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Fig. 1: We introduce Pistachio - a benchmark for video anomaly analysis, which
aims at two fundamental tasks: VAD and VAU. The VAD dataset totals 1.6 million
frames and extends existing datasets by expanding the number of scenes from hundreds
to thousands, covering 31 distinct anomaly types, over half of which are unique to this
benchmark. Pistachio offers multi-granularity annotations at both the event and video
levels. The entire benchmark was produced via a highly automated pipeline.

Abstract. Automatically detecting abnormal events in videos is cru-
cial for modern autonomous systems, yet existing Video Anomaly De-
tection (VAD) benchmarks lack the scene diversity, balanced anomaly
coverage, and temporal complexity needed to reliably assess real-world
performance. Meanwhile, the community is increasingly moving toward
Video Anomaly Understanding (VAU), which requires deeper seman-
tic and causal reasoning but remains difficult to benchmark due to the
heavy manual annotation effort it demands. In this paper, we introduce
Pistachio, a new VAD/VAU benchmark constructed entirely through a
controlled, generation-based pipeline. By leveraging recent advances in
video generation models, Pistachio provides precise control over scenes,
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anomaly types, and temporal narratives, effectively eliminating the bi-
ases and limitations of Internet-collected datasets. Our pipeline inte-
grates scene-conditioned anomaly assignment, multi-step storyline gen-
eration, and a temporally consistent long-form synthesis strategy that
produces coherent 41-second videos with minimal human intervention.
Extensive experiments demonstrate the scale, diversity, and complexity
of Pistachio, revealing new challenges for existing methods and motivat-
ing future research on dynamic and multi-event anomaly understanding.

Keywords: Video Anomaly Detection · Video Anomaly Understanding
· Synthetic Benchmark

1 Introduction

With the increasing deployment of autonomous driving, drone inspection, and
large-scale surveillance systems, the ability to automatically detect abnormal
events in videos has become indispensable.VAD [7, 23, 36, 53] aims to identify
deviations from expected patterns, ranging from fires and traffic collisions to
hazardous human activities. However, despite the steady growth of publicly avail-
able VAD datasets, existing benchmarks [1,29,41,51] still fail to effectively and
comprehensively evaluate modern VAD systems. Their limited diversity, biased
anomaly distribution, and insufficient temporal complexity restrict both the re-
liability of evaluation and the generalization ability of trained models.

A closer examination reveals that these issues largely stem from how current
datasets are sourced and curated. (i) Most videos are collected from the Inter-
net, resulting in a heavy bias toward urban roadways and public streets. (ii)
Anomaly types reflect events that most easily gain online visibility, producing
severe long-tail distributions—frequent violent incidents but scarce environmen-
tal hazards, infrastructure failures, or rare accidents. (iii) The “normal” portions
of the datasets are overly simplistic, typically featuring walking or light move-
ment, which fails to capture the diversity of ordinary human or environmental
activities. These weaknesses collectively cause VAD models to overfit to dataset-
specific patterns, confuse complex-but-normal behaviors with anomalies, and fail
to recognize rare or subtle events.

Beyond detection, the community has recently shifted toward VAU [12, 33,
48], which emphasizes deeper semantic and causal reasoning of identifying what
occurred, why it occurred, and how the event unfolds over time. Yet current VAD
benchmarks are intrinsically unable to evaluate these capabilities, because they
lack structured temporal narratives, multi-step event progressions, and causal
dependencies. Moreover, constructing a VAU benchmark is prohibitively expen-
sive: it requires dense event-level annotations, temporal segmentation, and de-
tailed semantic descriptions, especially when multiple anomalies co-occur within
a single video. As a result, existing benchmarks remain limited in scope, failing
to provide a comprehensive or scalable evaluation framework that fully captures
the complexity of VAU.
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In this paper, we propose Pistachio, a new VAD/VAU benchmark constructed
entirely through a controlled, generation-based pipeline. Motivated by the re-
markable progress of modern video generation models such as Sora [20], Veo
3 [42], and Wan [39], we argue that synthetic generation offers a more determinis-
tic and scalable solution than filtering long-tailed Internet videos and performing
labor-intensive manual annotation. Generation-based construction allows precise
control over scenes, anomaly types, temporal progression, and visual diversity,
providing balanced anomaly coverage and eliminating dataset biases that plague
existing VAD resources.

Specifically, we propose several crucial designs to address the challenges in
building a reliable, long-form anomaly benchmark. First, we develop a scene-
conditioned anomaly assignment strategy that leverages Vision-Language Mod-
els (VLMs) to categorize source images into six major scene types and allocate
contextually appropriate anomaly types, ensuring realistic and logically consis-
tent pairings. Second, we design a multi-step storyline generation framework
that decomposes each video into 7–8 descriptive segments for long videos (2–3
for short videos), enabling coherent narrative progression from normal activi-
ties to anomalous events. Third, we introduce a temporally consistent long-form
video synthesis mechanism that chains short video clips using the last frame of
each segment as the starting frame for the next, maintaining visual continuity
across 41-second long videos (16-second for short videos). Finally, we implement
a hybrid human-AI filtering approach that combines automated quality assess-
ment with expert verification to ensure generated videos are free from artifacts
and conform to real-world logic.

The resulting Pistachio-VAD benchmark is, to our knowledge, the most
category-rich anomaly dataset to date, containing 4,962 videos spanning 1.68M
frames, across 6 major scene categories and 31 diverse anomaly types, many of
which do not appear in any prior work (e.g., landslides, animal predation, equip-
ment breakdown). The dataset includes both static and moving cameras and
features complex normal behaviors absent in existing benchmarks. In parallel,
Pistachio-VAU contains 1,385 videos with event-level and video-level descrip-
tions, including 35 videos with multiple co-occurring anomalies, which provides
the first large-scale, fully annotated VAU benchmark constructed with zero man-
ual annotation.

Our contributions can be summarized in three folds:

– We introduce Pistachio-VAD, a scalable, generation-based VAD benchmark
that breaks scene and anomaly biases. It provides diverse scenes, balanced
anomaly categories, and complex normal behaviors in large-scale, long-form
videos.

– We design a fully automated pipeline for creating high-quality long-form
anomaly videos. The controlled generation framework produces coherent 41-
second videos through Scene-Aware Classification, Anomaly Type Specifica-
tion, Multi-step storyline generation, and Temporally consistent long-form
video synthesis, requiring minimal human intervention.
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Table 1: Overview of existing VAD datasets.

Dataset Year Video Frames Scenes Annotation Detailed
Anomaly types Scalability

Subway Exit [3] 2008 1 38 940 1 Frame 3 ×
Subway Entrance [3] 2008 1 86 535 1 Frame 5 ×
UCSD Ped1 [16] 2010 70 14 000 1 Frame 5 ×
UCSD Ped2 [16] 2010 28 4560 1 Frame 5 ×
CUHK Avenue [21] 2013 35 30 652 1 Frame 5 ×
ShanghaiTech [22] 2017 437 317 398 11 Frame 11 ×
UCF-Crimes [32] 2018 1900 13 741 393 N/A Frame 12 ×
XD-Violence [43] 2020 4754 114 096 N/A Frame 5 ×
Street Scene [29] 2020 81 203 257 17 Frame 5 ×
UBnormal [2] 2022 543 236 902 22 Pixel+Frame 22 ×
NWPU Campus [5] 2023 547 1 466 073 43 Frame 28 ×
MSAD [55] 2024 720 447 236 14 Frame 11 ×
Pistachio (Ours) 2026 4962 1 676 822 3896 Frame+text 31 ✓

– We construct Pistachio-VAU, the first large-scale VAU benchmark without
manual annotation. We use generation storylines as structured semantic an-
notations, enabling comprehensive anomaly understanding including multi-
event reasoning, without any manual labeling effort.

2 Related work

2.1 Video Anomaly Detection

VAD methods. Video Anomaly Detection methods [8, 10, 19, 27, 30, 31, 37, 44,
46,47,50,54] can be categorized into semi-supervised [30,50], weakly-supervised
[8, 27, 31, 37, 54], and fully supervised [10, 19] methods. Recently, VLM- and
LLM-based VAD has gained momentum. OVVAD [44] synthesizes pseudo-unseen
anomaly samples using a Novel Anomaly Synthesis module built on large genera-
tive vision models. Rule-based reasoning [46] converts normal frames into textual
descriptions and uses LLMs to derive rules for identifying anomalies. Training-
free pipelines [47] combine VLMs and LLMs for inference without model train-
ing. As VAD evolves toward richer contextual and causal reasoning, these text-
driven approaches highlight the importance of semantic annotations: an aspect
our benchmark directly supports.

VAD datasets. We report several statistics about the most utilized datasets
in Table 1. As these statistics reveal, despite extensive research, existing datasets
remain insufficient for evaluating real-world anomaly detection. Early bench-
marks like CUHK Avenue [21], UCSD Ped2 [16], and Street Scene [29] focus on
single-scene environments and simple human activities, limiting generalization.
Even with more classes, Street Scene [29] suffers from severe long-tail imbalance
(e.g., 61 jaywalking vs. 1 motorcycle-on-sidewalk). ShanghaiTech [22] expands
the scene types but still includes only 158 anomaly instances across 11 categories.
Larger datasets like UCF-Crime [32] and MASD [55] incorporate more realistic
anomalies, yet their Internet- and surveillance-sourced videos inevitably reflect
scene bias and overrepresented event types, failing to capture subtle or rare
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anomalies. NWPU [5] Campus attempts to alleviate these issues through staged
events performed by volunteers, but this approach is labor-intensive and still
cannot cover the full diversity of abnormal behaviors. Overall, the scarcity and
long-tail nature of real abnormal events make dataset construction inherently
challenging. Our generation-based approach provides a scalable and controllable
alternative, enabling balanced anomaly coverage, diverse scenes, and complex
normal behaviors that are difficult to obtain from Internet-collected data.

2.2 Video Generation Models

Recent advances in text-to-video generation [15,20,39,42] have dramatically im-
proved the realism, controllability, and temporal coherence of synthetic videos.
Diffusion- [24] and diffusion-transformer-based [25] models now support high-
resolution, instruction-following video generation from text or images, often
with strong physical plausibility. For example, OpenAI’s Sora [20] can gen-
erate minute-scale, photorealistic videos directly from prompts and input im-
ages, maintaining complex camera motion and scene dynamics. Google’s Veo
series [42] similarly produces high-quality clips with improved modeling of real-
world physics and human motion, targeting cinematic applications. In paral-
lel, open and industrial models such as Wan [39] adopt diffusion transformer
architectures and large-scale pre-training to deliver efficient 720p, 24fps video
generation for both text-to-video and image-to-video settings. These systems
demonstrate strong visual fidelity over short durations (typically 5–10 seconds),
but naively extending them to long videos often leads to temporal drift, artifacts,
or prompt forgetting. Our work builds on this line of research by introducing a
long-form generation mechanism that composes multiple short clips into coher-
ent 41-second narratives.

3 Pistachio Benchmark

3.1 Dataset Statistics

Pistachio for Video Anomaly Detection We introduce our new dataset
for VAD, a comprehensive collection comprising 4,962 videos, which total 29.11
hours of footage captured at 16 FPS. It is the largest known semi-supervised
VAD dataset. The dataset is structured across 6 major scenes and encompasses
31 distinct anomaly categories. Notably, we introduce 10 novel anomaly types
that are absent in existing VAD benchmarks: Animal Predation, Animal Abuse,
Construction Accidents, Infrastructure Failure, Natural Disasters, Avalanche,
Equipment Breakdown, Extreme Weather Events, Ground Collapse, and Land-
slide. In addition to frame-level labels, it provides rich textual annotations. The
detailed composition of our training and testing sets is provided in the supple-
mentary material.

To highlight the contributions of our dataset, we comprehensively compare
it to existing benchmarks. Our dataset is distinguished by several outstanding
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Fig. 2: Overview of our video anomaly dataset generation pipeline. Step 1 (Storyline
Generation): A VLM-based scene classifier processes input images to identify scenes.
The Anomaly Type Allocator then assigns appropriate anomaly types (e.g., Fire) to
generate coherent storylines across six scenes by LLMs. VAU Step 2 (Event-to-
Video Summary): The storyline is decomposed into event summaries, with each
event described by detailed prompts specifying camera angles, actions, and tempo-
ral progression. VAD Step 2 (Storyline-to-Video): An image-to-video generation
model synthesizes coherent video sequences from the event summaries, producing tem-
porally consistent frames that maintain narrative continuity across the entire storyline.

traits. First, as illustrated in 3, it introduces a wealth of scene-specific anoma-
lies, like Avalanche, Landslide, and Animal Predation. And our dataset integrates
novel categories—nearly half of which are absent in other datasets—to emphasize
critical social and ecological safety issues. We have maintained a balanced cate-
gorical distribution, directly addressing the persistent long-tail problem. Second,
the dataset’s unprecedented scale in scene diversity comprehensively mitigates
the long-standing issue of model scene-dependency. Third, as shown in the ex-
amples in Fig 1 our normal samples extend beyond trivial actions; thanks to
a meticulous storyline design, we incorporate a rich array of complex daily ac-
tivities, like handshaking and vehicle boarding. Fourth, Finally, the inclusion of
both conventional static shots to mimic surveillance perspectives and dynamic
mobile camera shots makes our dataset uniquely suited for emerging applications
in fields such as drone monitoring and autonomous driving.

Pistachio for Video Anomaly Understanding For the task of Video Anomaly
Understanding, we have curated a specialized dataset comprising 1,385 videos,
which total 517,514 frames. A key innovation of this dataset is its introduction
of multiple, distinct anomaly types within a single video—a first for VAU bench-
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marks. Furthermore, each video is supported by comprehensive event-level and
video-level annotations. Echoing the strengths of its VAD counterpart, our VAU
dataset also stands as the most extensive benchmark to date in terms of scene
richness, anomaly diversity, and balanced categorical distribution.

3.2 Multi-Stage Data Generation Pipeline

Our multi-stage data generation pipeline is meticulously designed to create a
large-scale, high-quality, and richly annotated dataset. The entire process is di-
vided into three key stages.

First, Video Data Generation Sec 3.2 details the core synthesis pipeline. As
shown in Fig. 2, this process involves three key steps: Step 1 uses a VLM to
generate scene-conditioned anomaly storylines from static images, Step 2 de-
composes these storylines into detailed event-level prompts, and Step 3 employs
a video generation model to synthesize these into the final video clips. This is
followed by Video Data Filtering Sec 3.2 , a crucial quality control step that
employs a hybrid human-AI screening approach to ensure the realism and log-
ical consistency of all generated videos. Finally, and specifically to support the
VAU task, the Annotation Generation stage Sec 3.2 leverages an LLM/VLM
to automatically process the storylines, generating the rich, multi-granularity
(event-level and video-level) annotations.

Video Data Generation

Scene-Aware Classification. We utilize images I = {I1, · · · , IN} sourced from
the COCO 2017 dataset. A Vision-Language Model M(·) (VLM) categorizes
each image Ii into one of K = 6 predefined scene categories extracted from
scene configuration Cscene, plus an additional “Other” category, yielding C =
{c1, · · · , cK} ∪ {“Other”}. The categorization prompt is provided in the supple-
mentary materials.

This stage assigns each image to a scene group:

Ii → Gĉi , where ĉi = M(Ii, promptscene) (1)

where Gcj denotes the set of images assigned to scene category cj .

Anomaly Type Specification. For each scene category cj ∈ C, we manually define
a tailored set of plausible anomaly types Aj = {aj,1, · · · , aj,Mj} in Cscene[cj ]
(detailed in supplementary materials). The VLM assigns specific anomaly types
to each image within the scene group through an anomaly mapping A : Ii 7→ ai:

âi = M(Ii, ϕj), where ϕj = BuildPrompt(cj , Aj) (2)

The assignment prompt templates are provided in the supplementary materials.
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Multi-step storyline generation. For each image Ii with assigned scene ci and
anomaly type ai, we retrieve the corresponding prompt template pi = Cscene[ci][ai]
and format it to generate a coherent video storyline:

Si = M(Ii, ψi), where ψi = FormatPrompt(pi, Ii) (3)

Each storyline Si = {s1, · · · , sL} comprises L descriptive segments, where L ∈
[7, 8] for long videos and L ∈ [2, 3] for short videos. Detailed prompt templates
are in the supplementary materials.

Temporally consistent long-form video synthesis. The final stage synthesizes
video clips from the generated storylines. For each storyline Si, its segments
{s1, s2, . . . , sL} are sequentially fed into the Wan video generation model. For
each segment sl, a video clip Vl = Wan(Il−1, sl) is generated, where Il−1 is the
starting frame. The initial frame I0 is the original image Ii from I, and for
subsequent segments (l > 1), the last frame of Vl−1 serves as Il−1 to ensure
temporal continuity. All clips {V1, V2, . . . , VL} are concatenated to form the final
video V i

final.

Video Data Filtering Balanced and highly realistic AI-generated data is es-
sential for video anomaly detection. Our video filtering process consists of two
stages: first, we employ VideoScore [13] to automatically score all generated
videos across multiple quality dimensions, discarding those in the bottom 5%
(average score below 3.98) as a preliminary quality control step. Subsequently,
we conduct rigorous manual filtering to ensure the remaining videos meet the
following criteria:

1. The anomaly events in the videos are reasonably designed and conform to
real-life logic.

2. No obvious signs of AI generation, such as object inconsistencies or sudden
visual distortions.

3. The camera angles, viewpoints, and lighting conditions are realistic and em-
ulate those of genuine videos.

This rigorous two-stage filtering ensures high visual fidelity and physical con-
sistency across the dataset, guaranteeing that the final videos are free from gen-
erative artifacts and suitable for robust anomaly analysis.

Annotation Generation and Refinement To ensure maximum rigor and ac-
curacy, we adopt a hybrid annotation strategy. For VAD task, we utilize manual
human annotation to define ground truth labels. For VAU task, we implement
a multi-stage pipeline to generate event-level and video-level text annotations.

Our annotation workflow originates from the initial video storylines, which
provide inherently precise, localized event-level descriptions. We utilize these
texts both as the input prompts for video generation and as the foundational
ground truth for anomaly understanding. To generate holistic video-level de-
scriptions, we utilize LLMs to summarize individual event annotations into a
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single, coherent video summary, as illustrated in Fig. 2, Step 2. This process
accounts for temporal partitions and contextual variances within the storyline.

To further enhance the fidelity of the generated text, we introduce a VLM
Refiner. The VLM performs a secondary pass, cross-referencing the generated
summaries with the actual visual content to correct inaccuracies or misalign-
ments. This automated yet refined workflow enables the production of high-
quality, multi-granularity labels, ensuring both consistency and scalability across
the dataset without the exhaustive cost of manual text writing.
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4 Experiments

4.1 Dataset Construction

To facilitate a comprehensive evaluation of long-form video generation, we con-
structed a new, diverse, multi-source dataset. The foundational imagery is de-
rived from the COCO dataset [18], which provides a rich repository of common
objects and everyday scenes.

However, we identified significant gaps in COCO’s scene coverage. To rem-
edy this, we augmented the dataset with two supplementary sources: (1) MIT
Indoor Scenes [28], to enrich the diversity of indoor environments; and (2)
Web-sourced Images, a curated collection of high-resolution images depicting
large-scale infrastructures, such as bridges and tunnels, which are notably scarce
in existing benchmarks.

The complete dataset generation process (including pipeline-based video syn-
thesis, described below) was computationally intensive, requiring approximately
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Table 2: Performance comparison on the Pistachio dataset for VAD. All methods are
trained on the Pistachio training set. All metrics are reported in percentage (%).

Method Year Backbone
Public
Safety

Accidents
Infrastructure

Natural
Hazards

Health
Medical

Animal
Incidents Overall

AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP

RTFM [38] 2021 I3D 69.0 62.3 76.3 84.3 78.2 83.1 68.9 69.1 76.6 75.9 82.9 69.3
DR-DMU [53] 2023 I3D 66.5 63.4 79.8 88.4 75.1 83.1 76.0 78.8 69.8 64.0 81.5 71.5
MGFN [7] 2023 I3D 63.1 57.2 69.9 74.6 74.5 82.4 66.6 65.4 54.1 52.2 74.9 50.2
CLIP-TSA [14] 2023 I3D 66.9 58.5 78.7 83.3 76.4 82.9 69.9 62.1 64.5 56.5 76.9 55.2
CLIP-TSA [14] 2023 ViT 60.8 56.0 57.7 65.2 47.6 55.4 54.1 48.6 69.2 59.7 80.9 57.3
MULDE [23] 2024 I3D 50.1 40.1 62.0 58.4 52.0 49.2 57.5 37.8 55.1 43.9 63.4 34.9
VadCLIP [45] 2024 ViT 63.0 56.7 71.0 80.9 56.5 66.5 67.3 66.2 66.4 62.3 78.1 64.1
PEL4VAD [26] 2024 ViT 71.2 65.3 72.1 81.6 59.4 65.1 66.5 65.2 70.9 71.5 83.7 71.0
Fed-WSVAD [40] 2025 ViT 62.2 54.8 79.7 86.1 74.6 83.0 71.2 64.6 49.3 47.3 83.2 71.9
VADTree [17] 2025 — 64.99 44.21 63.37 42.15 53.73 62.76 68.09 52.74 57.30 39.00 72.52 25.15

20 days of processing time on a cluster of 32 NVIDIA A100 (80GB) GPUs. For
the manual filtering stage, the entire process required approximately 2 person-
days, with acceptance rates of 90% for normal videos and 80% for anomaly
videos. This composite benchmark enables a more challenging and thorough
assessment of a model’s generalization capabilities and scene understanding.

4.2 Implementation Details

Our proposed hierarchical generation pipeline (detailed in Section 3.2) employs
several foundation models as its backbone:

– Video Generation Model: For the core synthesis task, we employ the
Wan [39] video diffusion model as our T2V generator, valued for its high-
fidelity output and temporal coherence.

– Image-to-Storyline VLM: We utilize Qwen2.5-VL-32B-Instruct [4] as our
primary VLM. It is responsible for parsing the initial frame and generating
a structured, high-level "storyline" or sequence of events.

– Event-to-Video-Level Model: To bridge the fine-grained to holistic se-
mantic gap, Qwen3-8B [34] acts as a semantic aggregator, synthesizing dis-
crete event annotations into coherent video summaries. Subsequently, Qwen3-
VL-32B [4] serves as a VLM Refiner, cross-referencing these summaries with
visual content to rectify any temporal or factual misalignments.

4.3 Analysis of Alternative Pipelines

To motivate our design, we first investigated several intuitive baseline pipelines
for long-form video generation and identified their critical failure modes.

1. Direct Long-Form Generation: This one-shot approach tasks the model
with generating the entire video from a single prompt. This method con-
sistently suffers from two issues: (a) Ghosting and Artifacts: The model
fails to maintain object identity and scene consistency over long durations.
(b) Prompt Forgetting: The generated content progressively diverges from
the initial prompt, indicating a severe semantic drift.
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2. Fixed First-Last Frame (Looping): This pipeline uses a first-last-frame-
to-video model, setting the initial and final frames to be identical for seamless
looping. This constraint, however, induces pathological motion artifacts. The
model appears to “rush" to satisfy the end-frame constraint, resulting in
unnatural accelerations, "stuttering" movements, and physically implausible
object trajectories as it attempts to force the scene back to its origin.

3. Naive Storyline Chaining: This method generates video in short seg-
ments. For each new segment, the prompt is slightly modified based on the
content of the previous segment’s first frame. We found this approach lacks
precise control. The model interprets the modified prompt as a simple "con-
tinuation" of the prior scene’s state, rather than as an instruction to execute
a new, distinct "event" as intended.

4.4 Video Anomaly Detection

We design three comprehensive sets of experiments to investigate the character-
istics and utility of the Pistachio dataset. First, To evaluate the challenge our
newly proposed Pistachio dataset poses to existing VAD methods, we selected
several mainstream baseline methods for assessment. Second, we conduct cross-
dataset generalization experiments to examine the adaptability of models to new
scenarios and perspectives. Moreover, to ensure our findings are not restricted
by potential biases inherent to the Wan generation model, we incorporate addi-
tional evaluation sets generated by Hailuo and Cosmos. Finally, acknowledging
that Pistachio features diverse viewpoints and cinematic styles—distinct from
traditional fixed-angle surveillance datasets—we investigate the impact of data
scaling and domain fusion by combining Pistachio with existing benchmarks to
observe performance gains on real-world tasks.

Implementation Details. We selected nine widely used VAD methods as base-
lines: RTFM [38], DR-DMU [53], MGFN [7], MULDE [23], CLIP-TSA [14],
VadCLIP [45], PEL4VAD [26], Fed-WSVAD [40], and VADTree [17]. Follow-
ing standard evaluation protocols, the training-based methods are trained on
the Pistachio training set and evaluated on our test set, while the training-free
method VADTree is directly deployed for evaluation without any parameter up-
dates. Performance is measured using frame-level AUC and AP. To prepare the
data for the training-based methods, we extract frame-level features using pre-
trained visual models, specifically I3D [6] and ViT [11], following the processing
approaches in [38] and [45]. For VADTree, we directly process the raw videos by
leveraging pre-trained Generic Event Boundary Detection (GEBD) and video-
language models following its original implementation.

Performance Comparison. As shown in Table 2, we report the performance of
baseline methods on the Pistachio test set. Generally, most baseline methods
exhibit suboptimal performance in the Public Safety and Animal Incidents
categories. This performance gap suggests that current VAD models still strug-
gle to capture fine-grained behavioral features and complex biological motion.
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Table 3: Cross-dataset generalization performance across five target benchmarks and
MSAD. Models are evaluated on both synthetic (Pistachio, Cosmos, Hailuo) and real-
world (UCF-Crime, XD-Violence, MSAD) datasets. Joint denotes training on the
union of all five datasets and is listed for reference. Best results among single-source
training are in bold. AUC/AP metrics are reported in %.

Train Set Method Pistachio Cosmos Hailuo UCF-Crime XD-Violence MSAD

AUC AP AUC AP AUC AP AUC AP AUC AP AUC AP

Pistachio Fed-WSVAD 83.23 71.86 81.09 78.76 83.97 79.46 55.69 10.14 70.11 44.51 81.68 24.28
CLIP-TSA 80.91 57.30 72.17 58.74 75.89 59.12 61.58 10.48 86.21 62.48 77.12 54.24

UCF-Crime Fed-WSVAD 71.46 58.69 72.29 78.37 80.82 72.24 84.35 24.49 — — — —
CLIP-TSA 61.06 39.80 71.54 58.66 68.71 70.84 82.56 21.62 81.93 51.75 — —

XD-Violence Fed-WSVAD 71.61 62.14 81.67 81.43 83.36 71.64 78.65 19.64 92.50 77.04 86.44 32.76
CLIP-TSA 68.05 42.49 73.46 68.74 74.18 56.90 80.11 23.36 92.58 74.18 79.35 18.69

Joint CLIP-TSA 82.17 67.87 83.04 87.37 87.58 83.60 85.89 28.36 93.53 80.46 85.73 25.69

Notably, while previous benchmarks often overlooked animal-related anomalies,
the Pistachio dataset introduces these challenging scenarios, revealing the limi-
tations of existing motion-based representations.

Among the evaluated methods, PEL4VAD [26]and our Fed-WSVAD [40]
achieve superior results, which can be attributed to their distinct yet complemen-
tary strengths. Commonly, both methods leverage vision-language association
(e.g., CLIP-based features), allowing the models to integrate high-level semantic
priors to disambiguate complex visual scenes. Individually, PEL4VAD excels by
utilizing a prompt-enhanced learning mechanism to aggregate temporal context,
which is particularly effective for categories requiring long-range dependency
modeling. In contrast, our Fed-WSVAD benefits from a federated learning frame-
work that captures a broader distribution of anomalies from decentralized clients.
By aggregating diverse local knowledge into a global context-driven model, Fed-
WSVAD achieves a more balanced and robust representation, leading to the
highest Overall AP of 71.9%. The challenges posed by our dataset’s enriched
normal diversity are particularly evident when examining methods that lack se-
mantic guidance. The poor performance of MULDE (63.4% AUC, 34.9% AP)
stems from its likelihood-based design, which struggles to define a tight boundary
over highly variable normal data. More notably, the training-free VADTree yields
a catastrophic AP drop to 25.15% (72.52% AUC); without in-domain training,
its zero-shot vision-language reasoner is highly vulnerable to our enriched normal
diversity, leading to severe false positives. These results underscore that neither
traditional likelihood models nor zero-shot training-free approaches can robustly
handle the complex normal variations and interactive anomalies introduced by
Pistachio.

Cross-Dataset Generalization and Bias Analysis As shown in Table 3, the Pis-
tachio dataset demonstrates strong cross-dataset generalization across diverse
benchmarks, particularly on the synthetic Cosmos and Hailuo benchmarks as
well as the real-world XD-Violence and MSAD datasets. Notably, the com-
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Table 4: Impact of training data scaling on UCF-Crime test performance for CLIP-
TSA. We evaluate performance by combining our Pistachio dataset with varying pro-
portions of the UCF-Crime training set. All results are reported as AUC / AP (%).

Pistachio UCF Pist.+10% UCF Pist.+30% UCF Pist.+50% UCF

AUC AP AUC AP AUC AP AUC AP AUC AP

61.58 10.48 82.56 21.62 83.96 24.25 86.19 28.44 86.79 33.04

petitive—and in some cases superior—performance of Pistachio-trained models
compared to both UCF-Crime- and XD-Violence-trained models demonstrates
promising transferability of our synthetic samples. This outperformance can be
attributed to Pistachio’s greater scene diversity and balanced anomaly distri-
bution, which together provide richer and more generalizable representations,
underscoring its practical reliability as a training source for diverse real-world
anomaly scenarios.

However, we observe that models trained solely on Pistachio show lower
performance on UCF-Crime, due to the latter’s low resolution and fixed-angle
surveillance perspectives, as well as the inherent gap between synthetic and real-
world data. To enhance portability to legacy surveillance scenarios, we explore a
data scaling strategy. As illustrated in Table 4, even with minimal fine-tuning us-
ing a small fraction of UCF-Crime data, the Pistachio-pretrained model achieves
significant gains. Specifically, integrating Pistachio with just 10% of the UCF
training set outperforms a model trained on the full UCF dataset, demonstrat-
ing that Pistachio serves as a powerful foundational representation that comple-
ments traditional domain-specific data. Finally, the joint training results in Ta-
ble3 further confirm the complementary nature of synthetic and real-world data:
combining all datasets consistently achieves the strongest performance across all
benchmarks, suggesting that Pistachio and real-world data are most powerful
when used together. However, we also acknowledge that Pistachio, as a syn-
thetic dataset, carries inherent limitations in fully substituting real-world data,
which we discuss in detail in Section 5.

Finally, to rule out generator-specific artifacts, we evaluate two dedicated
VAD benchmarks built with Cosmos-2.5 and Hailuo-2.3. The Pistachio-trained
models achieve consistent and significant improvements, raising the AUC from
71.54% to 85.22% on Cosmos and from 68.71% to 82.34% on Hailuo. These cross-
generator enhancements confirm that Pistachio offers generalizable anomaly rep-
resentations rather than overfitting to specific generator biases, establishing the
robustness and diversity of our dataset.

4.5 Video Anomaly Understanding

To evaluate the benchmarks of video anomaly understanding, we adopt F1-
Score as the main metric to measure the model’s capability in comprehending
anomalies across different temporal granularities. The F1-Score is calculated as
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Table 5: Experiments of Pistachio datasets on Visual Anomaly Understanding, span-
ning multiple model families and scales. We differentiate understanding at the event-
level and video-level outputs.

Model Params Event-level ↑ Video-level ↑ Avg. ↑

InternVL3-1B 1B 28.25 23.04 25.65
InternVL3-2B 2B 30.72 25.22 27.97

Qwen2.5-VL-3B 3B 29.24 23.91 26.58
LLaVA-Next-Video-7B 7B 29.61 23.16 26.39

Qwen2.5-VL-7B 7B 30.57 25.58 28.08
Qwen3-VL-8B 8B 28.14 26.65 27.40
InternVL3-8B 8B 32.56 25.65 29.11
InternVL3-14B 14B 32.29 26.49 29.39

the harmonic mean of precision and recall, providing a balanced assessment of
the model’s performance.
Evaluation Protocol. Following the hierarchical structure of our HIVAU-
70k [49] dataset, we assess the model’s understanding ability at two key levels:
1) Event-level, where the model analyzes anomaly events spanning multiple
clips, requiring intermediate-term reasoning capabilities, and 2) Video-level,
where the model comprehends the entire video narrative, demanding long-term
contextual understanding. For each level, we measure the F1-Score by comparing
generated descriptions with ground truth annotations, counting a prediction as
correct if semantic similarity exceeds a predefined threshold.
Comparison with State-of-the-Art Models.As shown in Tab. 5, we compare
against several state-of-the-art Multimodal Large Language Models (MLLMs)
spanning two families and a wide range of scales, including InternVL3 (1B–
14B) [9], Qwen2.5-VL [4], Qwen3-VL-8B [35], and LLaVA-Next-Video-7B [52].
The results reveal significant variations across model sizes and architectures,
confirming that performance on Pistachio-VAU is sensitive to both model fam-
ily and parameter scale. InternVL3-14B attains the best average score, while
InternVL3-8B leads at the event level and Qwen3-VL-8B at the video level.
Analysis. The performance gap between event-level and video-level understand-
ing reveals that models exhibit stronger capabilities in analyzing shorter tempo-
ral segments than comprehending extended video narratives. This observation
supports our motivation for developing hierarchical instruction data, highlight-
ing the challenge of maintaining contextual coherence over longer sequences.
Furthermore, larger model parameters do not always guarantee better perfor-
mance. For instance, the 8B-parameter Qwen3-VL achieves results comparable
to 7B models, and within the InternVL3 family the gains from 8B to 14B are
marginal, suggesting that model architecture and training data quality play cru-
cial roles beyond raw parameter count.

5 Scope and Limitations

The most fundamental limitation of Pistachio is the domain gap between syn-
thetic and real-world data, which we characterise here openly. A model trained
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only on Pistachio transfers to real-world datasets with variable generalization
performance, exposing a clear cross-domain discrepancy. On legacy, low-resolution
surveillance data like UCF-Crime, CLIP-TSA reaches 61.58% AUC / 10.48%
AP, dropping below the 82.56% / 21.62% obtained from training on UCF-
Crime itself (Tables 3 and 4). Although this performance variance is dataset-
dependent—with Pistachio exhibiting relatively better transferability to MSAD
and XD-Violence—the pronounced degradation observed on UCF-Crime demon-
strates that models trained solely on our synthetic benchmark still encounter
generalization limitations when facing specific real-world data distributions.

To help the community better navigate this gap, we frankly outline the con-
ditions under which Pistachio can and cannot be expected to substitute for
real-world data. Specifically, Pistachio cannot serve as a direct substitute when
the target task is exclusively restricted to traditional fixed-camera surveillance,
or when it heavily relies on long-term character identity consistency. Despite our
rigorous manual filtering, current video generation foundations still occasionally
introduce subtle appearance shifts in characters over time. Conversely, Pista-
chio can effectively substitute for real-world data when the primary objective
is to evaluate and enhance a model’s capacity for detecting sudden, unexpected
anomalies across generalized scenarios. For these tasks, Pistachio’s rich anomaly
categories, highly diverse storylines, and strictly balanced distribution provide a
robust, bias-free evaluation bed that real-world benchmarks cannot replicate.

We accordingly offer concrete guidance for future users: Pistachio is best uti-
lized as a scalable, high-diversity training foundation and a comprehensive gauge
for generalized anomaly coverage. We recommend practitioners treat Pistachio-
only metrics as a robust benchmark for broad anomaly comprehension, and
perform modest in-domain fine-tuning when deploying to surveillance settings
with low resolution or high-angle viewpoints.

6 Conclusion

In this paper, we introduce Pistachio, a new large-scale, Synthetic, Balanced,
and Long-Form benchmark for VAD and VAU, accompanied by a highly auto-
mated and publicly released generation pipeline. Our comprehensive evaluation
demonstrates that Pistachio’s unique characteristics pose significant challenges
to existing models, exposing their limitations. Furthermore, our synthetic ap-
proach provides precise ground truth for VAU, mitigating the heavy reliance on
laborious manual annotation. We also provide concrete guidance for practition-
ers, recommending Pistachio as a scalable complement to real-world data and a
foundation for fine-tuning rather than an unconditional substitute, and we hope
it will serve as a valuable resource for future VAD and VAU research.
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