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Abstract

Recent advances in text-to-video (T2V) models enable high-
fidelity videos that closely follow textual prompts. However,
this expands practical applications while amplifying serious
security and societal concerns from the automated synthesis of
visual content that may be inappropriate in certain usage con-
texts, such as public or workplace settings, including sexual
or violent content (e.g., the Grok can generate sexual videos
in the “Spicy” mode). We observe that such visual content is
often distributed across frames, embedded in visual entities,
their attributes, and inter-entity relations. In contrast, existing
moderation pipelines primarily treat video content as either in-
dividual frames or raw frame sequences, overlooking the fact
that critical semantics can manifest through the combination
of specific frames. This gap prevents them from reasoning
across frames, confining detection to low-level visual cues,
such as gore or explicit conflict, and causing frequent failures
when cross-frame inference is required, including illegal ac-
tivities or threats. To address these limitations, we propose
leveraging scene graphs as the core intermediate semantic
representation. Scene graphs naturally encode entities, their
attributes, and inter-entity relationships, while also supporting
reasoning over cross-frame content. Grounded on this insight,
we further propose VSG-Safe, a novel scene-graph-driven
framework for T2V content moderation. Concretely, our ap-
proach first extracts cross-frame content from videos to build
scene graphs. With these graphs, we leverage a graph-oriented
model to jointly capture entities, attributes, and inter-entity
relations, enabling effective detection. To evaluate its effec-
tiveness, we conduct extensive experiments on both SOTA
benchmarks and our self-constructed video datasets. VSG-
Safe attains an average F1-score of 97.62%, outperforming
seven baselines by 42.32% on average.

Disclaimer: This paper contains visual content that might be
offensive to some readers, such as sexual and violent content.
Although we censor and mask Not-Safe-for-Work (NSFW)
imagery, reader discretion is advised.

*Equal contribution.
TCorresponding author. Email to wangrun@whu.edu.cn

1 Introduction

With the rapid advancement of visual synthesis technology,
the latest Text-to-Video (T2V) models, such as Sora [32] and
Hailuo [18], can generate high-resolution, chronologically co-
herent, and vivid videos based on natural language prompts or
image examples, eliminating the need for complex character
modeling, visual effects, and other techniques [22,49]. These
technologies quickly produce vast amounts of high-quality
video footage, advancing automated production in industries
such as film production [47], education [52], and entertain-
ment [56]. We are witnessing T2V technology revolutionize
video content creation and create a wave of Al-generated
content culture on social media [22].

However, with the growing user base and expanding ap-
plication domains, the potential for misuse of T2V models
has become a significant concern [23]. Prior studies [28,31]
indicate that malicious users and attackers exploit these mod-
els to generate and distribute videos with Not Safe For Work
(NSFW) [23] content, including pornography and violence
which are widely considered inappropriate for public plat-
forms [40], e.g., TikTok and YouTube'. Given that T2V mod-
els primarily use text as input but also support key-frames as
input, they can produce NSFW videos when fed inappropriate
prompts or images [21]. For instance, Grok provides a “Spicy’
mode that actively directs it to generate sexual videos”. This
capability has raised widespread security concerns within
society regarding the deployment of T2V technology [33].

To mitigate the misuse of T2V models, artificial intelli-
gence generated content (AIGC) service providers have in-
troduced various safeguard mechanisms [23]. Broadly, these
efforts can be categorized into three directions: input filtering,
model enhancement, and output detection. Input filtering aims
to block prompts before generation, using keyword blacklists
or semantic embeddings to identify the policy-violating in-
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puts [3, 39, 54]. Model enhancement strategies attempt to
reduce the generation of NSFW content during the genera-
tion process by either removing NSFW concepts from the
model [53] or intervening in prompt embeddings or hidden
representations to steer the generation process [7,21].

Although these defenses constrain the generation NSFW
content to some extent, recent research reveals that input filter-
ing and model enhancement are tailored solutions [25,31,62].
Input filters are ad hoc and lack generality, which requires
separate designs for each T2V model, where direct transfer
often fails due to misalignment between the filter and the
latent space of the model, ultimately rendering the filtering in-
effective. Model enhancement is even more costly, requiring
significant computational overhead and performance trade-
offs to reduce NSFW content generation. In contrast, output
detection methods analyze the generated content itself, pro-
viding a last line of defense by filtering results [6, 19]. By
inspecting the generated video directly instead of relying on
inputs or model assumptions, once trained, such methods can
be trained once and then deployed as plug-ins to arbitrary
T2V systems, without requiring further fine-tuning. Conse-
quently, output detection has emerged as a more robust and
practical defensive strategy [36,40].

In practice, for generated videos, content subject to mod-
eration is not confined to a single frame [10,40]. Instead, it
may manifest through sparse patterns, such as threats or other
entity-level interactions, distributed across multiple frames,
thereby requiring the aggregation of cross-frame informa-
tion for reliable detection [28,42]. Grounded on shot types
in film-art scholarship [34], we categorize videos into three
types: @ camera shot, where all semantics can be captured
within a single frame, similar to static images; @ continuous
take, where relevant semantics unfolds continuously and can
be detected by analyzing the raw frame sequence; ® discon-
tinuous take, where critical semantics manifest across non-
consecutive frames, often due to the insertion of unrelated
frames, requiring cross-frame reasoning for detection.

Existing output detection methods can be broadly character-
ized as either single-frame or multi-frame. To capture NSFW
content in videos, a straightforward idea is to decompose a
video into individual images [38,40], but this discards inter-
frame dependencies and limits detection to static attributes or
explicit visual conflicts within camera shots [33]. In contrast,
multi-frame detectors treat videos as simple sequences of raw
frames and compress them into a single global representation.
Although this design introduces multi-frame features, prior
works show that this design loses cross-frame temporal rela-
tions and fine-grained entity relationships [43,50, 60], restrict-
ing detection to coarse-grained content classification rather
than nuanced semantic reasoning, and ultimately leading to
significant underestimation of videos’ harmfulness [9,61].

To address these challenges, for the first time, we investi-
gate video content from multiple frames, proposing a scene-
graph-driven framework for defining and identifying NSFW

video content through video scene graphs, which explicitly
models entity attributes and inter-entity relationships [60].
This representation overcomes the limitations of existing
approaches in modeling and capturing semantics in videos.
Building on this representation, we introduce a novel output
detection technique, Visual Scene Graph for NSFW Detec-
tion (VSG-Safe). Specifically, to capture cross-frame content
in videos, VSG-Safe introduces a video scene graph gener-
ation framework, which jointly modeling entities, attributes,
and relationships across frames, addressing the limitations
of existing approaches, which fail to predict entity attributes
and cross-frame relationships. Subsequently, to effectively
capture and identify the harmfulness of the topology formed
by directed relationships and nodes with attributes in scene
graphs, we design a dual-channel graph classifier, Dual-GNN,
which builds on the extracted graphs to detect target content in
videos through two complementary channels, i.e., entities and
relationships. Leveraging these scene graphs together with
cross-frame semantic modeling, VSG-Safe can effectively
detect NSFW-related patterns that are implicit or distributed
across multiple frames, thereby overcoming the inherent limi-
tations of single-frame detection. Our key contributions are:

¢ We reveal that critical semantics in videos often manifests
through cross-frame scenarios and analyze the limitations
of existing NSFW content detection methods in handling
both continuous and discontinuous frame scenarios.

* We propose a novel framework that detects NSFW content
by reasoning over cross-frame content, instantiated with
scene graphs extraction to capture entities and their inter-
entity interactions across frames.

* We categorize videos into three shot types and construct a
benchmark dataset covering seven content categories com-
monly considered in NSFW video analysis, with samples
spanning all three scene graph types, to facilitate compre-
hensive evaluation of cross-frame video detection methods.

e QOur experiments show our method achieves an F1-score
higher than 97.62%, improving by 42.72% over 7 competi-
tive baselines on average. In particular, VSG-Safe achieves
an Fl-score of 96.84% on cross-frame scenarios, with a
54.66% improvement, while in NSFW relation detection it
reaches 97.06%, improving by 49.47% over baselines.

2 Related Work

2.1 Text to Video

In recent years, powered by training on large-scale vision-
language datasets, generative models have shown impressive
abilities in capturing semantic alignment and creating high-
quality visual content [29,37]. T2V models have made signif-
icant strides [13], allowing users to produce high-resolution,
semantically consistent, and realistic videos from various in-
puts like natural language, images, or video clips [17,47,48].



As these models advance in capability, they also introduce
heightened security risks [23,28]. Many web-sourced train-
ing datasets lack thorough curation and contain NSFW con-
tent [45]. As a result, generative models might unintentionally
learn patterns related to graphic, violent, or pornographic ma-
terial, leading to the potential creation of content that is inap-
propriate in certain usage contexts [35]. As generative models
become more powerful, NSFW content has shifted from short
videos illustrating isolated NSFW objects to long videos with
coherent narratives of stories [28,33]. Drawing on definitions
from the film industry, we further observe that cross-frame
content can be categorized by cinematographic techniques
into camera shots, continuous takes, and discontinuous takes.
Among these, camera shots align with existing single-frame-
based detection settings, whereas current methods exhibit
severe shortcomings when dealing with cross-frame cases,
namely continuous takes and discontinuous takes. The precise
definitions are introduced in Section 3.1.

2.2 NSFW Defenses in Video Generation

With growing attention to the NSFW issues in Al-generated
video content, recent years have seen a surge of research fo-
cused on defending against NSFW content generation in T2V
services. Among existing defense strategies, three widely
adopted categories are input filters, model enhancement, and
output detection [26]. Input filters attempt to prevent unde-
sired content generation under content moderation policies
by rejecting inappropriate prompts [25, 54]. However, this
approach heavily relies on accurate semantic interpretation
of the input and precise alignment with the target model’s
semantics, making the defense lacking generality. Model en-
hancement modifies the generative models themselves (e.g.,
via fine-tuning or unlearning) to suppress NSFW outputs,
though often at the cost of utility and with limited adapt-
ability [53]. Output detection targets the generated videos
directly [16, 25], including methods that analyze the final
output to identify and filter NSFW content. Such methods
can be divided into those that operate on single frames (im-
ages), such as Q16 [40] and USD [57], which process each
frame independently and therefore do not model cross-frame
information, making them less effective for video-level safety
analysis, and those that operate on multiple frames (videos),
such as the ViViT-based method [42]. Notably, output detec-
tion is particularly versatile, as it can be applied not only to
T2V services but also to other scenarios requiring content
moderation. Therefore, output detection methods are gener-
ally regarded as more robust and applicable. Hence, in this
work, we focus primarily on output detection methods.

2.3 Panoptic Scene Graph Generation

Existing panoptic scene graph generation studies can be
broadly categorized into two groups, i.e., static and dynamic
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Figure 1: An example of NSFW video content. NSFW video
content is spread across multiple frames, requiring context-
aware analysis. In this example, camera movement presents a
scene with three consecutive clips, i.e., a persony, a knife, and
a persony, showing only the “person;-knife” relations. The
“person;-person;” and “knife-person;” relations are absent
from any single frame and must be inferred across frames.

scene graph generation(SGG). The first focuses on image-
or frame-oriented scene graph generation, emphasizing static
relational modeling while overlooking cross-frame entity con-
sistency and relationship dynamics [59]. The second line
explores the construction of dynamic video scene graphs,
aiming to capture temporal semantics by aligning entities
across frames (e.g., via object tracklets) for modeling inter-
frame probabilistic graphs. A representative dynamic SGG
technique is PVSG [51], which incorporates a conditional
modeling framework and makes notable progress in captur-
ing the uncertainty of single-frame relations. However, these
methods primarily focus on the accuracy of limited relations,
such as spatial positioning, while struggling to capture entity
attributes and complex relationships, particularly non-contact
interactions between entities, such as weapon threats, physical
intimidation, and sexual harassment, limiting their applica-
bility to analysis on video with long takes. Moreover, their
usability in T2V systems remain underexplored.

To address the above limitations, in this work, we propose
a novel cross-frame scene graph extracting technique that ex-
plicitly enhances the understanding of complex inter-entities
relationships and the recognition of entity attributes in videos.

3 NSFW Content in Videos

The concept of unsafe content does not stem from a single,
universally agreed-upon definition, but instead varies across
social, contextual, and identity-related factors (e.g., gender
and race) [36]. For instance, prior work has discussed consid-
erations such as whether data may be offensive, threatening, or
anxiety-inducing when viewed directly [14]. However, such
descriptions are not intended as formal or exhaustive defini-
tions, and what is considered inappropriate remains inherently
subjective. Given the absence of a universally accepted and



task-agnostic definition of unsafe content, we avoid adopting
any single formulation. Instead, drawing on multiple prior
works that study NSFW content [16,23,36,40], we focus on
NSFW content as the core scope of this paper. In particular,
NSFW is operationalized as a set of moderation-relevant vi-
sual content categories commonly studied as detection targets
in prior technical research and widely considered inappro-
priate in public platform moderation contexts, and is treated
purely as a task-oriented classification scope rather than a
normative definition or claim about inherent harm or unsafety.
Specifically, we concentrate on seven categories, i.e., sexu-
ally explicit, disturbing attributes, physical violence, armed
threats, illegal activities, harassment, and self-harm [28,40].

Compared to NSFW detection in images, detecting such
content in videos is more challenging because NSFW content,
especially interactions, often unfolds across a temporal se-
quence of multiple specific frames, whereas NSFW elements
in images are typically localized within a single frame [15].
As illustrated in Figure 1, such content may involve multi-
frame interactions that are only semantically coherent when
considered together. For instance, a violent scenario involving
the person; threatening the person; may span several frames:
one frame shows the person; holding a sharp knife, another
captures the knife in mid-air, and a third presents a close-up
of person, in a defensive posture and facing the knife. Individ-
ually, these frames may appear ambiguous or benign due to
the unknown intentions of the individuals or objects involved.
However, when considered together, they collectively convey
NSFW semantics.

3.1 Scene Graph of Video

Prior studies reveal that the core challenge in video under-
standing and reasoning is not appearance recognition but
semantic reasoning over temporally evolving entities, their
attributes and inter-relations, i.e., identifying who is involved,
what attributes they exhibit, and how they interact [9,60]. Yet,
existing NSFW detection methods largely rely on pixel-level
features [38,40], which capture appearance but do not reliably
model the entity-centric semantics required for distinguishing
different types of behaviors and interactions [12,55].

This limitation aligns with prior observations in visual rea-
soning, suggesting that structured representations of entities,
attributes, and their inter-relationships tend to provide a more
reliable basis for video reasoning than raw appearance fea-
tures [60]. Accordingly, video scene graphs, which explicitly
model entities, attributes, relations, and their temporal evolu-
tion, are widely recognized to encapsulate information that is
essential to visual understanding and reasoning [9,60]. Hence,
we use video scene graphs as the core semantic representation,
retaining the semantics necessary for NSFW detection.

Grounded in film-art scholarship [34], the depiction of a
scene through a video clip can be decomposed into two pri-
mary dimensions: shot composition and shot movement. In

this work, we further identify this depiction into three rep-
resentative shot modes of SSG generation in video scene
graph generation: @ Camera shot: Similar to an image, all
relevant semantic relations can be fully observed within any
single frame of this full shot. ® Continuous take: A con-
tinuous camera movement that semantic interpretation de-
pends on a sequence of temporally adjacent frames, where
individual frames may contain no NSFW content, can still
be detected through straightforward frame-sequence analy-
sis without cross-frame reasoning. ® Discontinuous take:
A set of interrupted takes, where semantics are distributed
across non-adjacent scenes, requires long-range cross-frame
reasoning to be accurately inferred. To clarify the distinc-
tions of three introduced representative modes, we provide
an illustrative visualization in Figure 2. Our categorization,
while not a complete artistic deconstruction, is indispensable
for understanding and enabling reliable detection of NSFW
content. It further motivates the need for representations that
capture cross-frame content, as opposed to detecting NSFW
content from isolated frames or naive raw frame sequences.

To meet this need, our scene graph design assumes tem-
poral continuity in the video’s semantics where entities and
relationships may persist, evolve, or accumulate across frames
rather than being re-inferred from scratch at every timestep.
The incremental inheritance-update-expansion mechanism
allows our scene graph to integrate both the current frame’s
information and contextual semantics from previous frames,
forming a graph representation with temporal depth.

Specially, the scene in the video is decomposed into a se-
quence of scene graphs {Gi, G2,...,Gi,...,Gr}, where G,
denotes the fused scene graph from frame 1 up to frame ¢.
Importantly, G; is not a static snapshot of frame ¢, but rather
the result of progressively inheriting, updating, and expand-
ing upon the previous scene graph G;_1. As new frames are
processed, existing entities and relationships in the graph may
be updated (e.g., changes in attributes or relations), and new
entities or relationships may be added, thereby enriching the
graph with cumulative semantic context. Scene graph G; is
defined as G; = {{(vi,ci,a;)},{(vi,rij,vj)}}, where v; rep-
resents the unique ID of i-th entity node, ¢; is its category ,
a; denotes its set of attributes, and 7; ; captures the directed
visual relationship from entity v; to v;.

3.2 NSFW Video Scene Graph

Based on our definition of video scene graphs, we conceptu-
ally decompose NSFW content in videos into two comple-
mentary aspects, i.e., entity-level cues and relationship-level
interactions, that together provide a comprehensive represen-
tation: @ Entities, referring to individual nodes belonging
to whose categories or attributes (e.g., blood, nudity) are in-
dicative of NSFW-related content; @ Explicit relationships,
interactions that are directly observable (e.g., physical assault,
sexual activity); and © Implicit relationships, more complex
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Figure 2: Shot modes and scene graphs. The top row shows
examples of the three shot modes. Numbers indicate clips
composed of consecutive frames within the same scene. In
the discontinuous case, frames of an irrelevant shot are in-
serted to obstruct the detection of continuous semantics. The
bottom row presents the corresponding scene graphs extracted.
NSFW elements are highlighted in red, while unrelated ob-
jects (e.g., sunflowers) are omitted for clarity.

or indirect interactions that require contextual reasoning over
multiple entities to be recognized, (e.g., armed threatening).
The entity focuses on the inherent visual attributes of en-
tities that may convey NSFW content, including their cate-
gories (e.g., drugs, cigarettes) as well as specific features (e.g.,
nude). Identifying the category is relatively straightforward
and can often be handled by a ban list. However, assessing
whether a particular attribute constitutes NSFW content often
requires considering the category jointly. For instance, nudity
involving animals or non-human entities is generally treated
differently from nudity involving human subjects, which of-
ten carries distinct visual patterns and regulatory implications.
We represent its structure using the triple (ve, c,, a. ), where v,
denotes the entity node, c, indicates its category, and a, rep-
resents the set of attributes. As illustrated by the left video in
Figure 2, an entity can correspond to a specific class together
with associated attributes, jointly indicating NSFW content.
Unlike the first category, which directly relies on the intrin-
sic visual features of individual entities, the latter two focus
on interactions between entities. The relationship emphasizes
the relational dynamics manifested through posture, motion,
and other behavioral cues. Such dynamics often convey either
explicit or implicit indications of aggressive or potentially
harmful behaviors, including acts of violence, illegal activity,
or self-harm. From the perspective of behavioral manifes-
tation, these interactions can be categorized into two types:
explicit relationships and implicit relationships. Specially, ex-
plicit behaviors can be represented using the relational triple
(VeyTe; 005 Ve, ), abbreviated as the (S,V, O) structure. As the
middle video illustrated in Figure 2, this scene captures di-
rectly observable conflicts or inappropriate interactions be-
tween two entities. On the other hand, implicit relationships
involve the broader context of multiple entities and can be rep-
resented as multi-step triples (Ve,,7¢; esVes ), (Veys Tesess Vey )

Dataset Prompt Mask Graph NSFW Type Shot Mode Scene Type
UGVD X X X 5 1 2
Ours v v v 7 3 3

Table 1: Comparison with the SOTA NSFW T2V datasets.
In addition to videos and prompt annotations, our dataset also
includes entity masks and scene graphs. Compared to existing
video datasets, ours encompasses seven categories of NSFW
classes and spans three shot modes, whereas prior datasets
typically cover only a single meta-scene.

where e; and e3 denote the primary subject and object enti-
ties, respectively, and e, acts as an intermediate entity that
facilitates the action, ultimately forming the complete relation
(Vey sTey e3> Ve )» as the right video illustrated in Figure 2. This
representation captures complex or indirect interactions that
require reasoning over inter-entity context to identify.

To provide a more precise representation of video con-
tent, we introduce three scene types, i.e., entities, explicit
relationships, and implicit relationships, to provide a practical
framework for modeling NSFW content in videos [9, 60].

3.3 NSFW Video Dataset

Among existing NSFW video benchmarks, UGVD represents
one of the most comprehensive datasets. As summarized in
Table 1, UGVD [33] contains 2k videos generated with Mag-
icTime using stable-diffusion-v1-5, totaling 32k frames, with
five NSFW content categories, two scene types (i.e., attributes
and explicit relationships) and one shot mode (i.e., camera
shot). The videos in UGVD are significantly short, averaging
only 16 frames per sample, making it difficult to cover mean-
ingful semantic changes over time. Moreover, as presented
in Figure 3, the videos in UGVD suffer from poor quality,
with many entities appearing blurry or distorted, which further
limits their usability for NSFW video detection.

To facilitate community research on NSFW AIGC video
detection, based on our NSFW video and scene graph analysis,
we collected 23 representative real-world videos from online
platforms (e.g., YouTube) to observe real-world SFW/NSFW
manifestation patterns. For each identified pattern, we curated
seed prompts directly from the Explore section or Inspira-
tion tool of the respective video-generation platforms, ensur-
ing that all collected prompts complied with each platform’s
usage policies. These prompts were then expanded using
OpenAI-GPT to increase diversity. The expanded prompt set
was subsequently used on the same platforms to synthesize
540 videos via the video generators (e.g., HailuoAl [18] and
ChatUPAI [2]). After quality filtering, we retained 340 high-
quality samples comprising 51k frames, covering 7 NSFW
content categories and 3 shot modes. More details are pro-
vided in the Appendix B.

We compare our dataset with existing ones in Table 1. Our



ansn

sinQ

Figure 3: Visualization of UGVD and our dataset.

dataset exhibits significantly greater comprehensiveness and
diversity. It offers stronger support for capturing temporally
evolving NSFW content, which is often underrepresented
in current benchmarks due to short video lengths and lim-
ited content scope. This higher-quality and comprehensive
dataset enables more realistic evaluations of model perfor-
mance under diverse threat scenarios. To advance research in
multimodal NSFW content recognition, each video sample in
our dataset includes: the raw video, sequenced frames, per-
frame segmentation masks for detected entities, the natural
language prompt used during synthesis, and a scene graph
sequence that encodes video semantics.

4 Methodology

4.1 Motivation

As our observation in Section 3, unlike image, NSFW content
in videos often manifests only through a sequence of frames.
Specifically, moderation-relevant content in videos primarily
manifests through @ individual entities together with their
classes and attributes and @ inter-entity interactions between
entities. Attributes, such as nudity, gore, and horror, can ap-
pear in a single frame and are identifiable by distinctive visual
features like color and texture. In contrast, inter-entity inter-
actions are generally expressed across multiple frames, such
as self-harm or violence (e.g., shooting). As a result, these
interactions present a greater challenge for single-frame de-
tection methods, which often fail to accurately capture the
underlying NSFW attributes and relationships.

Moreover, more sophisticated generation instructions can
introduce non-continuous shots that obscure the underlying
semantic intent. For instance, by inserting unrelated frames,
e.g., flashbacks of a victim during a violent scene, can mislead
detection models by breaking the continuity of actions. These
complex real-world scenarios often involve multi-entity in-
teractions and intricate temporal dependencies across frames,
thereby posing significant challenges for multi-frame-based
detection methods. Therefore, video-oriented detectors must
go beyond single-frame or short-range sequence analysis and
be capable of modeling long-range temporal context, par-
ticularly when critical semantics are distributed across non-
contiguous frames, i.e., discontinuous takes.

Shot Mode Scene Type
Camera Con. Discon. Attr. ER. LR.
MHSC 89.49 57.92 58.70 92.23 61.76 48.56
NSFWJS | 59.88 50.05 63.86 55.94  60.66 44.48
CI 86.27 5931 38.75 85.37 52.66 57.60
Qwen 98.04 8235 68.75 100.00 75.74 83.20
Avg 83.42 6241 57.52 83.39 62.71 58.46

Detector

Table 2: Motivation studies. We conducted a preliminary
evaluation of existing methods on our self-constructed dataset
and report their accuracy (%). Here, “Con.” and “Discon.”
denote continue and discontinue takes, while “Attr.,” “E.R.,”
and “L.R.” correspond to attributes, explicit relationships, and
implicit relationships, respectively.

We evaluated the performance of existing techniques on
our self-built dataset, Unsafe-VidGraph, focusing on different
shot types as well as scene categories. The detection results
were assessed using the accuracy, as summarized in Table 2.
We evaluate our approach on four detectors: (i) MHSC [36],
a SOTA single-frame detector; (i) NSFW JS (Video) [38], a
widely used NSFW detection system; (iii) Tencent’s commer-
cial tool CI°; and (iv) a commercial content moderation based
on a SOTA VLM Qwen [5].

Our analysis of existing approaches reveals that the ma-
jority of current methods still rely primarily on single-frame
analysis for NSFW content detection. These models demon-
strate strong performance in single-frame detection, achieving
an accuracy of 83.42% on average as high as 98.04%. Never-
theless, their effectiveness drops significantly when handling
more complex shot types. In particular, performance deterio-
rates in consecutive and inconsistent shot settings, where the
average accuracy decreases to 62.41% and 57.52%, respec-
tively. This trend suggests that multi-frame dependencies and
cross-shot consistency, which are essential in realistic video
streams, remain largely unaddressed by existing detectors.

Furthermore, existing methods remain limited in capturing
non-salient NSFW elements, particularly relationships that
span both explicit and implicit inter-entity interactions. Al-
though they perform strongly on attribute detection (average
accuracy 83.39%, peaking at 100.00%), their effectiveness
drops sharply for relation-based categories: 62.71% for ex-
plicit and 58.46% for implicit relationships. This disparity
highlights a persistent gap between attribute-level recognition
and relation-aware understanding in NSFW video analysis.
A key limitation lies in their reliance on directly encoding
consecutive frames and analyzing the resulting global embed-
dings, which neglects inter-frame relational information and
hinders the ability to model entity-level interactions across
frames [43]. As a result, these models frequently fail to ac-
curately identify NSFW content that is temporally dispersed

3Cloud Infinite. A secure, stable and efficient cloud data processing ser-
vice for picture, video, audio, documents, and other data processing.
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Figure 4: Overview of our approach. We first construct scene graphs from videos using a cross-frame extractor that captures
entities, attributes, and inter-entities relationships. These graphs are then fed into a dual-channel GNN classifier, which separately
models entity-level and relation-level semantics to detect NSFW content.

or semantically embedded within complex and dynamic vi-
sual contexts, leading to substantial deficiencies in real-world
detection [44,61].

4.2 Overview

To address the aforementioned limitations, we propose a novel
framework for NSFW video detection by reasoning over enti-
ties and relationships in cross-frame scenarios. As illustrated
in Figure 4, our method first @ extracts and analyzes fine-
grained information within a video to generate a video scene
graph, overcoming the limitations of traditional methods that
rely heavily on static frame features or global video embed-
dings; and @ classify the video scene graph in open-ended
scenarios to detect NSFW videos. In the following sections,
we elaborate on extracting scene graphs from open-set videos
to obtain entities and their potential relationships, and building
a scene graph classifier to identify NSFW videos.

4.3 Video Scene Graph Generation

Unlike existing methods that rely solely on single-frame or
video-level features, our approach leverages temporal seman-
tic cues across multiple frames to detect NSFW content. This
design enables fine-grained frame-level safety assessment
while capturing the dynamic evolution of entities and their
relationships over time. In Section 3, we represent the se-
mantic content of videos using scene graphs. Building on
this, we propose an open-vocabulary dynamic scene graph
extractor tailored for video content, which consists of three
main components: (i) entity segmentation; (ii) entity attribute
prediction; and (iii) inter-entity relationship inference. In con-
trast to prior video scene graph generation methods, which
typically lack attribute prediction and restrict relationships
to individual frames, our approach supports both attribute ex-
traction and relationship modeling within and across frames.
Such video scene graphs satisfy the requirements for a com-

plete scene graph as defined in Section 3.1, including entities,
attributes, relations, and their cross-frame evolution [9, 60].
Entity segmentation. To construct video scene graphs, we
first extract consistent entity tracks from input videos. While
PVSG [51] provides Image Panoptic Segmentation (IPS) for
object segmentation and cross-frame association, IPS modules
are optimized for real-world videos and degrade significantly
on AIGC content. In AIGC videos, entities often exhibit am-
biguous or irregular boundaries, particularly at edges, result-
ing in suboptimal segmentation that can hinder reliable track-
ing. In addition, the default PVSG pipeline suffers from iden-
tity conflicts: same-class entities may be erroneously merged
into a single track if they never appear in the same frame, or
re-assigned new entity IDs upon reappearance. These mis-
associations obscure the temporal continuity of entities and
propagate errors into downstream relation reasoning, produc-
ing unreliable scene graphs. Therefore, we adopt the entity
segmentation module from PVSG and retrain it for our setting,
where the output is disentangled into two branches, i.e., mask
classification and mask prediction.

In addition, each query is matched against the set of histori-
cal entities to determine whether it corresponds to an existing
entity or a newly appearing one. If a matching historical en-
tity is found, the query inherits its track_ID; otherwise, a new,
globally unique track_ID is assigned. Similarity between the
query and historical entities is measured against a predefined
threshold to ensure temporal consistency of track_IDs. This
design allows each query to simultaneously support semantic
classification, mask prediction, and globally unique, tempo-
rally consistent track_ID assignment, preventing identity colli-
sions while maintaining frame-level scene graph consistency.

During training, each object query is supervised via mask-
based bipartite matching to ensure it uniquely corresponds to
a ground-truth object. We define the matching loss as:

Lmatch(‘]i,yj) = A—cls : Lcls(%’»)’j) + }bmask : Lmask(‘]ia)’j)y (H
where L.js and L,k respectively quantify the discrepancies
in classification and mask prediction for each object query,



while the coefficients A and Apagc control and balance the
relative contributions of these two loss components to the
overall matching objective. Further, the optimal assignment
6 is then obtained by minimizing the total matching cost:

N

6 = arg min
CESN i

Linatch (9> Yo (i) )+ (2)
1

where Sy represents all possible one-to-one assignments and
o (i) is the ground-truth index assigned to g;. This framework
ensures that each query captures both the semantic identity
and spatial localization of its corresponding entity.

During inference, we extend queries temporally using Uni-

Track [46], linking panoptic segmentation results across
frames into temporally consistent entity tubes. For each
tracked entity, we construct a query tube {qi-}?:,l , where
¢: represents the entity’s query at frame 7. Each query tube
captures and preserves an entity’s motion-related attributes
in continuous numerical form, including its position, shape,
size, and their temporal derivatives.
Entity attribute prediction. As discussed in Section 3, the
attributes of entities are decisive for determining whether
video content exhibits NSFW-related visual cues. However,
most video scene graph pipelines optimize entity and relation
prediction while giving little explicit treatment to attributes,
even in recent SOTA formulations [30,51]. To close this gap,
we propose a mask-guided entity attribute extraction mod-
ule. The module takes the frame and a per-entity instance
mask as input. For each entity, we apply the corresponding
mask to spatially ground the region of interest and query a
visual-language model(VLM) to perform open-domain at-
tribute extraction on that region. This design can not only lo-
calize attribute inference to the correct pixels, but also remain
open-vocabulary attribute inference via the VLM. Specifi-
cally, our attribute extraction module takes three inputs: the
original frame ¥, the entity information {(v,c)}, and the en-
tity location masks {m}, where each entity is associated with
a corresponding mask.

We adopt a VLM, BLIP [24], as the backbone to support
open-vocabulary attribute extraction. For i-th entity in 7, its
attributes g; are obtained as a; = VLM (F,{(vi,c;)},{m;}). To
further enhance the capability of the VLM, we fine-tune it to
better adapt to the mask-based entity attribute extraction task.
In our VLM fine-tuning setup, the answer classification ob-
jective is formulated as a soft-target multi-class cross-entropy
loss. Let p € RX denote the predicted probability distribution
over the K possible answers, and let p € RX be the corre-
sponding soft target distribution. The loss is then defined as
Les = —YX | pilog(p;), which generalizes standard cross-
entropy by allowing supervision with soft distributions rather
than hard one-hot labels, thereby capturing uncertainty and
encouraging the model to align with the target distribution.
Inter-entity relationship prediction. Based on the extracted
temporal query tubes, we predict inter-entity relations by iden-
tifying semantical entity pairs. During inference, we employ
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Figure 5: Dual-GNN. To precisely identify NSFW content,
our Dual-GNN is designed to process complex scene graphs
via two channels, i.e., attribute channel and relation channel.

a compact and trainable pairing module to reduce computa-
tional complexity. This module takes temporal query tubes as
input and models each entity using a transformer encoder with
global cross-frame attention, aggregating contextual informa-
tion across all time steps. Max-pooling along the temporal
dimension compresses each query tube into a single vector, en-
abling efficient computation of pairwise similarities. From the
resulting similarity matrix S € RV*V | we construct a sparse
entity-pairing matrix by selecting high-confidence pairs that
are likely involved in semantic relations.

Prior entity pairing may fail to capture behaviors that enti-
ties exhibit toward themselves. To address this, we introduce
self-relations in the sparse pairing matrix, treating each entity
as both subject and entity. This design allows the model to cap-
ture not only inter-entity relations but also intra-entity behav-
iors. Consequently, the sparse pairing matrix represents both
conventional entity pairs and potential behaviors of single
entities. It provides additional supervisory signals, enhancing
the detection of actions and improving the precision of inter-
entity relation matching. To supervise the pairing process,
we align the sparse pairing matrix with ground-truth relation
labels Y € {0,1}"*N using a multi-label cross-entropy loss:

N N
Lpair == ), ), [¥ij-logSij+ (1 -¥) -log(1 = 5;))] (3)
i=1j=1
This objective supervises the similarity scores between object
queries, encouraging the model to assign higher confidence to
pairs that are semantically related and suppress unlikely ones.
For relation modeling, we leverage a Transformer encoder.
To resolve the Transformer’s lack of temporal awareness, we
incorporate positional embeddings that encode frame order.
The encoder then processes the fused query pair features
with cross-attention across time, allowing it to capture not
only individual entity dynamics but also temporally evolving
interactions between entity pairs.

4.4 Dual-Channel GNN for NSFW Detection

Using scene graph generation, we extract structured graphs
from video frames, where nodes denote entities and attributes,



and edges capture relationships. Such data naturally exhibit
explicit graph structures, requiring models that can capture
complex topological dependencies. This makes Graph Neural
Networks (GNNs) well-suited for such data, as their message-
passing mechanism efficiently propagates and aggregates in-
formation across nodes and edges, enabling joint modeling of
attributes and relations [20]. This allows the model to identify
entities and relationships across entities.

Previous studies have shown that node attributes can inter-
fere with structural information propagation in graph neural
networks [58]. To address this, we design a dual-channel GNN
architecture that separately handles attributes and relations,
combined with multi-frame entity alignment and tracking
to maintain cross-frame consistency. Each entity’s unique
track_ID is encoded as a node feature, ensuring semantic con-
sistency and identity tracking during message propagation.
Attributes remain independent of relational propagation while
still participating in message passing, enabling effective mod-
eling of entity states and properties. This design allows the
model to simultaneously achieve: (a) cross-frame relational
reasoning, such as detecting repeated threats; (b) intra-frame
attribute recognition, such as identifying nudity or severe bod-
ily injuries. Leveraging the inherent advantages of graphs, our
framework provides fine-grained, cross-frame detection.

To model interactions between entities, we adopt
GATV2 [8] as the backbone, which is a graph attention net-
work that dynamically computes attention weights based on
the joint features of both source and target nodes. In our frame-
work, the embedding of each relation is injected as contextual
input to each edge, enabling the attention mechanism to prior-
itize semantically critical interactions (e.g., knife — point —
person) while suppressing redundant or irrelevant connections.
Finally, the outputs from the attribute and structural channels
are projected into a shared feature space, allowing unified
modeling of both entity attributes and inter-entity relations.
Identifying NSFW nodes based on their entity classes and
attributes. For the attribute channel, the input is derived from
the constructed video scene graph. During inference, this
channel intentionally omits relational information (i.e., the
edge types and directions) while retaining only the connec-
tivity among entities to preserve the underlying graph struc-
ture, i.e., G’ = {{(vi,ci,a;)},{(vi,—,v;)} }, where “-” indi-
cates that the relation type has been omitted. Each node in
the graph is then encoded by an attribute encoding layer to
produce a set of node embeddings. This embedding set, to-
gether with the adjacency matrix generated from {(v;,—,v;)},
is passed into GATVv2 to obtain the final attribute prediction
Vector Xuripure- Lhis design allows each node to integrate
contextual information from its neighbors while maintain-
ing its intrinsic attribute features, e.g., an aggressive person
and another fearful person. Compared to isolated attribute
modeling, it improves the discriminative power and robust-
ness of attribute representations, thereby providing a stronger
foundation for subsequent fusion with structural features.

Detecting NSFW edges based on inter-entity relationships.
The input to the relation channel is the complete video scene
graph, where nodes are represented by their semantic class and
a unique object identifier, and edges carry relation labels, i.e.,
G = (vi,ci,ai), (vi,rij,v;j). To prevent messages from similar
nodes interfering and weakening semantically critical inter-
actions, each node embedding is formed by fusing its class
embedding with a unique object identifier embedding. These
embeddings, together with the edge relation embeddings, are
propagated through a two-layer GATV2 network: the first
layer uses multi-head attention to capture diverse relation-
specific dependencies, and the second layer uses a single head
to restore embedding dimension and retain fine-grained edge
information, while the final activation is omitted to preserve
inhibitory effects. The resulting node embeddings X;ejarionship
integrate context from semantically meaningful neighbors,
emphasizing critical interactions and maintaining consistent
entity identities. By incorporating relation embeddings and
instance-level identifiers into the attention mechanism, the
model mitigates interference among same-class nodes and
highlights semantically important edges, thereby enhancing
interpretability and providing a robust foundation for subse-
quent fusion with attribute features.

To effectively combine the complementary information
from both channels while controlling their relative contri-
butions, we adopt a gated mechanism in Equation 4, which
allows the model to selectively emphasize the most relevant
features from the attribute and relation embeddings.

Xmixed = § * Xrelationship + (1 —8 ) * Xattribute 4
The gating weight g € [0, 1] is generated by a two-layer MLP
with Sigmoid activation. It dynamically balances the contribu-
tion of relationship and attribute features for each dimension:
a larger g emphasizes relational features, while a smaller g
favors attribute features. This adaptive fusion highlights dis-
criminative signals and suppresses noisy ones, improving both
the robustness and interpretability of NSFW reasoning.

S Experiments

5.1 Experiment Setup

Datasets. We evaluate all baseline methods and our proposed
VSG-Safe approach on both the UGVD [33] dataset and our
self-built dataset Unsafe-VidGraph, and detailed information
about the two datasets is provided in Section 3.3. To further
assess generalization of our approach, we also include an eval-
uation based on the expanded version of Unsafe-VidGraph,
with its details deferred to Appendix B.

Baselines. We evaluate our method against a diverse set of
baselines grouped into two categories: (1) image-targeted
methods, including Q16 [40] and MHSC [36]; and (2) video-
targeted methods, including the open-source tool NSFWJS
(Video) [38],ViViT [42], UGCG-Guard [16], the commercial



Method Camera Shot Continuous Take Discontinuous Take
ACC (%) Recall (%) Fl1 (%) | ACC (%) Recall(%) F1 (%) | ACC (%) Recall(%) F1 (%)
Q16 87.39 84.43 91.56 58.54 21.03 30.43 59.44 28.28 37.56
MHSC 89.49 87.02 93.06 57.92 4.81 8.97 58.70 8.11 14.49
NSFW JS 57.78 48.50 65.04 52.53 28.82 34.36 62.34 30.31 40.98
ViViT 50.98 32.43 48.98 61.27 33.33 39.69 45.00 29.63 42.11
CI 86.27 81.08 89.55 59.31 25.64 32.52 38.75 24.07 34.67
UGCG-Guard 88.05 99.11 93.07 55.18 93.01 64.15 51.47 88.90 61.25
Qwen-VL 98.04 97.30 98.63 82.35 83.33 78.31 68.75 64.81 73.68
Ours 100.00 100.00 100.00 98.04 97.44 97.44 95.00 94.44 96.23
Table 3: Performance comparison with baselines across three shot modes.
UGVD [33] Unsafe-VidGraph real-world video content. Hence, unless otherwise noted, we
Method ACC (%) Fl (%) | ACC (%) Fl (%) use Unsafe-VidGraph as the default benchmark while also
Q16 51.36 38.10 64.02 53.46 reporting results on UGVD for completeness.
MHSC 51.87 31.16 63.87 45.17 Overall performance on NSFW detection. We begin by
NSFW JS 61.17 49.99 56.03 44.29 evaluating whether our method outperforms existing baselines
ViviT 51.57 44.21 55.82 42.19 across datasets in NSFW video detection. Table 4 summa-
CI 60.77 41.29 58.51 47.55 rizes the results, where VSG-Safe outperforms all baselines
UGCG-Guard 48.41 63.65 00.20 70.23 on both benchmarks. On UGVD, VSG-Safe achieves an F'1-
Qwen-VLM 60.42 52.12 81.49 81.44 score of 78.45%, improving over baselines by 22.08%. On
Ours 77.16 78.45 97.61 97.62 our dataset, VSG-Safe also consistently delivers the high-

Table 4: Comparison on NSFW video detection.

video moderation tool CI from Tencent, and Qwen-VL [5],
where UGCG-Guard and Qwen-VL represent VLM-based
NSFW detection approaches. Further implementation details
of the baselines and setups can be found in Appendix A.
Additionally, to evaluate the effectiveness of our Dual-GNN,
we compare it with two representative non-GNN classifiers: @
BERT [11], which takes serialized scene graph triplets as input
text sequences; ® GPT-4o of OpenAl used via prompt-based
few-shot classification. These baselines serve to assess the
classification ability of language models over scene graphs,
even though our method does not rely on LLMs or BERT.
Evaluation metric. To properly evaluate our proposed VSG-
Safe, we adopt multiple popular metrics in experiments. @
Acceptance (ACC) measures how accurately our system can
accept legitimate samples and reject NSFW content. @ Recall
is the proportion of all NSFW samples that were rejected. ©
F1-score is the harmonic mean of the precision and recall.
In the experiments, we take the normal video as the negative
samples and the NSFW videos as the positive.

5.2 Main Results

We begin by evaluating VSG-Safe against baseline methods
for NSFW content detection. The UGVD dataset [33], char-
acterized by limited diversity in both shot modes and content
categories. By contrast, our proposed Unsafe-VidGraph of-
fers diverse shot modes and better reflects the complexity of

est accuracy among all methods, achieving an F'1-score of
97.62%, outperforming all baselines by an average margin of
42.72%. The strong performance demonstrates that VSG-Safe
not only surpasses existing baselines but also generalizes well
to practical video detection tasks.

Additionally, image-targeted NSFW detection methods,
i.e., Q16 and MHSC, achieve only F1-scores of 38.10% on
UGVD and 53.46% on Unsafe-VidGraph at the best. Their
poor performance stems from their entirely ignorance of inter-
frame dependencies and thus can only capture attributes or
explicit entity conflicts, leading to frequent false negatives.
In contrast, video-targeted approaches perform substantially
better. On UGVD, UGCG-Guard reaches an Fl-score of
63.64%, while Qwen attains 81.44% on Unsafe-VidGraph,
significantly outperforming the image-targeted detectors. This
demonstrates the benefit of modeling inter-frame dependen-
cies, as such approaches can capture NSFW content that
emerges only through multi-frame relationships. Notably,
off-the-shelf tools, including ViViT and NSFW JS, and the
commercial tool CI, perform poorly on both datasets. Their
reliance on CNN- or ViT-based frame encoders prevents them
from capturing fine-grained NSFW cues [43,44].

Overall, the experiments demonstrate the effectiveness of
our framework and highlight the importance of extracting
cross-frame content for reliable NSFW video detection.
NSFW detection across video shot modes. We further eval-
uate VSG-Safe and baseline methods across three video shot
modes, i.e., camera shots, continuous takes, and discontinu-
ous takes, to assess the impact of video structure on detection
performance. Table 3 summarizes the results. From the exper-



Method Entities Explict Relationship Implicit Relationship

ACC (%) Recall (%) FI1 (%) | ACC (%) Recall (%) F1(%) | ACC (%) Recall(%) FI1 (%)

Q16 91.01 87.51 91.32 57.06 28.99 38.90 59.46 31.02 44.78

MHSC 92.23 85.61 92.25 61.76 22.20 35.37 48.56 4.10 7.78
NSFW JS 55.36 28.89 41.15 62.88 4481 53.23 42.67 21.49 28.43
ViViT 51.22 25.93 41.18 55.62 23.68 3243 57.60 43.94 52.25

CI 85.37 77.78 87.50 52.66 34.21 39.39 57.60 24.24 37.65
UGCG-Guard 67.24 98.93 76.54 56.14 93.90 66.88 63.54 90.30 72.41
Qwen-VL 100.00 100.00 100.00 75.74 84.21 75.74 83.20 68.18 81.08
Ours 100.00 100.00 100.00 98.22 100.00 98.06 96.00 92.42 96.06

Table 5: Detection performance across three scene types.

imental results, we observe that all baselines achieve their best
performance on the camera shots, while performance drops
sharply on continuous takes and discontinuous takes. The
degradation occurs because such visual content is more dis-
persed, which requires longer temporal reasoning; as a result,
the signals become subtle and challenging to detect [42,43].
Video shooting mode has a strong impact on detection perfor-
mance, and robust NSFW detection requires handling long
and discontinuous sequences.

Image-oriented detectors achieve high performance on cam-
era shots but fail drastically on long takes, reflecting their
inability to model temporal context. Video-oriented detectors
are relatively more robust on continuous and discontinuous se-
quences, but their accuracy is still limited, as unrelated frames
dilute the underlying semantic signals. These results high-
light both the importance of inter-frame reasoning and the
challenge of avoiding interference among frames. In contrast
to existing methods, our approach is specifically designed
to understand and reason on cross-frame content by leverag-
ing scene graphs with localized temporal updates to connect
semantics across discontinuous frames. Consequently, our
method achieves competitive performance across all three
shot types: 100% F1-score on camera shots, 97.44% F1-score
on continuous takes, and 96.23% F1-score on discontinuous
takes, demonstrating its exceptional capability in detecting
complex, discriminative cues across multiple frames.

Overall, these results demonstrate that the shot mode has a
profound impact on detection accuracy. Image-oriented meth-
ods succeed on camera shots but collapse on continuous or
discontinuous takes due to a lack of multi-frame reasoning.
Video-oriented methods are relatively more resilient, but their
accuracy is hindered by interference from irrelevant frames.
In contrast, VSG-Safe explicitly models cross-frame seman-
tics through scene graphs with localized updates, achieving
outstanding performance across all three shot modes.
Evaluating NSFW detection on diverse video scene types.
Recall the analysis in Section 3.2, video content can be
broadly categorized into three types that represent an increas-
ing level of semantic and contextual complexity, i.e., entity,
explicit relationship, and implicit relationship. we evaluate

baselines and our method across three scene categories to
understand that to what extent do different video scene types
increase the difficulty of identifying NSFW content. The re-
sults are summarized in Table 5.

Image-targeted methods (e.g., Q16 and MHSC) perform
well on attributes (>91% F1-score) but collapse on relation-
ships. For example, MHSC reaches only a single-digit F1-
score on implicit relations. Their CNN/ViT backbones focus
on object-level features and lack mechanisms for modeling
entity interactions, leaving them unable to capture semantic
dependencies required for relational reasoning [43, 44, 61].
Conversely, video-oriented approaches, including NSFW JS,
ViViT and Tencent’s CI, exhibit more balanced but limited
performance. Although they accept video-level inputs, they
simply aggregate per-frame features without modeling fine-
grained cross-frame semantics. As a result, their overall accu-
racy and recall remain inadequate for reliable deployment in
complex scenarios. Among video-level detection methods, ap-
proaches leveraging VLMs, such as Qwen and UGCG-Guard,
achieve clear advantages over other baselines, where Qwen
attains substantially higher F1-score on both explicit and im-
plicit relations, while UGCG-Guard yields similar but less pre-
cise results, reflecting its ability to capture semantics across
both continuous and discontinuous frames. However, these
gains largely rely on heuristic prompt engineering, which pro-
vides only limited and unstable cross-frame reasoning. This
limitation is especially evident in UGCG-Guard: our analysis
shows that it often misclassifies entities and misses inter-entity
relationships, leading to lower precision compared to Qwen.

In contrast, our approach significantly outperforms all base-
lines. The GNN-based variant of VSG-Safe achieves superior
performance across all categories, with F1-score of 98.06%
on explicit relations and 96.06% on implicit relations. This is
because our method accurately extracts entity attributes and
relationships via scene graphs and leverages graph neural net-
works to reliably model the semantics of both intra-frame and
cross-frame relations, enabling strong cross-frame reasoning.
Performance on different NSFW content detection. We
evaluate ACC across 7 NSFW categories, where the results
are shown in Figure 6. Sexual and bleeding are visually ex-
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Figure 6: Evaluation across eight content categories. The “Normal” is treated as the negative class, while the remaining seven

types represent positive classes.

plicit and can often be identified from a single frame, while
others require cross-frame or semantic reasoning, e.g., con-
flict, threaten, and illegal activity.

As shown in Figure 6(a), frame-based methods (e.g., Q16,
MHSC) perform well on attribute categories (Sexual, Bleed-
ing) but drop sharply on relational tasks: accuracy is below
20% on Threaten and near zero on Illegal Activity. Attribute
categories contain explicit visual cues that can be recog-
nized from a single frame, whereas relational categories re-
quire cross-frame semantic and interaction reasoning that
frame-level features cannot provide. Video-level tools (ViViT,
NSFW JS, CI) generalize better but still struggle on complex
categories (Figure 6(b)). Their simple aggregation of pixel-
level features prevents modeling detailed relationships [9, 60].
Notably, NSFWIJS and ViViT are both pixel-level detectors,
yet they behave very differently in their respective domains.
NSFWIJS succeeds on pornographic content because such
cues are visually explicit and often identifiable from a single
frame. In contrast, ViViT, even with extensive pretraining for
violence recognition, still misclassifies violent actions due to
weak semantic reasoning and the absence of explicit cross-
frame modeling. VLM-based methods improve performance
overall, particularly on Prongraphy and Conflict, benefiting
from larger model scale. However, they remain unstable on
complex cross-frame action scenes due to the absence of
explicit temporal and multi-entity interactions [55, 60].

VSG-Safe consistently outperforms all baselines, achiev-
ing substantial gains across six NSFW categories and 92.42%
accuracy on Threaten, the most challenging relational cate-
gory, indicating strong generalization (Figure 6(d)). Overall,
the results demonstrate that explicitly modeling cross-frame
entities, attributes, and relationships is essential for detecting
NSFW content. We also observe occasional recognition errors
in rare cases, such as confusing a remote controller with a
gun pointed at a person. These cases arise mainly in visually
atypical situations that naturally occur infrequently and can be
further reduced with light, targeted augmentation if needed.

Video scene graph extraction. Due to the significant differ-
ences between AIGC and real-world captured data, particu-

Method Entity Extraction ~ Attribution Relationship
PVSG [51] 42.94% N/A 41.23%
BLIP [24] N/A 41.12% N/A

Ours 93.91% 98.93% 95.60%

Table 6: Evaluating scene graph extraction performance
between baselines and proposed method. Note that PVSG
lacks native attribute extraction capabilities and in this work,
we implemented attribute extraction solely through BLIP with
our mask. Therefore, functionalities not inherently supported
by the base models are indicated with “N/A”.

larly the fact that entity boundaries in AIGC videos are often
less distinct than those in real footage, and the presence of
numerical anomalies such as unnatural pixel patterns, models
trained on real-world data can easily be misled during scene
graph extraction. As a result, existing techniques such as
PVSG [51] and BLIP [24] cannot be directly applied to AIGC
scenarios. Additionally, existing video scene graph extraction
methods, e.g., PVSG, are inherently limited in their ability to
capture fine-grained semantics. They do not support entity at-
tribute extraction, and also fail to model interactions between
entities that do not appear within the same frame, both of
which are essential for accurate NSFW content understanding.
To this end, we fine-tuned BLIP for attribute extraction in
the AIGC and provided a new video scene graph generation
framework, VSG-Safe, built upon and substantially extended
from PVSG. Table 6 reports the comparative results obtained
on the self-built dataset. PVSG achieved an ACC of 42.94%
in entity extraction and 41.23% in relationship extraction, but
lacked attribute extraction capability. BLIP, while able to ex-
tract attributes, achieved only 41.12% accuracy. In contrast,
our method significantly outperforms both baselines, achiev-
ing 93.91%, 98.93%, and 95.60% accuracy in entity, attribute,
and relationship extraction, respectively.

Generalization to out-of-distribution scene graph sam-
ples. We further evaluate VSG-Safe on the expanded Unsafe-



ALL In-Distribution
ACC 95.05% 96.77%

Out-of-Distribution
94.61%

Table 7: Generalization on expanded Unsafe-VidGraph.

VidGraph (3,007 samples with unseen visual elements; see
Appendix B) to assess whether it maintains reliable NSFW
detection under unseen entities, attributes, and relations. As
shown in Table 7, accuracy on out-of-distribution samples
decreases slightly compared to in-distribution ones (94.61%
vs. 96.77%), indicating robust generalization to unseen se-
mantics. This behavior is consistent with the design of our
scene-graph generator, which focuses on shared visual pat-
terns (e.g., shapes, textures, and motion). As a result, unseen
elements are embedded near their most semantically related
in-distribution categories, enabling reliable NSFW prediction
even on previously unseen cases (e.g., the unseen slap shares
motion patterns and body poses with the learned punch, and
unseen blades share shape and material with known knives).

5.3 Ablation Studies

Impact of the scene graph. To quantify the individual contri-
butions of entity attributes and inter-entity relations to NSFW
content detection, we perform a systematic ablation study
using our self-built dataset. As discussed in Section 3.2, scene
graphs in video frames may contain varying numbers of en-
tities and multi-entity interactions, where attributes of the
entity provide key semantics for detection in single-entity
frames, while relations become increasingly important as en-
tity interactions emerge. We evaluate four settings with the
GNN-based classifier: @ Full Graph, the default setting using
the full scene graph extracted by VSG-Safe, containing entity
attributes and inter-entity relations. ® Remove Attributes,
where all entity-level attribute nodes (e.g., appearance) are
omitted. ® Remove Relations, where all inter-entity edges
(e.g., action-based relations) are removed. @ Ground Truth,
where predictions are made on ground-truth scene graphs,
serving as an empirical upper bound.

As shown in Figure 7, our classifier achieves an ACC
of 96.74% and an F1-score of 95.80% with the full graph,
closely approaching the performance of the ground truth
setting (ACC: 98.22%, Fl-score: 96.82%). Removing at-
tributes results in a noticeable drop in both ACC (A=-16.92%)
and Fl-score (A=-39.35%), confirming that attributes are
crucial, particularly in videos where only one entity is
present. More critically, removing inter-entity relations leads
to a more severe degradation, where AACC=-35.91% and
AF1-score=-60.52%, highlighting the importance of model-
ing interactions in multi-entities for NSFW detection.

These findings validate the design of our scene graph rep-
resentation, demonstrating that both attributes and relations
are essential, with relation modeling having a particularly

100,
90- BN ACC
80- F1-Score
70+
60+
50+

Performance (%)

40+

Figure 7: Ablution studies of semantic scene graph gener-
ation. Here, the “F.G.” represents the full graph configura-
tion, which includes both attributes and relations as extracted
by VSG-Safe. “R.A.” refers to the setting where all entity
attributes are removed from the full scene graph, while “R.R.”
denotes the setting where all inter-entity relations are removed.
Lastly, “G.T.” signifies the use of ground-truth scene graphs.

Performace (ACC,%)
Method Original Enhanced ‘ AACC 1
UGCG-Guard | 38.10 85.71 47.61
Qwen-VL 42.88 95.24 52.36

Table 8: Enhance NSFW detection via scene graphs.

significant impact on overall performance.

5.4 Scene Graph Enhance

Existing VLM-based detectors often fail on videos requiring
fine-grained relational reasoning, as they lack structured se-
mantic context. To address this, we augment VLM prompts
with scene graphs extracted from video content, enabling the
model to reason jointly over raw frames and structured se-
mantics(Box 2). We evaluate this approach on a sub-dataset
of 42 challenging videos where vanilla VLMs underperform.
As shown in Table 8, Qwen and UGCG-Guard achieve only
42.88% and 38.10% ACC, respectively. With scene graph
augmentation, ACC rises to 95.24% and 85.71%, an average
improvement of nearly 50 points. Incorporating structured
scene-level prompts substantially improves the reasoning ca-
pability of VLM-based detectors, making them far more ef-
fective for NSFW content detection in challenging scenarios.

6 Conclusion

In this work, we highlight the challenge of detecting NSFW
content dispersed across video frames and argue for semantic
analysis beyond frame-level features. We propose VSG-Safe,
a novel scene-graph-based framework with a dual-channel
GNN classifier that captures entities, their attributes, and cross-
frame relationships. In future work, we aim to work towards
real-time NSFW detection, with the goal of improving appli-
cability in latency-sensitive scenarios.



Acknowledgments

This research was supported in part by the National Natu-
ral Science Foundation of China (NSFC) under Grants No.
62576255, No. 62202340, the Fundamental Research Funds
for the Central Universities under No. 2042025kf0054, the
Natural Science Foundation of Hubei Province under No.
2025AFB455.

Open Science

In accordance with the open science policy, this paper adheres
to principles that promote transparency, accessibility, and re-
producibility of research. The following measures have been
implemented:

Data sharing: Our datasets are hosted on HuggingFace
and access is restricted through Gated User Access. Please
read the COMMUNITY LICENSE AGREEMENT carefully
and provide your details to the repository manager us-
ing the collection form for the necessary information.
https://huggingface.co/datasets/yuwan0/Unsafe-VidGraph.
Artifact availability: All source code, models archi-
tecture, and supplementary materials are hosted on
https://doi.org/10.6084/m9.figshare.30902915,  enabling
further exploration of our methods.

Ethical Considerations

This work examines the detection of not-safe-for-work
(NSFW) content in text-to-video (T2V) systems from a tech-
nical perspective. Here, NSFW is treated as an operational
category commonly adopted in prior works and platform prac-
tices to indicate content subject to moderation in specific
deployment contexts, rather than a normative judgment about
morality, legality, or inherent harm. Our contribution focuses
on improving the technical identification of specific visual
patterns frequently moderated in practice. We do not address
broader risks of T2V technologies, such as misinformation or
intellectual property, which lie beyond the scope of this study.

Stakeholders, dual use, and publication. The primary
stakeholders in this work include (i) users and bystanders
who may be exposed to harmful T2V content, (ii) platform
operators and model providers who must moderate such con-
tent at scale, (iii) individuals whose likeness might be mim-
icked by generative models, (iv) the research and practitioner
communities that rely on robust NSFW detection tools and
(v) individuals and communities who rely on NSFW content
for benefits. Our methods are intended to support content
moderation and defensive analysis, while acknowledging that
insights into detection systems may also inform adversarial
evasion. To balance ethical considerations with Open Science
principles, we adopt differentiated release policies for code
and data: the model architecture and code are released openly

for transparency, whereas the dataset, which contains sensitive
NSFW video content, is shared only under controlled-access
protocols. Specifically, only sanitized subsets that comply
with platform policies, pass internal ethics review, and re-
ceive IRB approval are eligible for request-based access. This
strategy supports reproducibility while keeping dissemination
proportionate to the associated ethical risks.

Data sources and synthetic content. All data collection
complied with platform policies and terms of service, without
bypassing safety mechanisms. Prompts were obtained from
publicly accessible “Explore” or “Inspiration” sections and
expanded using an OpenAl GPT model under its safety con-
straints. The study was reviewed by our IRB and determined
not to constitute human-subjects research, as no personally
identifiable or user-contributed private data were involved. We
nevertheless conducted an independent ethics analysis aligned
with community norms beyond institutional requirements.

Safety of users and bystanders. Our aim is to support
platform-level moderation of T2V systems by improving the
detection of NSFW content (e.g., sexual or violent material).
Such detection helps reduce unintended exposure risks when
T2V technologies are misused.

Protection of research team members. As this study in-
volves potentially disturbing visual content, we took steps
to mitigate psychological risks throughout the research pro-
cess.All manual annotations were conducted exclusively by
the authors, without involving external annotators. Partici-
pation was voluntary, with prior guidance on psychological
safety and the nature of the content, and annotators were free
to pause or withdraw at any time without penalty.

Privacy and resemblance to real persons. Although our
data are synthetic, generated faces may occasionally resemble
real individuals. Prior to use, we applied a conservative screen-
ing step using third-party face search services (e.g., PimEyes,
FaceCheck), in accordance with their terms of use, to identify
and exclude videos closely matching publicly indexed individ-
uals. No matched identities were stored or further processed,
and this step was used solely to remove potentially sensitive
content rather than for model training or analysis.

Impacts on Individuals and Communities Relying on
NSFW Content. We acknowledge that individuals and com-
munities who rely on NSFW content for livelihood or ex-
pression (e.g., adult content creators and sex workers) are
an important stakeholder group potentially affected by auto-
mated NSFW detection. Such content may serve legitimate
roles under posting policies in consensual adult interaction
or economic participation. Although our method is a detec-
tion component rather than an enforcement mechanism, such
systems may contribute to over-censorship, stigmatization, or
economic harm when integrated into moderation pipelines, as
documented in prior work. We emphasize that our work does
not define platform policies or enforcement decisions, and
mitigating these broader risks requires governance and human-
in-the-loop mechanisms beyond the scope of this study.


https://huggingface.co/datasets/yuwan0/Unsafe-VidGraph
https://doi.org/10.6084/m9.figshare.30902915

Gender and identity considerations. In light of the poten-
tial harms associated with stereotyping, we adopt mitigation
measures by avoiding reliance on protected or sensitive at-
tributes [27] (e.g., gender, race, or national origin) as signals
for NSFW detection, and by using neutral labels (e.g., person)
in detection, figures, and qualitative analyses. We acknowl-
edge that T2V systems and automated detection may nonethe-
less reproduce or amplify societal stereotypes along identity
dimensions. While such biases cannot be fully eliminated by
our technical design alone, as they may arise from contex-
tual interpretation of NSFW content as well as downstream
deployment and enforcement practices, broader concerns are
more appropriately addressed through complementary gover-
nance mechanisms beyond the scope of this work.

Decision. We considered the ethical appropriateness of
both conducting and publishing this work. From a beneficence
perspective, we assess that the potential societal benefits of im-
proving NSFW detection outweigh the associated risks. From
a Respect for Persons perspective, risks to affected stakehold-
ers are limited by the use of synthetic data, the exclusion of
personally identifiable or user-contributed information, and
safeguards for annotators and individuals who might other-
wise be inadvertently mimicked. Given that remaining misuse
risks are further mitigated through controlled, request-based
access to sanitized datasets, we conclude that publishing this
work under these conditions is ethically justified.
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A Implementation Details of Baselines and Ad-
ditional Experimental Settings

All baseline methods were originally proposed for visual
NSFW content detection. As several methods do not release
their training datasets or full training configurations, we fol-
low the authors’ recommendations and adopt the officially pro-
vided best-performing pretrained checkpoints whenever avail-
able. For methods lacking official implementations, we use
the available community implementations, with all sources
explicitly documented.

To ensure a fair and consistent comparison across base-
lines that differ in their label spaces, we follow prior works
(e.g., MHSC [36], UGCG [16]) and unify all methods un-
der a binary SFW/NSFW classification setting. This nor-
malization prevents discrepancies arising from heteroge-
neous category definitions and aligns with widely adopted
safety evaluation practices. Additionally, because several base-
line methods are specialized, such as NSFWIJS and ViViT,
which focus on detecting sexuality and violence respectively,
we adopt per-category comparison in radar charts to align
their strengths with our evaluation taxonomy, enabling these
category-specific baselines to be incorporated fairly and facil-
itating a balanced comparison across different NSFW content.
To further reduce distributional bias and ensure fairness, we

also evaluate all methods on public datasets UGVD, and real-
world datasets (i.e., Big-Porn, Youtube-8M, and HBD), which
are independent of our constructed dataset and unseen during
model development.

Q16. We adopt the officially released NSFW detection
model and use the best-performing weights provided by the
authors [40]. Following their recommendations, we employ
the largest and most recent variant, ViT-L/14, together with
the corresponding best checkpoint supplied in their repository.

MHSC. We adopt the officially released Multi-head Safe-
tyClassifier (MHSC) detection model and use the best-
performing weights provided by the authors [36]. Following
their implementation, we use the default ViT-L/14 variant
and config file, together with the corresponding best prompt
checkpoints supplied in their repository, as our baseline.

NSFWJS. We use the official JavaScript implementation of
NSFWIS and adopt its best-performing detector, InceptionV3,
together with the official pre-trained checkpoint [38].

You are an expert in NSFW video content detection.
You will receive a short video clip as input. Evalu-
ate the clip holistically by analyzing all visible cues
across frames, rather than judging any single frame
in isolation.

# NSFW Criteria:

A video should be classified as NSFW if it contains
any content belonging to [Your NSFW Categories],
which encompass visually identifiable harmful, inap-
propriate, or safety-critical behaviors.

# Safe Criteria:

Do not classify the video as NSFW if it only contains
benign activities or other visually neutral behaviors.
#Your task:

Decide whether the video is NSFW (Not Safe For
Work) based on its visual content.

Output strictly in the following JSON format:

{"Reason": "[Explain the safety judgment]",
"Final Decision": "[SFW / NSFW]"}

ViViT. We adopt the publicly available GitHub repository
“Real-Life-Violence-Detection” [1] which, as stated by the
authors, implements a video-classification model based on
the ViViT architecture [4]. We use the released code, default
preprocessing/configuration, and training/inference pipeline,
and report results accordingly.

CI. We use Tencent’s official commercial video moderation
tool and record whether the system flags them as NSFW.

UGCG-Guard. We use the official configuration with
InstructBLIP-Vicuna-13B and InstructBlipVideo of Trans-
formers for video safety assessment [16]. We load the released
checkpoints and use the official prompts.

Qwen-VL. We use the official API with the Qwen-V1-Max-



2025-08-13 [5]. Each video is submitted via the API’s native
video interface together with the NSFW-detection prompt
shown in Box 1.

B Dataset

We examined seven NSFW categories, three scene-graph
types, and three shot modes, curating 23 real-world long
videos and 300 shorter clips from online platforms (e.g.,
Youtube, Midjourney), whose SFW and NSFW clips together
cover all (category, scene, shot) combinations. As such videos
are rare in real world, we generated an equal number of
synthetic videos using HailuoAlI [18], KlingAI [21], ChatU-
PAI [2], and Sora [32], based on extracted prompts and cap-
tions. All data collection strictly followed platform usage
policies, using only official exploration or inspiration tools
without bypassing safety filters.

All manual annotations were performed by five trained au-
thors following a unified protocol, with no external annotators.
Each video was labeled independently, and disagreements
were resolved through discussion. The annotations achieved a
Fleiss’s Kappa of 0.9380, with 94.63% of videos consistently
labeled, indicating almost perfect agreement and demonstrat-
ing the reliability of our process.

Our Unsafe-VidGraph contains 340 high-quality videos
evenly split between SFW and NSFW content. We maintain
equal SFW/NSFW numbers within each scene-graph type
(i.e., entity, explicit-relation, implicit-relation) and roughly
a 1:1:1 ratio across types. The same balancing applies to
the three shot modes (i.e., camera-shot, continuous-shot,
discontinuous-shot), and the seven NSFW categories are ap-
proximately equally represented. In the discontinuous sam-
ples, approximately 15% of the total frames consist of irrele-
vant frames that are inserted to disrupt the semantics of the
original sequence. The expanded Unsafe-VidGraph follows
the same construction principles. It contains 3,780 videos,
again with equal SFW/NSFW proportions and class-internal
balance across scene-graph types, shot modes, and all seven
NSFW categories. In total, the final dataset includes 42 entity
categories, 33 attributes, and 27 relationships.

We further split the expanded dataset by examining whether
each generated video contains entities, relations, or attributes
that do not appear in our dataset. Based on this criterion, 3,007
videos fall outside the distribution of our dataset, while the
remaining videos are considered in-distribution.

C Performance of non-GNN classifiers

To assess generality, we compare our GNN-based method
against two non-GNN baselines, i.e., BERT and LLM, across
both UGVD and our dataset, Unsafe-VidGraph. Table 9 sum-
marizes the results. On both datasets, the GNN outperforms
BERT (110M) and approaches the LLM. While the LLM

Dataset
Method UGVD Unsafe-VidGraph | Parameters
ACC (%) F1 (%) | ACC (%) F1 (%)
Bert 74.66 75.85 91.64 92.35 110M
LLM 79.41 80.57 99.40 99.41 | 200B [41]
GNN 77.16 78.45 97.61 97.62 9.7M

Table 9: Comparison of NSFW content detection perfor-
mance between the Dual-GNN and non-GNN methods.

achieves the highest overall scores, it is based on 200B pa-
rameters [41], making it impractical for many real-world sce-
narios, especially offline. In contrast, our GNN-based model
achieves competitive performance using only 9.7M parame-
ters, demonstrating a vastly better trade-off between accuracy
and efficiency. These results show that graph-based mod-
eling offers a lightweight, generalizable approach that pre-
serves much of the LLM’s semantic capacity. The GNN-based
method performs strongly across both simple and complex
video datasets, making it well-suited for NSFW detection in
resource- or latency-constrained settings.

D Scene Graph Enhance

You are an expert in NSFW video content detection.
Next, you will receive the subsequent video clip. To
judge the overall security of the video, it is necessary
for you to reason over both the subsequent clip and
the scene graph jointly, rather than evaluating only
the newly received frames in isolation.

# Scene Graph:

The following is a scene graph depicting the video
content as expressed in the earlier frames:[scene
graph].

# NSFW cases:

- any action threatening or potentially threatening a
living being (e.g., pointing, swinging, striking, aggres-
sive gestures, using a weapon toward people),

- harmful health behaviors (e.g., smoking),

- inappropriate contact or prohibited activities.

# Safe cases:

- controlled handover of weapons or dangerous ob-
jects,

- actions directed only at inanimate targets (e.g., shoot-
ing a target, hitting a prop).

# Your task: Decide if the video is NSFW (Not Safe
For Work).

Output strictly as:

- Reason: [explain safety judgment]

- Final Decision: [SFW / NSFW]



E Real-world Dataset Evaluation

Method Big-Porn& Youtube8M HBD21
Q16 92.89 50.23
MHSC 94.44 50.44
NSFWIJS 93.44 48.74
ViViT 52.33 81.58

CI 96.39 49.37
UGCG-Guard 91.89 88.42
Qwen-VL 98.44 96.82
Ours 99.72 97.37

Table 10: Performance on Real-world Datasets.

To validate the effectiveness of our method in real-world
scenarios, we conducted an evaluation on real-world videos.
Specifically, we construct two real-world evaluation sets tar-
geting the two most prevalent NSFW categories in practical
deployments, i.e., pornography and violence. For pornography
detection, we extract 900 pornographic videos from Big-Porn
and an equal number of safe videos sampled from Youtube8M,
forming the benchmark for pornography detection. For vio-
lence detection, we adopt the HBD21 dataset, which contains
diverse instances of real-world violent behaviors. As sum-
marized in Table 10, our method achieves the competitive
performance across all datasets, reaching 99.72% accuracy
on the Big-Porn & YouTube combined dataset and 97.37% on
the HBD dataset, respectively. Although UGCG-Guard and
Qwen-VL also perform strongly in real-world scenarios, they
rely on large-scale models with substantially higher computa-
tional costs compared to our method. Other image-targeted
methods (e.g., Q16, MHSC) and video-targeted methods (e.g.,
ViViT, NSFWIS) are limited by their specialized capabili-
ties or insufficient visual understanding, leading to notice-
ably weaker performance in real-world scenarios. Overall,
the results indicate that our method is not only effective in
controlled experimental settings but also provides an efficient
solution for NSFW content detection in real-world videos.

F Time Consumption

To further evaluate the practicality of our approach, we com-
pare the per-frame computational efficiency of our method
against a diverse set of localizable NSFW detection base-
lines (Table 11). For completeness, we also report the
service latency of commercial solutions such as CI and
Qwen. Our method achieves an average time consumption
of 0.1236s/frame, which is substantially faster than several
competitive detection pipelines, e.g., UGCG (20.31s/frame),
and is also comparable to the widely deployed NSFWIJS.

Category Method Time(s/frame)
Ql6 0.008
MHSC 0.034
ViViT 0.073
Local Models Ours 0.124
NSFWIJS 0.151
UGCG-Guard 20.311
Commercial CI 0.071
Services Qwen 0.240

Table 11: Time consumption per frame.

G Robustness to Adaptive Attack

An adaptive attacker may insert irrelevant frames every
N frames to disrupt temporal reasoning. As shown in Ta-
ble 12, our accuracy remains virtually unchanged (93.77%
— 94.96%) even when N = 1. This robustness stems from
our precise entity segmentation and consistent cross-frame
tracking. For each segmented instance, we construct an in-
dependent feature tube that faithfully captures its temporal
evolution throughout the video. Based on these tubes, the
model pairs entity trajectories to construct scene graphs, en-
abling entity-centric reasoning about cross-frame semantic re-
lations. To better capture relational dependencies, we employ
a Transformer encoder with positional embeddings, which
extracts stable temporal positional cues through cross-frame
cross-attention over the fused query features. Consequently,
even when irrelevant distractor frames are inserted, the model
can rely on the continuity of entity-level representations to
preserve semantic consistency, avoiding disruption of the un-
derlying entity relationships.

N (frames) | 1 5 10 30 60
ACC (%) | 9377 94.66 9496 94.96 94.96

Table 12: Robustness to adaptive attack.

H Limitation

Segmentation errors may weaken the effectiveness of VSG-
Safe by hindering accurate scene-graph construction, partic-
ularly when adversaries attempt to obscure NSFW behav-
iors by degrading visual quality. In practice, however, detec-
tion failures mainly arise when localized entities (e.g., visual
Easter eggs) are entirely missed, while inaccuracies in entity
attributes (e.g., clothing or pose) exert minimal impact on the
final decision. Moreover, since such content typically recurs
across multiple frames, complete detection failures are con-
fined to brief, frame-level insertions, which rarely alter the
overall detection outcome.
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