.

3.4. Human Preference and Multidimensional As-
sessment

Aligning automated metrics with human subjective pref-
erences is essential for evaluating the real-world impact
of generative models. The Human Preference Score v2
(HPS v2) [53] fine-tunes CLIP on a large-scale dataset
of human choices, demonstrating superior generalization
across diverse image distributions compared to prior met-
rics. Extending this to multiple dimensions, the Multi-
dimensional Preference Score (MPS) [62] incorporates a
preference condition module to capture aesthetics, semantic
alignment, and detail quality separately, ensuring that the
model attends to visual features relevant to specific human
criteria.

For holistic video quality assessment, T2VQA [22]
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utilizes a transformer-based architecture that combines a
BLIP-based alignment encoder with a Video Swin Trans-
former backbone. By leveraging cross-attention fusion
and a Large Language Model (Vicuna v1.5) for score
regression, T2VQA achieves significant improvements in
subjective alignment on the T2VQA-DB dataset. Simi-
larly, AIGC-VQA [33] integrates three functional branches
for technical quality, aesthetics, and alignment. Utilizing
a Spatial-Temporal Adapter (ST-Adapter) for image-to-
video knowledge transfer and a divide-and-conquer training
strategy, AIGC-VQA achieves state-of-the-art performance,
providing predictions that are more closely aligned with
human Mean Opinion Scores (MOS) than single-branch
baselines.

4. Text-to-Video Benchmarks

Standardized benchmarks provide the testing grounds for
general-purpose video synthesis.

4.1. General-Purpose T2V Evaluation Benchmarks

The evaluation of text-to-video (T2V) models has transi-
tioned from simple visual quality metrics to comprehensive,
multi-dimensional frameworks, as illustrated in the unified
evaluation pipeline (Fig. 2). AIGVE-60K [47] represents
the largest effort to date, comprising 58,500 videos and
2.6 million human ratings. It introduces the LOVE met-
ric, which leverages a Large Multimodal Model (LMM)
architecture to disentangle perceptual quality, text-video
correspondence, and task-specific accuracy. Similarly,
AIGCBench [11] employs 11 metrics across four dimen-
sions, control-video alignment, motion effects, temporal
consistency, and video quality, to provide a unified assess-
ment of image-to-video and text-to-video generation.

To improve alignment with human perception, recent
benchmarks have integrated advanced reasoning capabili-
ties. Video-Bench [16] utilizes MLLMs with a Chain-of-
Query (CoQ) technique and few-shot scoring to achieve
superior correlation with human preferences. Addressing
the limitations of model-level aggregated scores, Dynam-
icEval [1] focuses on video-level evaluation through 45,000
human annotations, specifically targeting background and
foreground consistency in dynamic scenes. Furthermore,
agent-based systems like VideoGen-Eval [56] integrate
LLM-based content structuring with MLLM judgment and
specialized patch tools to evaluate temporal-dense dimen-
sions across thousands of videos from both commercial and
open-source models.

4.2. Dynamic Motion and Camera Benchmarks

Assessing motion dynamics and camera control is a critical
challenge, as many existing benchmarks exhibit a bias
toward static or low-dynamic content. DynamicEval [1]
addresses this by curating 100 prompts focused on dynamic

camera motion and operationalizing background and fore-
ground consistency through debiased optical flow and point
tracking. Similarly, the DIVE benchmark [30] mitigates the
low-dynamic bias in image-to-video (I2V) frameworks by
utilizing GPT-40 to quantify dynamic range and controlla-
bility, penalizing static outputs that might otherwise achieve
high quality scores.

Temporal granularity is further explored in the DEVIL
protocol [26], which defines dynamics scores across inter-
frame, inter-segment, and video-level scales. By establish-
ing a benchmark of 50,000 prompts across five dynamics
grades, DEVIL enables a more nuanced evaluation of mo-
tion complexity versus visual quality. For multi-shot sce-
narios, the TalkCuts dataset [6] provides a comprehensive
taxonomy of camera shot categories (e.g., close-up, full-
body) for human speech video generation. The associated
Orator framework leverages LLM-guided orchestration to
ensure cinematographic coherence, evaluating shot transi-
tions and emotional flow across extended narratives.

4.3. Physics, Reasoning, and Semantic Benchmarks

As video generative models advance, evaluating their ad-
herence to physical laws and logical reasoning becomes
paramount. The MoReSet benchmark [2] spans multi-
ple classes of Newtonian phenomena to assess physical
validity. Similarly, T2VPhysBench [14] shifts focus to-
ward first-principles physics, utilizing human judgment to
evaluate model adherence to core physical laws such as
conservation principles. Cognitive reasoning and semantic
compositionality are further probed by RULER-Bench [17]
and TC-Bench [13], which reveal significant reasoning
limitations and gaps in temporal transition success. Addi-
tionally, T2VTextBench [15] identifies critical deficiencies
in on-screen text fidelity, highlighting that even state-of-
the-art systems struggle with textual accuracy and temporal
consistency across complex strings.

4.4. Long-Form and Storytelling Benchmarks

The synthesis of long-form videos and structured narratives
introduces unique challenges in identity preservation and
temporal coherence. LoCoT2V-Bench [65] provides hierar-
chical metadata for character settings and camera behaviors,
revealing that while current models excel in global stability,
they struggle with long-term character consistency and
fine-grained alignment. To evaluate narrative fidelity, the
T2Vid2T framework [44] proposes a cyclical evaluation
approach, text-to-video-to-text, identifying significant per-
formance drops when models are tasked with generating
complex, multi-scene stories compared to simple factual
captions.

Architectural innovations such as NUWA-XL [58] ad-
dress the computational demands of long video generation.
By employing a Diffusion over Diffusion (DoD) hierarchy,
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Figure 2. Unified evaluation pipeline for Al-generated video.
Multi-modal inputs are processed by generative architectures and
assessed via metric-based, human-involved, and model-centered
paradigms. These signals converge into a holistic quality score
covering visual fidelity, temporal coherence, physical validity, and
trustworthiness.

NUWA-XL reduces inference time for 1024 frames by
over 90% and introduces the FlintstonesHD benchmark, a
densely annotated dataset for validating long-term coher-
ence. Furthermore, VideoThinkBench [46] frames video
generation as a reasoning paradigm, distinguishing between
vision-centric tasks (e.g., spatial puzzles) and text-centric
tasks (e.g., mathematical logic). Evaluations on this bench-
mark show that advanced models like Sora-2 can achieve
high accuracy on complex subsets like MATH and MMMU,
suggesting a path toward more intelligent, reasoning-aware
video synthesis.

5. Specialized and Conditional Benchmarks

Conditional generation requires fine-grained assessment of
structural and modal alignment.

5.1. Image-to-Video and Editing Benchmarks

Evaluation of conditional video generation and editing
requires fine-grained assessment of instruction alignment
and structural preservation. The FiVE benchmark [19]
addresses this by providing six editing types, ranging from
object substitution to material modification, across 420
object-level prompt pairs. It utilizes 15 metrics, including
the VLM-based FiVE-Acc, which reveals that rectified-flow
methods like Wan-Edit significantly outperform traditional
diffusion-based approaches in accuracy and background
preservation. For non-rigid dynamics, NRVBench [39]
introduces 180 physics-based videos across six categories
(e.g., fluid flow, fabric dynamics), employing the NRVE-
Acc metric to evaluate physical compliance and temporal
smoothness via VLM judges.

Creative and controllable editing is further benchmarked
by BalanceCC [12], which structures 100 videos with
diverse prompts (style, object, background changes) for
extensive user studies against eight state-of-the-art meth-
ods. Specialized tasks such as object removal are evaluated
by WIPER-Bench [23], which introduces the TokSim met-
ric. Leveraging DINOv3 embeddings, TokSim quantifies
temporal consistency, foreground-background coherence,
and removal effectiveness, providing a robust measure for
inpainting quality without requiring ground truth.

5.2. Audio-Video and Multi-Modal Benchmarks

The integration of auditory and visual modalities introduces
complex synchronization challenges. JavisBench [29]
provides a large-scale dataset of text-captioned sounding
videos, introducing JavisScore, a robust synchrony metric
that utilizes temporal segmentation to detect desynchroniza-
tion patterns. For conversational dynamics, MTAVG-Bench
[66] evaluates multi-talker dialogue across levels ranging
from signal fidelity to cinematic expression.

Specialized multi-modal tasks such as narrated presen-
tations are assessed via PresentEval [43], which measures
content fidelity and audience comprehension. Furthermore,
the JavisGPT framework [28] demonstrates state-of-the-art
performance in joint audio-video comprehension and gen-
eration. By maintaining high semantic consistency and
temporal synchrony, these benchmarks facilitate the devel-
opment of more cohesive multi-modal generative systems.

6. Human Preference Alignment

Aligning models with human intent ensures the subjective
quality of generated content.

6.1. Human Preference Annotation Datasets

The alignment of video generative models with human
expectations requires large-scale, high-quality preference
datasets. AIGVE-60K [47] enables bidirectional bench-
marking for both text-to-video (T2V) generation and video-
to-text (V2T) interpretation, comprising 58,500 videos from
30 models and 2.6 million human annotations. This dataset
disentangles Mean Opinion Scores (MOS) into perceptual
quality and text-video correspondence, providing a gran-
ular evaluation across 20 task dimensions. Similarly, the
Multi-dimensional Human Preference (MHP) Dataset [62]
offers 918,315 pairwise choices across aesthetics, semantic
alignment, and detail quality, facilitating robust preference
modeling for visual synthesis.

Beyond general quality, specialized datasets address mo-
tion and safety. For text-to-motion generation, researchers
have explored preference learning using 3,528 pairs from
MotionGPT, identifying Direct Preference Optimization
(DPO) with Identity Preference Optimization (IPO) loss as
superior to traditional RLHF for alleviating overfitting [42].
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To address safety concerns, SafeVid-350K [48] provides a
video-specific safety preference dataset constructed through
a systematic pipeline of adversarial question generation
and preference synthesis. Utilizing this dataset within a
DPO framework significantly enhances the safety alignment
of Video Large Multimodal Models (VLMMs) without
compromising general utility.

6.2. Reward Models and Preference Optimization

The development of dedicated reward models is critical
for automating the alignment process. UnifiedReward [49]
represents a unified framework supporting both pairwise
ranking and pointwise scoring across image and video tasks.
By leveraging joint multi-task training, it enhances video
quality assessment and mitigates modality-specific over-
fitting, utilizing a two-stage filtering strategy to construct
high-quality preference data for optimization. To address
the computational cost of reward fine-tuning, InstructVideo
[59] recasts the process as an editing task, utilizing partial
inference steps and segmental sparse sampling to repurpose
established image reward models. Furthermore, temporally
attenuated reward mechanisms are employed to mitigate
modeling degradation. By prioritizing central frames and
ensuring motion continuity, these methods prevent visual
artifacts such as flickering during the fine-tuning process,
facilitating more robust human-aligned synthesis.

6.3. Inference-Time Alignment

Inference-time strategies offer a training-free alternative
for aligning generated content with user intent. Diffusion
Latent Beam Search (DLBS) [36] optimizes text-to-video
alignment by exploring multiple latent paths, leveraging
calibrated rewards from VLMs to select high-quality trajec-
tories. Similarly, the 3R framework [40] combines RAG-
based modifier extraction with preference optimization to
enhance fidelity and coherence without model retraining.

Prompt optimization further bridges the gap between
user instructions and model capabilities. PhyPrompt [52]
utilizes reinforcement learning to refine prompts for phys-
ical plausibility, integrating a dynamic reward curriculum
that balances semantic adherence with physical common-
sense. These advancements are supported by reward cal-
ibration methodologies that utilize weighted linear combi-
nations of perceptual metrics to align automated scores with
human and VLM evaluations [36].

7. Safety and Trustworthiness

Ensuring safety and provenance is critical for responsible
Al deployment.

7.1. AI-Generated Video Detection and Forensics

The proliferation of high-fidelity video generative models
necessitates robust detection and forensic tools to mitigate

the risks of misinformation. Skyra [24] addresses this
by utilizing fine-grained human annotations and Chain-of-
Thought explanations to enhance artifact perception across
diverse generators. This is complemented by compre-
hensive forensics datasets like GenBuster-200K [50] and
standardized evaluation platforms like ViF-Bench.

Fine-grained artifact recognition is further formalized
by the Dense Video Artifact Recognition (DVAR) frame-
work [67], which taxonomizes defects across appearance,
motion, and camera axes. To detect hallucinations, the
SoraDetector framework [8] identifies semantic and tem-
poral inconsistencies via knowledge graphs. Furthermore,
recent deepfake detection approaches employ quality-based
matrix representations to enable frame-by-frame analysis,
identifying minute spatio-temporal anomalies that standard
playback might overlook.

7.2. Adversarial Robustness of T2V Models

The vulnerability of text-to-video (T2V) models to ad-
versarial perturbations poses significant security risks.
T2VAttack [5] demonstrates that minor word-level mod-
ifications, such as single-word substitution or insertion,
can cause substantial degradation in both semantic fidelity
and temporal dynamics across diverse architectures like
CogVideoX and HunyuanVideo. By targeting semantic
alignment and motion coherence, these attacks reveal a lack
of robustness in current generative pipelines. Furthermore,
the MUSE platform [10] introduces Inter-Turn Modality
Switching (ITMS) to probe whether safety alignments
generalize across modality boundaries. MUSE reports
that multi-turn strategies can achieve near-100% attack
success rates against models that otherwise exhibit perfect
single-turn refusal, highlighting the fragility of cross-modal
defenses.

Safety alignment is further complicated by ’mismatched
generalization,” where safety competencies learned from
static text and images fail to transfer to dynamic video
contexts. SafeVid [48] identifies this failure mode, noting
that models may reject harmful queries in isolation but
comply when they are paired with relevant video content.
To address this, the SafeVid-350K dataset and Direct Pref-
erence Optimization (DPO) are utilized to transfer robust
textual safety reasoning to the video domain, significantly
improving safety rates on the SafeVidBench benchmark
while maintaining model utility.

7.3. Video Watermarking and Provenance

Establishing the provenance of Al-generated videos is es-
sential for accountability and copyright protection. Vid-
Stamp [45] introduces a temporally-aware watermarking
framework that utilizes a two-stage fine-tuning process to
ensure spatial separation and temporal consistency. By
embedding unique frame-level bit sequences, VidStamp en-
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ables precise temporal tamper localization, detecting frame
swaps and drops while maintaining high visual quality.

Furthermore, VidStamp supports dynamic watermark-
ing, allowing for adaptive provenance via control signals
during inference. The framework demonstrates robust
performance across diverse distortions, including cropping
and MPEG4 compression. Comparative evaluations show
that VidStamp achieves stronger detectability than existing
methods such as VideoSeal and RivaGAN, providing a
reliable solution for long-term video integrity and authen-
tication.

7.4. Concept Erasure and Safety Generation

The ability to selectively remove undesirable concepts or
align generation with safety guidelines is paramount for
responsible Al deployment. VideoEraser [55] provides
a training-free framework for concept erasure, covering
objects, styles, and explicit content, by adjusting prompt
embeddings and noise guidance. This approach ensures
broad generalizability across diverse T2V models without
costly fine-tuning. Safety alignment is further formalized
through closed-loop systems like SafeVid [48], which trans-
fers robust textual safety reasoning to the video domain. By
aligning models on safety preference datasets, researchers
have demonstrated substantial improvements in safety rates
on standardized benchmarks. For commercial applica-
tions, frameworks like BrandFusion [68] utilize multi-agent
systems to ensure brand recognizability and contextually
natural integration, facilitating the safe use of generative
video in advertising.

8. Open Challenges and Future Directions

The path toward unified world models requires overcoming
fundamental spatiotemporal gaps.

8.1. Long-Form Coherence, Temporal Reasoning,
and World Models

A critical frontier in video generation is the transition from
short-clip synthesis to long-form, coherent storytelling.
Evaluations reveal a significant performance gap: while
current models demonstrate strong perceptual quality, they
exhibit deficiencies in fine-grained alignment and long-term
character consistency. Achieving temporal coherence over
extended durations remains an open challenge, necessitat-
ing architectures that can bridge the training-inference gap
through hierarchical strategies and direct training on long
sequences. Beyond visual consistency, the integration of
temporal reasoning is essential for developing true world
models. Framing video generation as a reasoning chain
leverages dynamic visualization to solve complex spatial
and textual puzzles, offering advantages over static image-
based reasoning. However, existing models still struggle
with basic temporal order relations. Future research must

focus on instilling relational consistency and leveraging
test-time scaling to transform video generators into unified
multimodal understanding and generation systems.

8.2. Physical World Simulation

A fundamental limitation of current neural video generators
is the divergence between high visual realism and physical
plausibility. Evidence from benchmarks like MoReSet
[2] and T2VPhysBench [14] indicates that state-of-the-art
models frequently violate basic physical laws, such as mo-
mentum conservation and rigid-body collision dynamics,
relying instead on surface pattern memorization. To address
this, research is moving toward “metamorphic simulators”
like MagicTime [61], which encode physical world knowl-
edge through the simulation of complete metamorphic
processes. Principled directions for physically coherent
synthesis include the integration of simulation-aware archi-
tectures and reinforcement learning. MoReGen [2] unifies
multi-agent LLMs with physics simulators and renderers
to ensure dynamic coherence via code-domain generation.
Similarly, PhyPrompt [52] utilizes Group Relative Policy
Optimization (GRPO) to inject physical reasoning into in-
structions, overcoming prompt underspecification. Advanc-
ing this field requires standardized evaluation platforms
like NRVBench [39], which specifically targets non-rigid
dynamics, such as fluidity and elasticity, using VLM-based
metrics to assess deformation plausibility and temporal
consistency.

8.3. Computational Efficiency, Scalability, and
Sustainable Generation

The escalating computational demands of video generative
models necessitate a focus on efficiency and sustainabil-
ity. Analytical models reveal that energy consumption
scales quadratically with spatial and temporal dimensions,
requiring prioritization of compute-bound efficiency and
hardware-aware optimizations. To this end, H3AE [54]
achieves real-time decoding on mobile devices by utiliz-
ing high spatial-temporal compression ratios, significantly
reducing latent token counts without compromising recon-
struction fidelity.

Inference-time compute strategies further optimize the
efficiency-quality tradeoff. ADAPTOR [38] exploits tem-
poral redundancy through adaptive token reduction, while
FlashVideo [63] employs a two-stage framework that de-
couples prompt fidelity from visual detail generation. These
methods, combined with search-based latent selection,
enable high-quality video synthesis at a fraction of the
traditional computational cost, paving the way for more
accessible and sustainable generative Al.
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Figure 3. Hierarchical taxonomy of the Al-Generated Video
Evaluation (AIGVE) landscape across five branches: metric-
based, human-involved, model-centered, quality dimensions, and
trustworthiness assessment.

8.4. Toward Unified, Adaptive, and Trustworthy
Evaluation Frameworks

The current landscape of video evaluation is characterized
by significant fragmentation, with individual benchmarks
often prioritizing specific dimensions while neglecting oth-
ers. A hierarchical taxonomy of this landscape, spanning
metrics, human alignment, and model-centered paradigms,
is provided in Fig. 3. To overcome the limitations of
traditional metrics like FID and FVD, which fail to align
with human perception, research is shifting toward model-
centered evaluation frameworks [31]. Multimodal Large
Language Models (MLLMs) are emerging as the cor-
nerstone of next-generation assessment, providing unified
and scalable frameworks that leverage few-shot scoring
and chain-of-query processes to simulate human evaluation
logic [16]. Agent-based systems like VideoGen-Eval [56]

further enhance this by integrating dynamic content struc-
turing with objective judgment, achieving high alignment
with professional human preferences across diverse quality
axes.

The future roadmap for trustworthy video evaluation em-
phasizes the convergence of quality, safety, and provenance
into a cohesive framework. Detection benchmarks such as
Skyra [24] and GenBuster-200K [50] are transitioning from
binary classification toward grounded artifact reasoning,
utilizing MLLMs to identify spatio-temporal inconsisten-
cies. Simultaneously, safety alignment frameworks like
SafeVid [48] address the dynamic complexities that static
alignments fail to capture. A truly unified protocol must
simultaneously evaluate visual quality, temporal coherence,
physical validity, and semantic reasoning, while incorpo-
rating cryptographic provenance and content credentials to
mitigate the risks of deceptive deepfakes [20]. This holistic
approach is essential for ensuring that Al-generated content
remains aligned with human intentions, ethical standards,
and real-world physical constraints.

9. Conclusion

This survey has analyzed the Al-generated video evaluation
(AIGVE) field, highlighting the transition from basic visual
synthesis to the pursuit of verifiable spatiotemporal quality.
We have traced the evolution of evaluation methodologies,
from traditional frame-level heuristics to model-centered
paradigms that leverage Multimodal Large Language Mod-
els (MLLMs) for perceptually grounded assessment. Our
analysis indicates that developing true video world models
requires addressing fundamental gaps in physical simula-
tion, long-form coherence, and temporal reasoning. As
video generative models are increasingly integrated into
downstream applications, the convergence of quality, safety,
and provenance into unified evaluation frameworks has
become a critical necessity. By establishing these rigorous
standards, the field can ensure that the next generation
of video foundation models remains aligned with human
intent, physical reality, and ethical principles.
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