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Abstract
AI-generated video is increasingly used across marketing, product
storytelling, and creative workflows, yet automated; high-precision
quality control remains a major constraint to scaling production.
We present HALLELUAI, an end-to-end system that moderates and
regenerates image-to-video outputs to meet expert-level creative
standards and deliver ultra-realistic videos with consistent end-user
quality of experience (QoE) at scale. The system integrates a video
moderation module that evaluates frame-level aesthetics, temporal
motion fidelity, and fine-grained hallucination risks relative to the
source image, with an agentic regeneration module that iteratively
fixes failures through prompt refinement, controlled camera adjust-
ments, targeted model or image switching, and structured retry
strategies. The moderation logic is aligned with domain-specific
creative guidelines and produces granular, machine-actionable feed-
back that directly drives regeneration. In human-in-the-loop evalu-
ations with creative experts, HALLELUAI shows strong alignment
and reliably outputs ultra-realistic, production-grade videos suit-
able for product and marketing placements at scale. This framework
advances trustworthy AI generated video content by enforcing vi-
sual realism, brand safety, and strict input-image fidelity while
enabling image-to-video generation at scale.

CCS Concepts
•Computingmethodologies→Computer vision; Image/video
synthesis.
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1 Introduction
1.1 Motivation and Context
AI-generated video (AIGV) has rapidly become central to content
production across visually intensive platforms such as digital adver-
tising, social media, and product detail pages. Advances in diffusion-
based image-to-video models now enable large-scale video synthe-
sis at negligible marginal cost, supporting rapid experimentation,
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personalization, and localization. For domains such as travel, real
estate, and e-commerce—where visual realism directly influences
trust and conversion, AIGV offers a scalable alternative to tradi-
tional, resource-intensive production pipelines.

The economic incentives are substantial. Generative video sys-
tems compress production timelines from weeks to minutes and
reduce per-asset costs by orders of magnitude relative to conven-
tional workflows. These advantages position AIGV as a founda-
tional technology for high-throughput visual storytelling. However,
realizing this potential in production environments requires robust
mechanisms to guarantee quality, realism, and strict fidelity to the
source image.

1.2 Problem Statement – Quality Challenges in
Image-to-Video Generation

Despite rapid progress, current image-to-video models frequently
produce artifacts that undermine end-user quality of experience
(QoE). These failures fall into three broad categories. First, frame-
level degradations such as blur, noise, and contrast or brightness
drift reduce visual clarity and aesthetic consistency. Second, tem-
poral failures arise from unstable or misaligned camera motion,
including jitter, incorrect motion direction, or unnatural pacing
that breaks temporal coherence. Third, and most critically, models
hallucinate content relative to the source image, introducing new
structures, deforming objects, or generating implausible motion
[17] and [26]

Hallucinations are particularly harmful in image-conditioned
video generation because the input image establishes the ground
truth. Deviations—such as inventing unseen scenery, altering prop-
erty features, or modifying identity-bearing elements—can mis-
represent reality, erode user trust, and create legal exposure in
high-trust domains like travel and real estate [26].

Existing automated evaluation methods are poorly aligned with
these requirements. Distributionalmetrics such as Inception Score(IS)
[1], Fréchet Inception Distance (FID) [5], and Fréchet Video Dis-
tance (FVD) [18] provide coarse dataset-level realism signals but
are unsuitable for per-asset acceptance and do not enforce fidelity
to a specific input image. General-purpose video quality assess-
ment methods emphasize natural video aesthetics and overlook
fine-grained, AIGV-specific artifacts, particularly cross-frame ob-
ject inconsistencies and subtle hallucinations [3, 4, 11, 23]

In addition, model-centric benchmarks evaluate model capabil-
ity rather than output compliance and do not provide machine-
actionable diagnostics for production gating or remediation. As a
result, there is no reliable, automated mechanism to detect these
failures or correct them at scale.

These limitations are not merely theoretical. Recent experience
with state-of-the-art systems, such as OpenAI’s Sora [15], shows
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that high perceptual realism does not ensure controllability or com-
pliance. Early deployments highlight risks including hallucinated
content, deepfakes, and copyright violations [17, 26], which—along
with high computational cost have led to cautious rollout strategies.
This underscores that robust quality assessment and moderation
are prerequisites for reliable deployment of I2V systems [10, 14, 16].

1.3 Gaps in Prior Work
Despite progress in generative video evaluation, existing approaches
remain insufficient for production-grade, image-conditioned AI-
generated video.

G1. Lack of per-asset, conditional evaluation: Widely used met-
rics such as IS [1], FID [5], and FVD [18] operate at the distribution
level and target model comparison rather than asset-level accep-
tance. Such approaches do not condition on a specific input image,
fail to capture QoE-critical properties such as temporal stability,
camera-motion appropriateness, and hallucinations. FVD, in partic-
ular, canmis-rankmodels and require large sample sizes for stability
[18]. Recent works on AI-generated video quality assessment fur-
ther highlight the difficulty of capturing semantic consistency and
multi-level structure in generated videos [9].

G2. Descriptive but non-actionablemulti-aspect evaluation:Multi-
aspect and unary frameworks such as FVMD [11], EvalCrafter [22],
VBench [6], and Video-Bench [2] decompose video quality into
interpretable dimensions and improve alignment with human judg-
ment, often via multimodal large language models (LLMs). Classical
VQA metrics (PSNR, SSIM, VMAF) are similarly misaligned with
AIGV failure modes [21], motivating VQA-based scorers such as
VQAScore and GenAI-Bench [12, 13]. Recent approaches such as
MantisScore explicitly attempt to simulate fine-grained human
feedback using large-scale annotated datasets, improving correla-
tion with human judgments but still operating primarily as evalu-
ative scorers rather than actionable gating systems [4]. However,
these approaches remain descriptive: they do not gate individual
generated assets, enforce strict source-image fidelity, or produce
diagnostics that directly drive remediation.

G3. Insufficient hallucination detection for image-to-video gen-
eration: Existing hallucination detection methods either focus on
prompt consistency in text-to-video generation (e.g., SoraDetector
[8]), analyze diffusion-model hallucinations at a trajectory level
[24], or address hallucinations in broadermultimodal contexts using
uncertainty- or self-consistency-based techniques [7, 20]. Recent
multimodal advances further emphasize hallucination challenges
and the need for stronger grounding and semantic consistency in
video generation systems [19, 25]. None operate conditionally on a
specific source image, reason temporally across frames, or detect
fine-grained object- and structure-level deviations.

G4. Absence of closed-loop, production-oriented systems: The lit-
erature lacks end-to-end frameworks that integrate expert-aligned
evaluation, strict source-image fidelity, and automated regeneration
into a closed loop. Existing benchmarks assess model capability,
but do not support per-asset gating, domain-specific compliance, or
iterative remediation required for scalable deployment in high-trust
domains such as travel and real estate. Emerging research direc-
tions on unified multimodal evaluation and generation pipelines

further highlight this gap but stop short of proposing full closed-
loop production systems [19, 25]

1.4 Contributions
This work introduces a production-oriented moderation and re-
generation framework for image-to-video generation that directly
addresses the above gaps

• Per-asset, conditional videomoderationWe introduce a domain-
aligned moderation module that evaluates each generated
video at the asset level, explicitly conditioned on its input
image, across frame-level visual quality, temporal motion
quality, and source-image fidelity.
• Machine-actionable, expert-aligned diagnostics The system
emits structured failure taxonomies, severity assessments,
and pass/fail decisions that move beyond descriptive scoring
and map detected failure modes directly to corrective actions.
• Fine-grained, temporally aware hallucination detection We
propose a hallucination detection layer designed specifically
for image-to-video generation, capable of detecting object-
and structure-level deviations, temporal inconsistencies, and
identity-bearing visual artifacts relative to the source image.
• Closed-loop, agentic regeneration framework A tightly cou-
pled regeneration module translates moderation feedback
into targeted actions—such as prompt refinement, camera
control adjustment, model switching, or base-image selec-
tion—and iterates until quality criteria are met or operational
constraints are reached.
• Human-in-the-loop validation for production readiness. We
present an evaluation protocol that demonstrates strong
alignment with expert creative judgment and validates the
system’s suitability for real-world deployment.

2 System Overview
We propose an agentic closed-loop image-to-video generation sys-
tem that unifies automated moderation with autonomous planning
and targeted regeneration to enforce expert-defined creative quality
and strict source-image fidelity at scale (Figure 1). Starting from
an input image and creative guidelines (1), the system produces
an initial candidate video (2), which is evaluated by the Video
Moderation Module (3) acting as both gatekeeper and diagnostics
engine. This module assesses candidates along three complemen-
tary dimensions—frame-level visual quality (3a), temporal motion
quality (3b), and hallucination detection relative to the source image
(3c)—and emits a structured moderation report (4) with dimension-
wise scores, rationales, standardized risk indicators, and a unified
PASS/FAIL decision enforced by a decision gate (5).

When a candidate fails moderation, control is transferred to the
Agentic Regeneration Module (7), which operationalizes feedback
through autonomous decision-making. A planning agent (7a) inter-
prets moderation signals and maps specific failure categories and
severities to targeted corrective actions, including prompt refine-
ment to constrain motion (7b), adjustment of camera direction or
pacing parameters (7c), substitution of the base image in artifact-
prone regions (7d), or selection of an alternative video generation
model for model-specific failure modes (7e). These decisions drive
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targeted video regeneration (8), after which regenerated candidates
are re-submitted to moderation.

This agentic loop iterates until the video satisfies all acceptance
criteria and receives final approval (6), or until predefined limits
on iteration count, latency, or computational budget are reached
(Figure 1). By coupling fine-grained, machine-actionable diagnos-
tics with autonomous planning and remediation, the proposed
architecture moves beyond unguided retries, enabling systematic
improvement, scalable quality control, and reliable deployment of
image-to-video generation systems.

3 Video Moderation Module
The Video Moderation Module functions as the system’s primary
quality gate and diagnostic engine, responsible for rigorously as-
sessing image-to-video outputs before approval or regeneration.
For each candidate video, the module evaluates compliance with
domain-aligned creative and fidelity constraints across three com-
plementary dimensions: frame-level visual quality, temporal motion
quality, and hallucination detection relative to the input image. The
evaluation produces a structured, machine-actionable report con-
taining dimension-wise scores, calibrated risk levels, localized ra-
tionales, and a unified PASS/FAIL decision. Crucially, these outputs
are designed to directly parameterize downstream regeneration
actions, enabling targeted correction rather than unguided retries

To support fine-grained diagnosis and systematic remediation,
the module is grounded in a hierarchical problem taxonomy (Figure
X) that categorizes common failuremodes observed in ultra-realistic
image-to-video generation. This taxonomy provides a shared ab-
straction layer between moderation and regeneration, allowing
detected failure types to be systematically mapped to corrective
strategies such as prompt constraints, parameter adjustments, base-
image substitution, or model switching.

3.1 Frame-Level Quality Signals: Blur, Contrast,
Brightness, and Noise

We compute four complementary frame-level signals over a gen-
erated video 𝑉 = {𝑓1, . . . , 𝑓𝑇 } and a reference input image 𝐼 . All
frames and 𝐼 are converted to grayscale when computing statistics.
Each signal is summarized via normalized ratios (or percentages)
and compared against calibrated thresholds to produce a unified
PASS/FAIL decision with a concise reason.

Blur (Sharpness Degradation). Blur is quantified using the vari-
ance of the Laplacian operator. For each frame 𝑓𝑡 , we compute a
sharpness score L𝑡 = Var(∇2 𝑓𝑡 ). We then measure the relative
sharpness drop Δblur with respect to the first frame 𝑓1 (anchor),
by comparing L1 to the minimum sharpness observed across the
video.

Contrast (Low/High Contrast). Contrast is quantified using the
standard deviation of grayscale intensities. Let 𝐶ref = 𝜎 (𝐼 ) be the
reference contrast and 𝐶𝑡 = 𝜎 (𝑓𝑡 ) be the frame contrast. We com-
pute normalized contrast decrease Δ↓ (relative drop vs. reference)
and normalized contrast increase Δ↑ (relative rise vs. reference). Op-
tionally, we also track the within-video spread to capture excessive
variability.

Algorithm 1 Unified Frame-Level Quality Detection (Blur, Con-
trast, Brightness, Noise)
Require: Reference image 𝐼 , video 𝑉 = {𝑓1, . . . , 𝑓𝑇 }
Require: Thresholds 𝜏blur, 𝜏↓, 𝜏↑, 𝜏𝐵↓ , 𝜏

𝐵
↑ , 𝜏noise, 𝜏𝑝

Ensure: Decision 𝑑 ∈ {PASS, FAIL}, reason 𝑟

𝑑 ← PASS, 𝑟 ← Acceptable Quality
Convert 𝐼 to grayscale once and compute𝐶ref = 𝜎 (𝐼 ), 𝐵ref = 𝜇 (𝐼 )

(1) Blur / Sharpness
Compute L𝑡 = Var(∇2 𝑓𝑡 ) for all 𝑡
Δblur ← (L1 −min𝑡 L𝑡 )/L1
if Δblur > 𝜏blur then

𝑑 ← FAIL; 𝑟 ← Sharpness Degradation
end if

(2) Contrast
Compute 𝐶𝑡 = 𝜎 (𝑓𝑡 ) for all 𝑡
Δ↓ ← (𝐶ref −min𝑡 𝐶𝑡 )/𝐶ref
Δ↑ ← (max𝑡 𝐶𝑡 −𝐶ref )/𝐶ref
if 𝑑 = PASS and Δ↓ > 𝜏↓ then

𝑑 ← FAIL; 𝑟 ← Low Contrast
else if 𝑑 = PASS and Δ↑ > 𝜏↑ then

𝑑 ← FAIL; 𝑟 ← High Contrast
end if

(3) Brightness / Exposure
Compute 𝐵𝑡 = 𝜇 (𝑓𝑡 ) for all 𝑡
Δ𝐵
↓ ← (𝐵ref −min𝑡 𝐵𝑡 )/𝐵ref

Δ𝐵
↑ ← (max𝑡 𝐵𝑡 − 𝐵ref )/𝐵ref

if 𝑑 = PASS and Δ𝐵
↓ > 𝜏𝐵↓ then

𝑑 ← FAIL; 𝑟 ← Low Exposure
else if 𝑑 = PASS and Δ𝐵

↑ > 𝜏𝐵↑ then
𝑑 ← FAIL; 𝑟 ← High Exposure

end if

(4) Noise
Compute per-frame noise score𝑁𝑡 (Laplacian variance) andmark
noisy frames where 𝑁𝑡 > 𝜏noise
𝑝noise ← 1

𝑇

∑𝑇
𝑡=1 I[𝑁𝑡 > 𝜏noise]

if 𝑑 = PASS and 𝑝noise > 𝜏𝑝 then
𝑑 ← FAIL; 𝑟 ← Noise Artifacts

end if

Brightness/Exposure (Low/High Exposure). Brightness is quanti-
fied using mean grayscale intensity. Let 𝐵ref = 𝜇 (𝐼 ) and 𝐵𝑡 = 𝜇 (𝑓𝑡 ).
We compute normalized exposure decrease Δ𝐵

↓ and increase Δ𝐵
↑

based on the minimum and maximum brightness observed in the
video relative to the reference image.

Noise (Stochastic Artifacts). Noise is estimated using a Laplacian-
variance-based score per frame (denoted 𝑁𝑡 ). Frames are marked as
noisy when 𝑁𝑡 exceeds a noise threshold 𝜏noise. The video is flagged
if the percentage of noisy frames exceeds a small tolerance (e.g.,
5%), capturing persistent stochastic artifacts.
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Figure 1: Architectural overview of the proposed closed-loop system for image-to-video generation. The framework integrates
a diagnostic Video Moderation Module (3), calibrated by Creative Expert Guidelines, with an Agentic Regeneration Module (7).
Candidate videos undergo iterative evaluation across frame-level, temporal, and fidelity dimensions (3a–c). Failures trigger a
Planning Agent (7a) to execute targeted remediation strategies (7b–e) until the asset satisfies predefined quality thresholds or
resource constraints are met.

3.2 Temporal Motion Quality
This component ensures camera motion is cinematic, intentional,
and domain-appropriate. It evaluates (i) prompt alignment—whether
the dominantmotion direction/stylematches the prompt intent—and
(ii)motion intensity and smoothness—whether the motion pace is nei-
ther stagnant nor aggressive and remains free of jitter. We compute
dense optical flow using RAFT to obtain a per-pixel displacement
field between consecutive frames; from this we derive robust, frame-
level motion statistics and classify the video as Low Motion, High
Motion, or Acceptable, with additional jitter flags for high-frequency
instability.

3.2.1 Unpleasant Camera Motion (Intensity & Smoothness) Module.
We estimate motion intensity from the RAFT flow magnitude. For
each time step 𝑡 , RAFT produces a dense displacement field u𝑡 (𝑥) ∈
R2 mapping pixels from frame 𝑓𝑡 to 𝑓𝑡+1. We compute the per-pixel
motion magnitude𝑚𝑡 (𝑥) = ∥u𝑡 (𝑥)∥2 and summarize motion using
a robust statistic: the mean magnitude of the top-𝑞 fraction of pixels
(e.g., 𝑞 = 15%), denoted𝑀𝑡 =Mean(Top𝑞 ({𝑚𝑡 (𝑥)})). This focuses
on salient moving regions and reduces sensitivity to background
noise. Video-level intensity is summarized by 𝜇𝑀 =Mean𝑡 (𝑀𝑡 ) and
stability by 𝜎𝑀 = Std𝑡 (𝑀𝑡 ). The module flags Low Motion when 𝜇𝑀
falls below a threshold (stagnant/slow pans), High Motion when
𝜇𝑀 exceeds a threshold (whip-pan/aggressive moves), and Jitter

when 𝜎𝑀 or the high-frequency variation of𝑀𝑡 exceeds a threshold
(abrupt accelerations/decelerations). These outcomes are directly
mapped to actionable remediation (reduce motion strength, tighten
camera range, or stabilize).

3.2.2 Prompt Alignment Module. This module verifies that the
observed camera motion matches the motion intent specified by
the prompt (e.g., pan left-to-right, tilt up, dolly-in/zoom-in). We
estimate camera motion using TAPIR point tracking: a set of salient
points is initialized on the first frame and tracked through the
video to obtain 2D trajectories. To reduce object-motion confounds,
we preferentially sample edge points (high-gradient regions) and
aggregate trajectories into group-level displacement statistics. Let
𝑝𝑡𝑖 ∈ R2 denote the location of tracked point 𝑖 at time 𝑡 . We compute
the net displacement Δ𝑝𝑖 = 𝑝𝑇𝑖 − 𝑝1𝑖 and summarize motion by
the dominant direction vector v̂ = Normalize(Median𝑖 (Δ𝑝𝑖 )). We
additionally use structured point groups (e.g., left-edge set P𝐿 and
top-edge set P𝑈 ) to detect zoom/dolly: if P𝐿 moves left while P𝑈
moves up (points diverge away from the image center), themotion is
consistent with a zoom-in/dolly-in; conversely, convergence toward
the center indicates zoom-out/dolly-out. The observed motion label
𝑦 is then compared against the prompt-specified intent 𝑦prompt to
yield an alignment score 𝑠align, which triggers a FAIL when below
threshold.
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Algorithm 2 Temporal Motion Quality: Intensity & Smoothness +
Prompt Intent Alignment (TAPIR)
Require: Video 𝑉 = {𝑓1, . . . , 𝑓𝑇 }, prompt motion intent 𝑦prompt
Require: Top-pixel fraction 𝑞 (e.g., 0.15)
Require: Thresholds 𝜏low, 𝜏high, 𝜏jit, alignment threshold 𝜏align
Ensure: Decision 𝑑motion ∈ {PASS, FAIL} and reason 𝑟motion
𝑑motion ← PASS, 𝑟motion ← Acceptable Motion

(A) Unpleasant Camera Motion: Intensity & Smoothness
(RAFT)
for 𝑡 = 1 to 𝑇 − 1 do

u𝑡 ← RAFT(𝑓𝑡 , 𝑓𝑡+1)
𝑚𝑡 (𝑥) ← ∥u𝑡 (𝑥)∥2 for all pixels 𝑥
𝑀𝑡 ← Mean

(
Top𝑞 ({𝑚𝑡 (𝑥)})

)
end for
𝜇𝑀 ← Mean𝑡 (𝑀𝑡 ), 𝜎𝑀 ← Std𝑡 (𝑀𝑡 )
if 𝜇𝑀 < 𝜏low then

𝑑motion ← FAIL; 𝑟motion ← Low Motion (Stagnant)
else if 𝜇𝑀 > 𝜏high then

𝑑motion ← FAIL; 𝑟motion ← High Motion (Aggressive)
else if 𝜎𝑀 > 𝜏jit then

𝑑motion ← FAIL; 𝑟motion ← Jitter / Instability
end if

(B) Prompt Intent Alignment (TAPIR)
(B1) Point Initialization & Tracking:
Initialize an edge-biased point set P on the first frame 𝑓1
Track points {𝑝𝑡𝑖 }𝑇𝑡=1 using TAPIR and compute net displacements

Δ𝑝𝑖 ← 𝑝𝑇𝑖 − 𝑝1𝑖
(B2) Dominant Motion Estimation:
Estimate global camera translation

v̂← Normalize(Median𝑖∈P (Δ𝑝𝑖 ))
(B3) Zoom / Dolly Detection:
Partition points into spatial edge sets (e.g., left P𝐿 , top P𝑈 )
𝛿𝐿 ← Median𝑖∈P𝐿 (Δ𝑝𝑖 ), 𝛿𝑈 ← Median𝑖∈P𝑈 (Δ𝑝𝑖 )

(B4) Motion Intent Classification:
Infer observed motion label
𝑦 ← ClassifyMotion(v̂, 𝛿𝐿, 𝛿𝑈 )

(B5) Prompt Alignment Check:
Compute alignment score 𝑠align ← I[𝑦 = 𝑦prompt]
if 𝑑motion = PASS and 𝑠align < 𝜏align then

𝑑motion ← FAIL; 𝑟motion ← Prompt Misalignment
end if

3.3 Hallucinations
We evaluate two types of hallucination in image-to-video gener-
ation: object hallucination and new-structure hallucination. Object
hallucination refers to failures in preserving temporal consistency,
physically plausible motion, and coherent object interactions across
frames relative to the input image, leading to object drift, defor-
mation, and other visual artifacts. We further define new-structure
hallucination as the synthesis of objects or scene elements that
are absent from the source image. This distinction is particularly
important in high-trust domains (e.g., travel and real estate), where
introducing nonexistent structures may misrepresent reality and

increase legal and reputational risk. The following section details
the annotation categories for each hallucination type.

3.3.1 Hallucination Categories.

(1) Object Hallucination
• Object Fusion: Two or more objects unnaturally merge,
exhibit boundary corruption, or interpenetrate.
• Implausible Transformation: An object undergoes non-
causal changes in shape, color, or identity that are not
explained by interactions or scene dynamics.
• Object–Background Merge: An object blends into the
background despite being expected to remain visually dis-
tinct.
• Unnatural Object Movement: Object motion violates
physical constraints (e.g., unsupported motion, inconsis-
tent trajectories) or lacks plausible causation.
• Implausible Disappearance: An object abruptly van-
ishes without occlusion, exit from the field of view, or
other reasonable explanation.
• Object Splitting: A single object unnaturally divides into
multiple distinct objects.
• Text Hallucination: Textual elements (e.g., numbers,
signs) change content, deform, or become illegible.

(2) New Structure Hallucination:
• Natural entry of new objects: Objects absent from the
source image appear by entering the field of view with
temporally continuous, physically plausible motion.
• Camera-induced entry of new objects: Previously un-
seen objects become visible as a consequence of global
camera motion (e.g., panning, tilting, or zooming) rather
than object motion.
• Abrupt emergence of new objects: Objects not present
in the source image appear instantaneously without any
reasonable physical interaction or explanation.

3.3.2 Hallucination Detection Module. As illustrated in Fig. 2, we
propose a hallucination-detection module for identifying hallucina-
tions in videos generated by an Image2Video model. Given a gen-
erated video, we uniformly sample a set of frames 𝐹 = {𝑓1, . . . , 𝑓𝑛}.
To detect object hallucinations, we first extract a set of objects
𝑂 = {𝑜1, . . . , 𝑜𝑚} from the input image using a multimodal large
language model (MLLM). We then provide 𝑂 , the input image, and
the sampled frames 𝐹 to an MLLM (e.g., GPT-4o) to identify object-
level inconsistencies and anomalies across time, which are mapped
to the predefined hallucination categories 𝐶 = {𝑐1, . . . , 𝑐𝑚}. For
each category 𝑐𝑖 , the MLLM outputs a severity score 𝑆𝑖𝑜 ∈ [0, 10]
and a brief textual rationale when hallucination evidence is present.
The object-hallucination decision 𝑑object is obtained by aggregating
the category-wise scores and thresholding each category against
𝜏𝑖object.

To detect new-structure hallucinations, we compare each sam-
pled frame 𝑓𝑖 with the input image to determine whether novel
objects appear, according to three cases: (1) natural entry of new
objects, (2)camera-induced entry of new objects and (3)abrupt emer-
gence of new objects. An MLLM produces a per-frame binary de-
cision 𝑑𝑖new indicating whether any new-structure hallucination is
present. The video-level decision is computed as 𝑑new =

⋃𝑛
𝑖=1 𝑑

𝑖
new,
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Figure 2: Hallucination detection module for Image2Video generation. Uniformly sampled frames are analyzed with an MLLM
to (top) detect and track input-image objects, map temporal inconsistencies to predefined object-hallucination categories, and
aggregate category scores for a final decision; and (bottom) compare each sampled frame with the input image to identify
new-structure hallucinations (natural entry, camera-induced entry, or abrupt emergence)

3.4 Scoring and Risk Assessment
The moderation module aggregates signals across all evaluation
dimensions into a unified, machine-actionable quality verdict.

Aggregation. Frame-level, temporal consistency, and hallucina-
tion detection scores are combined using domain-calibrated weights
that reflect their relative impact on user trust, perceived realism,
and overall aesthetics. In addition to numeric aggregation, the sys-
tem produces a structured narrative summary that contextualizes
each detected issue, providing concise definitions and illustrative
examples to clarify its relevance to creative standards and Quality
of Experience (QoE).

Decision and Risk Classification. An overall PASS/FAIL decision
is produced based on thresholded criteria derived from expert mod-
eration guidelines. The system further assigns a standardized risk
level (No, Low,Medium, or High) linked to specific failure categories
and their associated severities.

Machine-Actionable Feedback. Outputs are structured as a tuple
of failure codes, severity levels, and recommended remediation
levers (e.g., reduce motion intensity, avoid generating or modify-
ing specific objects, adjust exposure, or switch generative models).
A language model is used to normalize terminology, prioritize is-
sues, and ensure consistent severity mapping across assets and
distribution channels.

This structured report not only functions as a gating mechanism
but also serves as input to the agentic regenerationmodule, enabling
targeted and iterative corrections that efficiently converge toward
videos satisfying brand, safety, and creative standards.

4 Agentic Regeneration Module
The Agentic Regeneration Module transforms moderation findings
into targeted corrective actions through a closed-loop planner–
executor process. A planning agent interprets frame-level, tempo-
ral, and hallucination signals relative to the source image, selects
a minimal yet effective intervention set, and issues an updated
generation request. The regenerated asset is re-scored by the mod-
eration module, and the loop continues until quality thresholds or
operational limits are reached.

Inputs and Outputs. Inputs include the source image and meta-
data (e.g., campaign, channel), prior generation configuration (prompt,
model, seed, motion parameters), and the structured moderation
report (failure codes, severities, rationales, PASS/FAIL). Outputs
consist of a next-generation plan (revised prompt, selected actions,
updated parameters, chosen model or base image) and execution
artifacts (regenerated video with a full action log for reproducibil-
ity).
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Action Policy. The agent operates over a constrained library of
interventions: (i) prompt refinements enforcing motion clarity, ob-
ject preservation, fidelity to the source image, and aesthetic stabil-
ity; (ii) camera and motion parameter adjustments to reduce jitter,
overshoot, or blur; (iii) base image selection when artifacts cluster
around occlusions or ambiguous regions; and (iv) model switching
or parameter tuning for model-specific failure modes. Selection
follows a cost- and efficacy-aware policy that prioritizes low-cost,
minimally invasive actions, escalates for high-severity or repeated
failures, and permits bundled actions when interactions are likely.

Iteration and Governance. The loop (Generate→ Moderate→
Regenerate) terminates upon PASS with acceptable risk, budget ex-
haustion, or escalation to human review for persistent high-severity
issues. All decisions—prompts, parameters, seeds, model versions,
base image identifiers, and rationales—are logged to ensure au-
ditability and continuous policy improvement.

By coupling structured diagnostics with a cost-aware interven-
tion strategy, the module systematically converts failing candidates
into compliant assets while preserving input-image fidelity and
minimizing manual oversight.

5 Evaluation
The system is optimized using 58 AI-generated video clips, with
respect to the 3 moderation components. We then evaluate the
proposed system using a human-in-the-loop protocol designed to
measure alignment with expert creative judgment and readiness
for production deployment. The protocol consists of three stages:
Shadow Mode (calibration), Pseudo Production (gating perfor-
mance), and Production QA (longitudinal monitoring).

5.1 Stage 1: Shadow Mode
In Shadow Mode, 146 AI-generated video clips were independently
evaluated by creative expert reviewers, the HALLELUAImoderation
system, and industry benchmark methods, without cross-visibility
of decisions. Each clip was standardized through trimming and
normalizing the aspect-ratio before evaluation.

5.1.1 Creative Expert Alignment. First, we evaluated the alignment
of moderation systems by comparing their output to reviews from
human creative experts on the video dataset. The HALLELUAI
moderation system achieves 88% precision and an agreement rate
of 87%. The results are summarized in Table 1, 2 and 3

Table 1: PASS/FAIL outcomes in Shadow Mode.

Expert HALLELUAI

Total Clips 146 146
PASS 39 (27%) 33 (23%)
FAIL 107 (73%) 113 (77%)

Overall Outcomes.

Table 2: Confusion matrix: HALLELUAI moderation vs. Ex-
pert decisions.

Expert PASS Expert FAIL

Our AI system PASS 29 4
Our AI system FAIL 10 103

Table 3: HALLELUAI moderation Performance Metrics Com-
pared to Expert Decisions

Metric Value

Overall PASS/FAIL Agreement 86.9%
Precision on AI-approved assets 88%
Recall on AI-approved assets 74%

Agreement Analysis. Precision is the key metric, as it directly
reflects the quality and reliability of videos approved by the system.

The system exhibits conservative gating behavior, filtering a
portion of expert-approved clips while limiting false approvals.

Stage-Level Diagnostic Breakdown. To analyze performance across
moderation components, we decompose precision by category, as
shown in 4.

Themajority of precision-impacting errors arise fromfine-grained
object-level hallucinations. Motion intensity thresholds contribute
primarily to false negatives, indicating conservative rejection be-
havior. Frame-level degradations contribute minimally to disagree-
ment.

5.1.2 Benchmark Comparison. Since no open-source systems cur-
rently provide comprehensive evaluation for image-to-video gen-
eration, we compared our system against user-generated content
(UGC) video quality assessment (VQA) models, such as DOVER [23]
and COVER [3]. Additionally, we compared our system to multi-
modal large language models (MLLMs) using zero-shot prompting.
The following is an example prompt designed for MLLMs, which
aims to evaluate the three components addressed by our system:
frame-level quality, temporal motion quality, and hallucination.
Frames are uniformly sampled from the video at 2 fps and provided
as input to the MLLMs for evaluation.

As shown in Table 5 , UGC video quality assessment models,
such as DOVER and COVER, were unable to differentiate between
PASS and FAIL videos, as these models were not designed for image-
to-video generation tasks. Furthermore, these models lack metrics
for hallucination detection. The MLLM-based method exhibited
low precision due to its inability to detect artifacts in AI-generated
videos. This finding demonstrates that without detailed and com-
prehensive prompting, MLLMs cannot reliably identify artifacts in
AI-generated video content.

5.2 Stage 2: Pseudo Production (Gating
Performance)

In Pseudo Productionmode, we evaluate the combinedmoderation +
regeneration system end-to-end by sending only system-approved
clips for human creative review. Out of 1,158 clips approved by
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Table 4: Stage-level contribution to Precision and False Positives (FP). Percentages reflect the proportion of total observed
errors attributable to each signal.

Module Sub-Category Precision

Frame-Level Quality

Blur 100%
Contrast (1/4 FP) 97%
Brightness 100%
Noise 100%

Temporal Motion Quality Prompt Alignment 100%
Motion Intensity (1/4 FP) 97%

Hallucination Detection
Object Hallucination (1/4 FP) 97%
New Structure Hallucination (1/4 FP) 97%
Text Hallucination 100%

Algorithm 3 Example Prompts Designed for MLLMs to Evaluate
Frame-level Quality, Temporal Motion Quality, & Hallucination in
Image2Video Generation

Input: AI-generated video (created from the first frame as input
image)
Task: Assess the following criteria (PASS/FAIL for each)
1. Frame Quality

- Blur: Is sharpness maintained?
- Contrast: Are levels appropriate?
- Brightness: Is exposure consistent?
- Noise: Is the frame free of artifacts?

2. Motion Quality
- Camera Motion: Is it smooth and pleasant?
- Temporal Smoothness: Are transitions fluid?

3. AI Hallucination
- Temporal Consistency: Do objects maintain their identity?
- Physical Plausibility: Is motion realistic?
- Object Coherence: Is there any drift or deformation?

Required Output Format:
FRAME QUALITY: Blur=[P/F], Contrast=[P/F], Brightness=[P/F],
Noise=[P/F]
MOTION QUALITY: Camera=[P/F], Smoothness=[P/F]
HALLUCINATION: Consistency=[P/F], Physics=[P/F], Coher-
ence=[P/F]
REASON: [One sentence explanation]
OVERALL: [PASS/FAIL]

Table 5: Performance Comparison of Different Evaluation
Methods

Methods Precision Recall F1-score Accuracy

DOVER 0.20 0.21 0.20 0.56
COVER 0.27 0.33 0.30 0.58
Qwen3-VL-8B-Instruct 0.28 1.00 0.43 0.30
NOVA 2 lite 0.25 0.74 0.37 0.34
HALLELUAI moderation 0.88 0.74 0.81 0.87

the system, 1,126 were also accepted by experts, yielding a preci-
sion of 97%, indicating that the vast majority of surfaced clips are
production-ready.

This precision is not directly comparable to Shadow Mode, since
outputs here have undergone iterative regeneration and refinement
before evaluation. As a result, the system is not just filtering errors
but actively improving clips, leading to higher agreement with
expert judgment.

5.3 Stage 3: Production QA (Longitudinal
Monitoring)

Following calibration, ongoing monitoring employs random sam-
pling (1-5%) of system-approved assets for expert review. Precision
levels of 97% remain consistent with Pseudo Production Mode re-
sults, and regression testing ensures that updates to thresholds or
regeneration policies do not degrade previously validated perfor-
mance.

In production, the system was deployed at scale, generating
approximately 70,000+ videos, further validating its reliability and
consistency in real-world conditions.

5.4 Evaluation Summary
These results demonstrate that structured moderation combined
with agentic regeneration can function as a reliable production-
grade quality control layer for ultra-realistic image-conditioned
video generation.

6 Conclusion
We presented HALLELUAI, an expert-aligned, production-oriented
system that turns image-to-video quality assurance into a control-
lable, closed-loop process. HALLELUAI couples per-assetmoderation—frame-
level aesthetics, temporally grounded motion quality, and source-
image–conditioned hallucination detection—with an agentic regen-
eration policy that translates failures into targeted fixes rather than
unguided retries.

Human-in-the-loop validation shows strong agreement with cre-
ative experts and supports deployment as a high-precision gate for
scalable AIGV. By enforcing strict input-image fidelity, emitting
machine-actionable diagnostics, and maintaining auditable deci-
sion trails, HALLELUAI bridges the gap between benchmark-style
evaluation and real-world creative governance. To our knowledge,
this is the first integrated moderation-and-regeneration framework
purpose-built for ultra-realistic, image-conditioned video genera-
tion at scale.
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