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Abstract

Video Anomaly Detection (VAD) can play a key role in spotting unusual activities in
video footage. VAD is difficult to use in real-world settings due to the dynamic nature
of human actions, environmental variations, and domain shifts. Traditional evaluation
metrics often prove inadequate for such scenarios, as they rely on static assumptions and
fall short of identifying a threshold that distinguishes normal from anomalous behavior
in dynamic settings. To address this, we introduce an active learning framework tailored
for VAD, designed for adapting to the ever-changing real-world conditions. Our ap-
proach leverages active learning to continuously select the most informative data points
for labeling, thereby enhancing model adaptability. A critical innovation is the incor-
poration of a human-in-the-loop mechanism, which enables the identification of actual
normal and anomalous instances from pseudo-labeling results generated by AI. This col-
lected data allows the framework to define an adaptive threshold tailored to different
environments, ensuring that the system remains effective as the definition of ’normal’
shifts across various settings. Implemented within a lab-based framework that simulates
real-world conditions, our approach allows rigorous testing and refinement of VAD al-
gorithms with a new metric. Experimental results show that our method achieves an
EBI (Error Balance Index) of 68.91 for Q3 in real-world simulated scenarios, demon-
strating its practical effectiveness and significantly enhancing the applicability of VAD
in dynamic environments.

1 Introduction
Video Anomaly Detection (VAD) with semi-supervised learning is a crucial domain of
computer vision focused on identifying unusual behavior in video streams, with applica-
tions ranging from surveillance to healthcare [3]. While traditional pixel-based methods

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

Citation
Citation
{Bao, Sun, Deng, He, Zhang, and Li} 2024



2 YAO, NOGHRE, PAZHO, TABKHI: ALFRED

[12, 22, 45] often raise privacy and bias concerns, especially for marginalized groups, pose-
based approaches offer a privacy-preserving and more equitable alternative by relying on
skeletal motion data. However, deploying these models outside controlled environments
remains a major challenge, requiring innovations to ensure real-world robustness.

The real world demands that VAD systems contend with a host of practical difficul-
ties. Anomaly definition is inherently relative and context-dependent. For instance, run-
ning in a library would be flagged as unusual, whereas jogging in a park is perfectly nor-
mal—necessitating systems to adapt their understanding of "normal" and "anomalous" across
diverse environments. Real-time detection imposes tight constraints on inference time, re-
quiring models to process streaming video data quickly for timely alerts, yet the compu-
tational demands of algorithms often outstrip available resources. Defining clear anomaly
boundaries further complicates matters, as many VAD algorithms produce anomaly scores
that are not inherently percentages [18, 26, 30], complicating the establishment of clear de-
cision boundaries. Moreover, standard metrics like AUC-ROC and AUC-PR rely on labeled
test data, which is often unavailable in dynamic, real-world settings. Static, offline-trained
models struggle to generalize, leading to frequent false positives.

To confront these challenges head-on, we introduce ALFred (Active Learning Frame-
work for Real-world video anomaly detection Deployment), a novel approach tailored for
pose-based VAD. Unlike conventional methods that rely on static training or passive online
updates, ALFred leverages active learning to selectively query the most informative data
points for labeling, optimizing efficiency and precision. This is paired with a human-in-
the-loop mechanism, where human feedback refines the system’s understanding of context-
specific anomalies, supported by AI-generated pseudo-labels. To enhance decision-making,
ALFred incorporates a dynamic threshold adaptation strategy, adjusting detection boundaries
based on historical labeled context and feedback — critical for handling non-percentage out-
puts and ensuring responsiveness in dynamic settings.

To rigorously evaluate ALFred’s reliability in real-world scenarios, we introduce the Er-
ror Balance Index (EBI), a novel metric that quantifies the trade-off between False Positive
Rate (FPR) and False Negative Rate (FNR). Unlike traditional evaluation metrics that often
overlook the delicate balance between misclassification types, EBI provides a more robust
measure of a system’s practical viability in dynamic environments. We assessed ALFred in a
lab-based simulation designed to emulate real-world conditions, including continual data and
domain shifts. Building on established pose-based models suitable for online learning, such
as STG-NF [18], TSGAD [30], and SPARTA [29]. ALFred achieved an EBI of 68.91 for
Q3, outperforming other methodologies. This success highlights its ability to deliver fast,
privacy-preserving, and adaptable anomaly detection. Beyond performance, ALFred inte-
grates contextual adaptability into real-world evaluation, paving the way for more reliable,
deployment-ready VAD frameworks. Future improvements such as optimizing inference
speed and expanding dataset diversity promise to further enhance its practical utility.

In summary, the contributions of this paper are: (1) Introducing ALFred, an active learn-
ing framework, applicable to existing models, for real-world VAD with adaptive thresholds;
(2) Bringing human-in-the-loop functionality to introduce reliable training and validation
sets for active learning; (3) Conducting extensive experiments that showcase the benefits of
ALFred in adapting to unseen data.
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2 Related Works
Historically, traditional VAD methods relied on handcrafted features [8, 9, 23, 36, 42].
These techniques were effective in controlled settings but struggled with generalization to
real-world applications due to their reliance on predefined feature sets. The advent of deep
learning revolutionized VAD, enabling the development of two primary approaches: pixel-
based and pose-based. Pixel-based techniques [1, 5, 6, 14, 15, 16, 20, 24, 37, 43] analyze
raw video data to detect irregularities, but their dependence on visual content raises privacy
concerns and makes them susceptible to to environmental variations such as lighting changes
and occlusions. In contrast, pose-based approaches extract skeletal movement data, offering
a privacy-preserving alternative that is robust to background noise.

Semi-supervised learning strategies for pose-based VAD typically train models to in-
ternalize normal behavior by solving self-supervised tasks. These include reconstructing the
current frame [4, 7, 17, 21, 26, 41] or predicting past or future motion sequences [19, 35, 44].
Several studies [27, 28] have adopted multi-branch frameworks that integrate both objectives,
demonstrating anomaly detection performance.

Among publicly available pose-based models, GEPC, STG-NF, SPARTA and TSGAD
have emerged as prominent baselines. GEPC [26] employs a graph-based clustering ap-
proach where pose sequences are mapped into a latent space, with anomalies detected based
on deviations from the learned distribution. STG-NF [18] uses normalizing flows to trans-
form input sequences into a standard distribution, flagging deviations as anomalies. TSGAD
[30] extends pose-based detection by incorporating trajectory analysis through a graph varia-
tional autoencoder, where discrepancies between predicted and actual trajectories contribute
to the anomaly score. SPARTA [29, 32] leverages the power of transformers for both recon-
struction and prediction in order to teach the model to learn normal data.

Despite the promise of these models, a major limitation is their reliance on static training
paradigms. While some integrate online processing, they lack mechanisms for continuous
adaptation to evolving behaviors in dynamic environments. Additionally, these models gen-
erally assume fixed thresholds for anomaly detection, which may not generalize well across
different contexts. Addressing these issues requires incorporating active learning and human
feedback to refine anomaly classification dynamically.

The concept of ’Online Anomaly Detection’ varies across studies [11, 12, 13]. Many
pixel-based approaches [22, 38, 45] define it as the ability to make real-time decisions with-
out retraining, whereas our work focuses on continuous online learning, where models in-
crementally update their parameters using streaming data. Recent work [40] underscores the
challenges of deploying VAD models in dynamic environments, highlighting the need for
adaptive methods that can handle evolving behaviors and environmental shifts. This distinc-
tion is crucial, as real-world anomaly detection systems must learn and adapt continuously,
rather than relying on fixed decision boundaries set during initial training. Several stud-
ies [10, 13, 39] have explored cross-domain evaluation, where models are tested on unseen
datasets without prior exposure. However, these works do not propose explicit domain adap-
tation strategies, particularly in streaming settings where data distribution shifts over time.
Effective deployment of VAD systems demands real-time domain adaptation mechanisms
that can recalibrate models in response to new environmental conditions.

Overall, existing methods lack adaptive selection of informative samples and efficient
human-in-the-loop refinement. Our proposed ALFred framework bridges this gap by inte-
grating active learning with AI-generated pseudo-labels and dynamic thresholding, enabling
continuous adaptation and reducing reliance on extensive manual annotations.
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Figure 1: ALFred is a two-phase active learning framework for anomaly detection. The
Warm-Up Phase utilizes a pretrained model to generate pseudo-labeled data, which is refined
through human-in-the-loop validation before forming the active learning validation set. The
Active Learning Phase iteratively improves the model by incorporating human feedback on
false positives and true positives, updating the model threshold, and performing active train-
ing to enhance anomaly detection accuracy.

3 Methodology

3.1 ALFred
Deploying VAD models in the real world requires more than high performance on standard
benchmarks, it demands adaptability to unseen domains and precise threshold calibration, in-
cluding frame preprocessing. ALFred addresses this challenge through a two-phase strategy:
(1) a warm-up phase that collects a representative validation set from the target domain, and
(2) an active learning phase that fine-tunes the model and threshold iteratively. The details
are provided in Figure 1.

In pose-based VAD, advanced algorithms such as STG-NF [18], GEPC [26], and TS-
GAD [30] are frequently evaluated using metrics like AUC-ROC and AUC-PR. While these
metrics offer a robust evaluation of model performance across all possible thresholds, they
do not directly provide a specific threshold suitable for real-world deployment. In practical
settings, selecting an operational threshold is critical, as it governs the trade-off between false
positive rate (FPR) and false negative rate (FNR), which varies depending on application-
specific requirements. Additionally, the anomaly scores produced by VAD models are often
not calibrated probabilities, complicating their direct interpretation as confidence measures.

To address threshold selection, equal error rate (EER) is defined as the point where FPR
equals FNR, with more details in Section 3.3. The EER is both model-specific and dependent
on the training data. In a new environment, domain shifts can alter the underlying distribution
of normal and anomalous events, rendering the original EER threshold ineffective. Thus,
adapting the model and its threshold to the target domain is important in real-world scenarios.
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To establish an EER threshold specific to the target domain, labeled data from that domain
is essential. This labeled data can serve as a validation set for the online-trained model,
enabling the computation of an EER threshold tailored to the model’s specific weights after
training. To address this need efficiently, we introduce ALFred, an active learning framework
designed to enhance the deployment of VAD models in real-world applications, consisting
of two phases, including a warm-up phase that collects the validation set from the target
domain and an active learning phase that deploys a training strategy for the algorithm.

Warm Up Phase: As illustrated in Figure 1, the warm-up phase of ALFred leverages
a pre-trained model, initially calibrated with an EER threshold derived from the source do-
main, and deploys it in the target domain to assign pseudo-labels to the input skeleton data.
These pseudo-labels classify segments of the data as normal or anomalous according to the
threshold of the source domain. To address potential domain shift, human annotators review
the pseudo-labeled anomalous data, correcting misclassifications and ensuring the labels ac-
curately reflect the characteristics of the target domain. This human-in-the-loop approach
results in a well-labeled active learning validation set, consisting of a balanced 50:50 ratio
of normal to anomalous samples. This validation set is then utilized in the subsequent active
learning phase to facilitate the model’s adaptation to the new environment.

Active Learning Phase: In the active learning phase, the framework adapts the model
to the target domain using the validation set curated during the warm-up phase. The pseudo-
labeled normal data from the incoming stream serves as the training set K, leveraging the
real-world prevalence of normal instances over anomalies. Although some data points may
be misclassified as FNs, they primarily act as noise, which can help the model learn more
robust representations of normal behavior. Pseudo-labeled anomalies, on the other hand,
are reviewed by human annotators, whose role is critical in identifying TPs and FPs. This
human-in-the-loop process ensures high-quality feedback—especially for FPs, which are
often challenging for automated systems to detect due to their ambiguous characteristics.
These confirmed FPs are then added back to the training set K with the pseudo-labeled
normal data, thereby improving the model’s understanding of normality and reducing future
misclassifications.

It is important to note that the accuracy of pseudo-labels during this phase varies de-
pending on the characteristics and performance of each model, and is tightly linked to the
adaptive EER threshold established after each training iteration. This threshold, derived from
the active learning validation set, is recalibrated iteratively to reflect the evolving decision
boundary of the model, which is shaped by both the updated weights and the data character-
istics in each slice K. As a result, both the model and its EER threshold continuously adapt
over time, facilitating stable and progressive learning, as illustrated in Figure 1.

3.2 Base Algorithms
As discussed in Section 2, pixel-based algorithms raise significant privacy concerns and face
deployment challenges in real-world testbeds. To mitigate these issues and improve robust-
ness, our study adopts a pose-based methodology using three recent state-of-the-art models
with available code: STG-NF [18], TSGAD [30], and SPARTA [29]. TSGAD, originally
a two-stream model, combines a Graph-Attentive Variational Autoencoder (GA-VAE) for
pose reconstruction with trajectory prediction. For fair benchmarking, we use only the pose
branch, training it via ELBO maximization to build a latent distribution of normal skeletal
poses and detect anomalies based on distributional deviations. The graph-based design im-
proves spatial relationship modeling between keypoints, enhancing anomaly localization in
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joint dynamics.
In contrast, STG-NF uses normalizing flows to map skeletal motion directly to a Gaus-

sian distribution, providing exact likelihood scores for anomaly detection without extra heuris-
tics. Its small size (1K parameters) makes it ideal for real-time and resource-limited envi-
ronments. For consistency in evaluation, we reverse the original class labeling, treating
anomalies as positive.

SPARTA [29, 32], a transformer-based model, introduces spatio-temporal and relative
pose tokenization with a shared encoder and dual decoders. The current decoder recon-
structs present tokens, while the future decoder predicts upcoming ones. For diversity in
model paradigms, we use only the prediction branch, enabling a comprehensive evaluation
across three major self-supervised anomaly detection frameworks: reconstruction-based,
probability-based, and prediction-based.

3.3 Dataset & Metrics
For our framework evaluation, we utilize the HuVAD dataset [31, 33], which contains over
five million annotated frames collected from seven CCTV cameras across five days in a
real-world community space. The dataset provides continuous recordings with human pose
sequences and tracking IDs, supporting accurate cross-camera motion tracking for system-
atic evaluation of pose-based anomaly detection. It features a wide range of anomalous
actions, including throwing, raising hands, lying down, falling, punching, kicking, pushing,
and strangling, allowing for a comprehensive performance assessment in complex condi-
tions. In particular, HuVAD includes a context-specific camera (CSC) that captures environ-
ments where typically anomalous actions, such as simulated fights, are considered normal
due to security personnel training. This unique aspect enables evaluation of model adapt-
ability and domain-specific learning, particularly useful for active learning-based anomaly
detection frameworks.

Evaluation of anomaly detection models typically relies on metrics such as AUC-ROC,
AUC-PR, and EER, each offering different advantages. AUC-ROC and AUC-PR evalu-
ate performance across thresholds, with AUC-PR being particularly robust to class imbal-
ance—critical in anomaly detection contexts. However, both metrics lack a concrete deci-
sion threshold, limiting their operational applicability. In contrast, EER (Equal Error Rate)
provides a meaningful threshold where false positive and false negative rates are equal, mak-
ing it valuable for deployment scenarios. To address limitations in existing metrics, we
propose the Error Balance Index (EBI), a novel metric that emphasizes the balance be-
tween FPR and FNR. While traditional metrics like Balanced Error Rate (BER) use the
arithmetic mean of FPR and FNR, they inadequately capture the dominance of one er-
ror type over the other. In real-world settings, maintaining this balance is vital, as both
false alarms and missed detections carry significant consequences. Drawing inspiration
from the F1-score [34], EBI is defined as the harmonic mean of (1-FPR) and (1-FNR):
EBI = (2 × (1 − FPR)× (1 − FNR))/((1 − FPR) + (1 − FNR)), offering increased sen-
sitivity to error imbalances and prioritizing misclassifications over correct predictions.

4 Experiments and Evaluation
As detailed in our dataset description, the HuVAD dataset is specifically engineered to facil-
itate continual anomaly detection training. For each camera, the dataset is partitioned into
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two distinct subsets: a continual anomaly training set and a continual anomaly test set. The
training set is further divided into nine slices to emulate a continual training environment.
Analysis of pose counts for each continual set indicates that the anomaly rate in the training
set remains below one percent per camera, whereas the test set exhibits an anomaly rate of
approximately fifty percent, as detailed in Table 1. To assess the performance of our proposed
method, ALFred, we employ the continual test set from HuVAD as a simulated validation
set. This setup mirrors data collected during an initial warm-up phase, reflecting real-world
operational conditions. The nine slices of the continual training set are subsequently utilized
during the active learning phase to refine ALFred’s capabilities.

Active Learning Train Set Active Learning Test Set

Cam ID Normal Anomaly Anomaly Rate (%) Normal Anomaly Anomaly Rate (%)

0 430,659 4,216 0.97 26,052 26,093 49.96
1 722,160 5,014 0.69 28,523 28,597 49.94
2 661,280 6,813 1.02 25,402 25,449 49.95
3 1,608,498 8,042 0.50 15,786 15,818 49.95
4 415,838 1,530 0.37 37,208 37,274 49.96
5 639,233 4,278 0.66 28,268 28,353 49.92

CSC 730,386 3,108 0.42 28,301 28,343 49.96

Table 1: Total pose count and ratio for active learning from HuVAD[31]

For initializing the weights of the source domain, referred to as K-1, we used the Shang-
haiTech dataset [25], a widely recognized benchmark in the VAD domain. These K-1
weights are first validated in the simulated validation set, namely, the HuVAD continual
test set, to establish an EER threshold, customized to the target domain. This threshold
is determined with human-in-the-loop guidance, based on the trade-off between FNR and
FPR. Following this validation, the K-1 weights are used to assign pseudo-labels to incom-
ing target domain data. The accuracy of these pseudo-labels is inherently dependent on the
characteristics of each model and the defined EER threshold, and can vary during training.
The final pseudo-label accuracy is evaluated against ground-truth labels from each data slice,
using the overall FNR and FPR as reference metrics.

Continual Learning [40]: No filtering is applied, and the training set includes all actual
positives and negatives from the incoming data.

Pseudo-Continual Learning: Only data pseudo-labeled as normal by the K-1 weights
is incorporated for training.

Active Learning: Human annotators identify FPs among the pseudolabeled anomalies -
data incorrectly classified as anomalous but normal - and these FPs are added to the pseu-
dolabeled normal data for training.

AL Light: A variant of active learning that minimizes annotator workload by sending
only labeled positives with scores between the EER threshold and the rolling 50th percentile
of recent max anomaly scores to human-in-the-loop review.

When discussing human-in-the-loop learning, our evaluation goes a step further by ana-
lyzing how to reduce annotator workload in an active learning scenario. Figure. 2 illustrates
the cumulative score distribution for positive labels during the active learning phase C0, us-
ing TSGAD [30] as an example. The blue line represents the 50th percentile between the
threshold and the maximum anomaly score at each step. Based on this analysis, limiting
annotation requests to scores between the threshold and the midpoint can reduce the labeling
workload by approximately 34.22%. Due to the incremental nature of data feeding during
training, we adopt a rolling 50th percentile approach, which consistently reduces the anno-
tation load by at least 24.35% at each step.
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Model Training Methodology AUC-ROC AUC-PR

CSC

STG-NF

Offline Training 43.71 48.29
Continual Learning [40] 43.51 49.25

Pseudo-Continual Learning 44.51 49.51
Active Learning 43.61 49.21

AL Light 43.81 49.10

TSGAD

Offline Training 44.31 54.23
Continual Learning [40] 47.36 55.69

Pseudo-Continual Learning 47.36 55.52
Active Learning 49.48 57.95

AL Light 48.13 57.25

SPARTA

Offline Training 45.24 50.36
Continual Learning [40] 48.14 52.61

Pseudo-Continual Learning 48.11 52.60
Active Learning 48.48 52.86

AL Light 48.14 52.44

Table 2: Comparison AUC-ROC and AUC-PR of CSC for models in different training meth-
ods.

We initially assessed the performance of our models using the widely adopted metrics of
AUC-ROC and AUC-PR. These metrics were applied to evaluate three distinct training data
scenarios, with a baseline model established by training offline on the entire active learning
training set without any data slicing. As shown in Table 2, using CSC as an example, all
model weights were tested on the active learning validation set. Given the multi-step nature
of the continual training process, we recorded the best results from each scenario to provide
a comprehensive analysis. More details can be found in the supplementary materials for
replication and further investigation.

While the findings align with recent work [40], confirming the effectiveness of our ap-
proach in achieving robust detection performance across diverse training conditions and
highlighting its potential for practical VAD applications, the trends observed in Table 2 do
not necessarily translate to real-world scenarios. This discrepancy, primarily discussed in
Section 3.1, arises from the fact that these metrics are computed over varying thresholds
and, by their nature, do not provide direct real-world insights.

Since AUC-ROC and AUC-PR do not directly translate to operational performance in
real-world scenarios, we adopted a different evaluation strategy for our continual training
setup. Specifically, for each incoming data slice, we used the current model’s EER threshold
to assign pseudo-labels and computed TP, FP, TN, and FN by comparing these pseudo-labels
to the ground truth. This method ensures a fair comparison across all scenarios by apply-
ing consistent pseudo-labeling criteria and is particularly appropriate for continual training,
where offline training results cannot serve as a valid baseline due to the dynamic nature of
the data stream. Such a comparison would be unfair given the static nature of offline training
datasets. The accumulated results from each step for all cameras were used to calculate the
overall FNR and FPR, as presented in Table 2. Detailed results for different cameras can be
found in the supplementary materials for replication and further investigation.

Notably, while trends in AUC-ROC and AUC-PR on the validation set, do not always
directly reflect model performance in real-world scenarios, these metrics remain essential
within the ALFred framework for assessing model performance and determining the EER
threshold. This threshold balances the trade-off between false positives and false negatives,
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Figure 3: Error tradeoff distribution across
different training methodologies.

Training Methodology FNR % FPR % EBI % FNR % FPR % EBI % FNR % FPR % EBI %

STG-NF [18] TSGAD [30] SPARTA [29]

Continual Learning [40] 32.77 45.92 59.94 38.68 38.20 61.56 24.25 41.55 65.98
Pseudo-Continual 37.74 28.01 66.77 29.84 47.82 59.85 25.67 40.61 66.02
Active Learning 35.24 39.85 62.36 41.29 31.29 63.31 24.96 39.46 67.01

AL Light 37.67 37.50 62.56 39.33 31.73 64.24 24.86 39.78 66.85

Table 3: Comparison FNR and FPR of cumulative data for models in different training

which is critical for practical deployment. According to the study [2], FPR is particularly
vital in real-world applications as it directly affects user trust and system reliability.

Based on Table 3, the two selected models exhibit distinct performance patterns in real-
world scenarios. The lighter model, STG-NF, demonstrates a lower FPR when trained using
the pseudo-continual learning approach, which involves training on a smaller amount of
data. However, as we transition to a larger and more complex dataset acquired through
active learning, STG-NF fails to maintain this advantage, whereas TSGAD and SPARTA
benefit from active learning, achieving improved FPR.

While the tables provide numerical insights, they do not explicitly illustrate the trade-
off between different methodologies in terms of balancing FPR and FNR. To address this,
we conducted an EBI analysis, introduced in Section 3.3, which quantifies this balance and
offers a clearer comparative assessment. As shown in Figure 3, the EBI analysis reveals
that Active Learning Light outperforms other methods, achieving the Q3 (25th percentile)
at 68.91 and the highest median at 64.21. This indicates that, on average, Active Learning
Light provides the most effective trade-off between reducing FPR and FNR, leading to more
efficient anomaly classification. Compared to Continual Learning and Pseudo-Continual
Learning, the higher Q3 and median suggest that Active Learning consistently achieves bet-
ter overall reliability in most scenarios. The AL-Light method achieves comparable results
to Active Learning while additionally reducing the human-in-the-loop workload by at least
24.35%. However, its wider range of values implies that performance variability is higher in
extreme cases, indicating potential fluctuations under certain conditions. This trade-off un-
derscores that while AL Light is the most effective approach for minimizing errors, careful
parameter tuning and ongoing monitoring are necessary to manage its occasional instability.
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5 Research Questions and Future Directions
ALFred represents a first step toward adaptability in pose-based anomaly detection, but there
remains room for improvement. One of the most critical areas for advancement is enhanc-
ing the accuracy of the framework, which can be achieved through multiple approaches.
These include refining the model architecture, incorporating more diverse data, and leverag-
ing advanced optimization techniques. One particularly promising method is reinforcement
learning (RL), which enables active exploration of uncertain samples, allowing the model
to prioritize ambiguous or low-likelihood instances for more effective learning. Addition-
ally, adaptive anomaly score calibration through RL facilitates dynamic threshold optimiza-
tion, improving robustness across varying conditions, while meta-learning and reward-based
adaptation enhance generalization to unseen environments.

Beyond accuracy, another direction is evaluating the practical feasibility of the frame-
work by assessing timing constraints, computational efficiency, and hardware requirements.
Finally, achieving real-world applicability requires long-term deployment in operational set-
tings, where the system can be continuously monitored to assess robustness, adaptability, and
failure points. A structured evaluation and refinement cycle would provide critical insights
into the system’s strengths and limitations, bridging the gap between research and real-world
implementation.

6 Conclusion
This paper addresses the challenges of deploying VAD models in real-world settings where
domain shifts degrade performance. Conventional metrics like AUC-ROC and AUC-PR fail
to provide actionable thresholds due to uncalibrated anomaly scores. To address this, we in-
troduce ALFred, an active learning framework that efficiently adapts VAD models with min-
imal labeled data. ALFred employs a two-phase strategy: a warm-up phase using pseudo-
labels refined by human annotators, and an active learning phase that fine-tunes the model
with human feedback to establish an EER threshold. Experiments on the HuVAD dataset
show that ALFred reduces false positives and enhances adaptability, demonstrating the po-
tential of active learning for real-world VAD deployment. This work lays the foundation
for further research into domain adaptation and human-in-the-loop refinement of anomaly
detection systems.
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