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 A B S T R A C T

Anomaly detection has been extensively investigated in numerous application areas. Hand-crafted rules have 
gradually given way to supervised classification techniques, which frequently rely on a small number of 
anomaly labels and related architectures. When it comes to human motion, abnormalities emerge at a 
fine-grained temporal or joint level rather than over a whole video sequence.

This study introduces NFlowAD, a self-supervised system that analyzes body joints to detect irregularities 
in human motion. It blends normalizing flows with masked motion modeling to describe normal motion data 
without the need for anomaly labels. Inference uses both reconstruction mistakes and flow-based likelihoods 
to detect anomalies. The validation pipeline on various state-of-the-art datasets demonstrates NFlowAD’s 
efficiency in recognizing, locating, and analyzing anomalous motion sequences, while maintaining robust 
detection and interpretability.
1. Introduction

The literature has extensively examined the capacity to discern 
between normal and abnormal occurrences in video sequences. This 
task involves identifying and separating motion patterns that differ 
from those acquired during training at inference time. Another inherent 
difficulty with anomaly identification is the lack of labeled data [1,2]. 
Since anomalies are, by definition, rare events, they often need to be 
identified without the availability of labeled samples.

In our scenario, we focus on detecting anomalies from a finer-
grained perspective, that is, identifying deviations in regular actions 
at the level of individual human body joints. The ultimate goal is to 
uncover subtle behavioral traits that are distinctive to a given motion.

Similar to image anomaly detection, video anomaly detection typi-
cally extracts anomaly-free motion features from the recorded routine 
activities following an unsupervised learning paradigm. Previous ef-
forts [3,4] apply anomaly detection directly on the unprocessed video 
data. Raw video data may contain unrelated contexts, such as backdrop 
or illumination changes, which have a detrimental effect on detection 
accuracy [5]. Therefore, recent solutions [6–8] have switched towards 
employing skeletal reconstructions to focus directly on human motion.
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Many techniques for detecting anomalies in human behavior rely 
on low-level information and don’t comprehend actions semantically
[9]. Anomaly detection models frequently exhibit an inadequate level 
of behavior understanding by using spurious cues and correlations in 
place of significant, semantic characteristics [10].

Considering the inadequacies of many conventional methods, we 
present our human action anomaly detection model that leverages 
unsupervised learning to identify anomalous 3D motion patterns.

To detect the anomalies, we suggest a normalizing flow (NF) [11] 
based approach for learning high-quality motion representations frame 
by frame in a sequence. Due to the possibility of near resemblances in 
the recorded 3D human motion, the motion data may have jitter that 
makes it difficult to notice subtle changes in action. Although there are 
numerous joints in the human body, only a small subset of them show 
noticeable and relevant changes while performing daily activities (such 
as running, walking, or waving). The remaining joints typically move in 
a more dependent or restricted manner. Therefore, we considered the 
frame-by-frame sequence of the motion and determined the likelihood 
score of the wrong action in each frame. A hybrid anomaly detection 
framework is proposed with masked auto-encoding and normalizing 
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flows(NFs). Our method allows for systematic scoring of how likely 
a test motion is under the learned distribution by acquiring the spa-
tiotemporal structure of human motion from normal-activity datasets 
and modeling the density of latent features. At inference time, we iden-
tify subtle anomalous sequences by computing a composite anomaly 
score that combines latent probability and reconstruction error. NFs are 
ideal for anomaly scoring because they offer precise probability estima-
tion through invertible transformations: low likelihoods are labeled as 
out-of-distribution [12].

Practical applications in [13,14] Virtual Reality (VR) and Aug-
mented Reality (AR) environments are considered as essential to better 
reflect the relevance to immersive media. In these contexts, producing 
realistic virtual avatars and facilitating organic, intuitive interactions 
within virtual worlds depend on precise human motion modeling. In 
addition to boosting user presence and supporting use cases such as 
virtual training, rehabilitation, and cooperative immersive scenarios, 
accurate anomaly estimate aids in the maintenance of realistic behav-
ior. These aspects emphasize the importance of the proposed technique 
within immersive media contexts.

In terms of implementation, our initial step is to train a masked 
autoencoder (MAE) for skeleton motion sequences. We take advan-
tage of large human motion datasets, such as Mixamo, which offer 
rich and varied human motion information. After the MAE has been 
trained, we feed the encoder’s embeddings into a NF model. Only 
latent vectors obtained from normal motion sequences are used to train 
the NF. The log-likelihood of a test motion’s [15] latent embedding 
can be used to score it during inference. As an output, the NF pro-
vides a rigorous probabilistic measure of normality, while the MAE 
encodes spatiotemporal structure [16]. This dual perspective improves 
the generalization capacity of anomaly detection systems for human 
motion and increases sensitivity to minute deviations. Furthermore, 
this technique performs well with latent vectors generated by motion-
focused architectures such as generalized [17] masked autoencoder 
(MAE) encoders or MOMA [18].

The primary objectives of the proposed work are:

• Design a hybrid anomaly detection system that combines NFs 
and masked autoencoders to estimate the density of latent repre-
sentations using just normal motion datasets and simultaneously 
capture spatiotemporal motion relationships.

• Establish a composite anomaly scoring approach that combines 
log-likelihood values from NFs with reconstruction error from 
masked auto-encoding to identify minor deviations that would not 
be visible using either approach alone.

• Validate the framework at inference time, using a variety of 
abnormal motions generated by Momask [19], Bamm [20], and 
Meshcapade [21], to show its versatility, resilience, and enhanced 
performance over current anomaly detection techniques.

The paper is organised as follows: Section 2 reviews the relevant 
research on the topic. Section 3 describes the dataset used in the study. 
Section 4 provides detailed information on the suggested methodol-
ogy. Section 5 summarizes the experimental setup and findings. Sec-
tion 6 addresses the findings and their implications. Finally, Section 7 
summarizes the paper and discusses future research directions.

2. Related work

Detecting anomalies in motion data, such as skeleton or joint trajec-
tories [22], is a relevant problem in many application areas, including 
robotics [23], surveillance [24], and animation [25].

Typical techniques involve discovering motion regularity for video 
segmentation and recognition or rebuilding motion patterns to identify 
deviations. However, accurate anomaly detection still faces significant 
challenges in identifying ambiguous behaviors, when abnormal pat-
terns and normal activities [26] differ in subtle details. In contrast 
2 
to traditional video-based methods, skeleton-based representations use 
joint locations and temporal dynamics to model human activities, 
providing a portable, comprehensible, and modality-robust substitute 
for RGB or optical flow characteristics [18]. Here, a tensor is used to 
encode each skeleton sequence. This organised representation enables 
anomaly detection algorithms focus on structural kinematics as, for 
instance, anomalies in joint trajectories, asymmetries, abnormal limb 
movements, all of which could be difficult to identify in the raw pixel 
space [27,28].

Recent approaches integrate the spatiotemporal feature learning 
and probabilistic modeling to overcome the differences between normal 
and close variations of abnormal behaviors. A prominent framework for 
skeleton representation learning has been addressed using transformer 
architectures [29]. Inter-joint interdependence and long-range tempo-
ral dynamics are effectively captured by the self-attention mechanism. 
The probability of a joint trajectory being within the learned distribu-
tion of normal motion can be ascertained using probabilistic models 
such as normalizing flow [30]. By incorporating reconstruction-driven 
self-supervision techniques like joint position prediction and masking, 
it is possible to create strong anomaly detection pipelines that take 
advantage of contextual reconstruction mistakes as well as statistical 
probability estimation [31]. Skeleton-based anomaly detection has thus 
evolved from manually constructed spatiotemporal descriptors to deep, 
self-supervised transformer-flow hybrids that can capture intricate, 
joint-level motion patterns.

To this aim, masked modeling has proven particularly effective; 
here, parts of the input (e.g., motion segments or joints) are intention-
ally hidden and the network is trained to reconstruct them, thereby 
learning robust contextual representations without explicit anomaly 
labels [32]. Conditional Normalizing Flows (CNFs) are efficient gen-
erative models that are suitable for structured output learning because 
they can represent complex distributions with high dimensionality and 
significant inter-dimensional correlations [33]. One of the recent works 
in this area is MotionFlow [34], a method that determines the output 
distributions in an autoregressive manner on the spatiotemporal input 
features. To develop a probabilistic neural generative method that 
can simulate the variability observed in high-dimensional structured 
spatio-temporal data, it blends deterministic and stochastic represen-
tations with CNFs. SimMIM [33] is a simple framework for masked 
image modeling; it consists of an image-based technique that masks 
picture patches by substituting them with random token vectors of 
the same dimension. The correlation between tokens is sufficiently 
strong in the video domain, where data is both spatially and temporally 
aligned [35–37], and the network can reconstruct the input using 
most masked frames. In contrast to complete frame masking, joint-
level masking keeps much of the skeleton intact at each time step 
and compels the model to take advantage of both temporal continuity 
and spatial dependencies. A similar work [38] projected a Spatial-
Temporal Masking, which is both at the joint and frame levels. The 
encoder generates generalizable skeleton characteristics with temporal 
and spatial relationships. In Masked Action Recognition (MAR) [39], 
the authors eliminate superfluous processing by only working on a 
subset of the videos and discarding a portion of the patches. The 
two key elements in MAR are the masking technique, which hides 
portions of the input motion sequence, and the reconstruction process, 
which learns to recover the missing information to improve action 
understanding [40].

In [41], 2D skeletons with missing joints are used as input to esti-
mate more realistic 3D human positions. The introduction of occlusion 
guidance, which offers additional details regarding the existence or 
absence of a joint, addresses missing joints. Additionally, temporal in-
formation has been used to more accurately estimate the missing joints. 
A similar work [42] suggests using synthetic occlusion augmentation 
coupled with the utilization of spatiotemporal characteristics to address 
occlusion during training. The authors use an occlusion augmentation 
to train a spatiotemporal 3D HPE (human pose estimation) model based 
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Fig. 1. Representation of Mixamo skeleton showing all (86) joints used in 
training. The figure highlights the core combined categories, each represented 
in different color.

on graph convolution and transformers. Comparable works [43,44] also 
provide generative models of deep features using Gaussian ellipsoidal 
kernels that generate 3D pose-dependent feature vectors based on a 
volumetric human representation.

3. Dataset

For the validation of NFlowAD we rely on 04 datasets: Mixamo [45], 
MoMask [19], Bamm [20], and Meshcapade [21]. More in detail, 
the Mixamo motion dataset, offers a wide range of typical motions 
executed by numerous characters. It is used as a source of training 
data for the anomaly detection framework. Mixamo sequences are 
highly curated, animation-driven, and cover a broad spectrum of ev-
eryday activities, sports, and leisure pursuits. To ensure that learned 
representations accurately reflect the statistical regularities of natural 
human movement, training is limited to Mixamo, exposing the model 
only to motions deemed bio-mechanically valid and consistent. This 
decision enables the formulation of the next detection step as an 
out-of-distribution problem, in which variations from these learned 
distributions are regarded as possible anomalies.

For training, the sequences are 250 frames long sampled to 30 
fps, re-targeted to a canonical number of skeleton joints(𝐽 = 86), 
in line with the Mixamo format, and as illustrated in Fig.  1, and 
normalized with respect to mean and variance across the dataset, 
in order to standardize the input space. In order to provide enough 
variability without adding artificial artifacts, the sequences used for 
training are chosen to guarantee coverage of a variety of movement 
patterns, transitions, and upper-body movements. For evaluation, we 
took into account three additional sources, not seen at training time. 
The first one is the Meshcapade collection, which includes synthetic 
human movements; such movements are similar to the ones presented 
in Mixamo, and include crawling, dancing, squatting, and walking. The 
sequences provide a useful test of the model’s ability to generalize 
to unseen normal motions, as they are realistic and bio-mechanically 
plausible. However, they differ from Mixamo in terms of style and 
kinematic smoothness.

As far as Bamm and MoMask is concerned, those datasets were 
used to test the framework’s capacity to detect unusual motions. Sam-
ples from BAMM consist of abnormal behaviors, generated via text 
prompts, which introduce asymmetric crawling, irregular jumping pat-
terns, and improperly performed squats. Designed to capture human-
like deviations from expected motion regularity, these sequences enable 
3 
the model to be tested in situations that closely resemble incorrect 
movement patterns encountered in the real world.

MoMask includes motions produced by a programmable human 
motion synthesis model based on diffusion. MoMask animations are 
generated from text prompts or semantic action labels. While many 
sequences appear natural, the generating process can yield minor to 
pronounced kinematic variations. As such, MoMask is a great source of 
model-agnostic anomalies: errors result from generative model flaws 
rather than human execution errors (as in BAMM). Evaluating on 
MoMask therefore examines the framework’s ability to detect algorith-
mically created abnormalities.

Pre-processing procedures are conducted to ensure uniform rep-
resentation across all datasets [46]. Every motion is normalized and 
aligned and adapted regarding its joint skeleton topology. The Mixamo 
and Meshcapade sequences were used as normal reference data for 
threshold calibration (one in training and the other in testing), and 
anomaly detection metrics were calculated using BAMM and MoMask. 
Instead of learning dataset-specific traits, this sub-division guarantees 
that the evaluation accurately captures the system’s ability to identify 
out-of-distribution behaviors.

The resulting dataset collection provides a balanced experimen-
tal design in which each source performs a unique role. Mixamo 
offers the key priors that establish the typical motion distribution 
during training. Meshcapade assesses the model’s capacity to general-
ize to previously encountered, biomechanically valid motions. BAMM 
assesses robustness against human-performed aberrant or improperly 
executed actions, capturing realistic deviations from correct move-
ment. MoMask extends this by evaluating the model’s sensitivity to 
generative-model flaws such kinematic inconsistencies and implausible 
transitions. Together, these datasets provide a controlled and thorough 
environment for testing normal-motion learning, generalization, and 
anomaly detection across several types of deviation.

4. Methodology

The proposed method combines masked autoencoding with CNFs 
to mimic both reconstruction fidelity and probabilistic regularity of hu-
man motion. The architecture in Fig.  2 has two stages: (i) a transformer-
based masked autoencoder learns robust spatio-temporal representa-
tions by reconstructing missing joints and frames, and (ii) a conditional 
NF head assigns likelihoods to latent embeddings, allowing for anomaly 
scoring beyond reconstruction errors. This integration enables the de-
tection of anomalies at various granularities, including individual joints 
to entire sequences.

4.1. Problem formulation

The task of detecting motion anomalies can be described as follows. 
Given an input sequence 𝐱 = {𝐱1, 𝐱2,… , 𝐱𝑇 }, where each frame 𝐱𝑡 ∈
R𝐽×3 represents the 3D coordinates of 𝐽 joints at frame 𝑡. The full 
sequence can be represented as 𝐱 ∈ R𝑇×𝐽×3. Our goal is to determine 
whether the sequence or any of its components (frames, joints) deviates 
from the distribution of normal motions.

In our implementation, we assume to have access to a set of normal
motion sequences and no anomalous samples during the training phase.

4.2. Architecture overview

Our model integrates two complementary modules: (1) a masked 
autoencoder for robust feature learning, and (2) a CNF head for prob-
abilistic modeling.

• Masked Autoencoder (MAE): the encoder–decoder learns to 
reconstruct missing joints or frames, promoting strong spatial–
temporal representations. The masking method forces the net-
work to record relationships between joints and throughout time. 
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Fig. 2. Architecture of the proposed model. Motion sequences are masked and encoded with a Transformer, then reconstructed using a decoder and NFs, and 
scored by combining reconstruction and likelihood. Anomalies are identified when scores exceed a threshold.
We use a masked autoencoder technique. During training, a ran-
dom section of joints (𝜌 = 0.3) are masked, and each frame is 
linearly embedded as follows: 
𝐳𝑡 = 𝑊emb vec(𝐱𝑡) + 𝐛emb, 𝐳𝑡 ∈ R𝑑 , (1)

with embedding dimension 𝑑 = 512. A Transformer encoder 
models spatio-temporal dependencies as: 
𝐡1∶𝑇 = TransformerEnc(𝐳1∶𝑇 ), 𝐡𝑡 ∈ R𝑑model . (2)

This encourages the model to capture the interdependence of 
different elements of the skeleton. As a result, the network learns 
not only motion dynamics but also the skeleton’s underlying 
kinematics, both of which are required for accurate anomaly 
identification.

• Conditional Normalizing Flow (Glow): The latent embeddings 
are modeled using a flow-based generative model to estimate 
the probability density of reconstructed motion. This allows for 
anomaly scoring not just by reconstruction error, but also by de-
termining if a latent representation is in a high- or low-probability 
section of the learnt distribution. Let 𝐜 represent the pooled 
encoder context vector obtained from the hidden sequence 𝐡1∶𝑇 . 
The 𝐵 invertible transformations {𝑓 (1)

𝜃 ,… , 𝑓 (𝐵)
𝜃 } compose the con-

ditional normalizing flow 𝑓𝜃 : 

𝐳𝐭 = 𝑓𝜃(𝐡𝑡 ; 𝐜), (3)

with the conditional log-likelihood becoming: 

log 𝑝𝜃(𝐡𝑡 ∣ 𝐜) = log 𝑝0(𝐳𝑡) +
𝐵
∑

𝑏=1
log

|

|

|

|

|

|

det
𝜕𝑓 (𝑏)

𝜃

𝜕𝐳(𝑏−1)𝑡

|
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|

|

|

|

. (4)

The optimization is carried out by minimizing the negative log-
likelihood, defined as nll = − log 𝑝𝜃(𝐡𝑡 ∣ 𝐜).

4.3. Inference and anomaly scoring

During inference, anomalies are detected by combining reconstruc-
tion error and latent likelihood into a unified score: 
𝑆(𝑥′) = 𝛼 ⋅MSE(𝑥′, 𝑥̂′) − 𝛽 ⋅ log 𝑝(𝐳), (5)

where:

• MSE(𝑥′, 𝑥̂′). represents the per-joint and per-frame reconstruction 
error between the observed motion 𝑥′ and the reconstructed 
motion 𝑥̂′;

• 𝑝(𝑧′) represents the likelihood of the latent embedding 𝑧′ under 
the flow model;
4 
• 𝛼 = 0.6 and 𝛽 = 0.4 are weighting parameters that balance re-
construction fidelity and distributional plausibility. These values 
are set to favor the reconstruction error over the flow based on 
validation experiments. The method is not very sensitive to the 
slight change of 𝛼.

This formulation penalizes both deviations in spatial–temporal struc-
ture (via reconstruction error) and off-manifold behaviors (via flow 
likelihood). As a result, anomalies are captured, whether they manifest 
as locally corrupted poses, abnormal joint trajectories, or globally 
inconsistent motion dynamics.

4.4. Granularity of anomaly detection

We analyze anomalies at four levels (joint, frame, sequence, clip). 
Each score is compared against a threshold estimated from validation 
statistics (e.g., a percentile of the score distribution computed on 
normal motions).

• Joint-level. A joint is marked as anomalous at frame 𝑡 if its joint 
score 𝑆𝑗,𝑡 exceeds the joint threshold 𝜏joint:
𝑆𝑗,𝑡 > 𝜏joint.

• Frame-level. A frame is considered anomalous if its frame score 
exceeds the frame threshold:
𝑆𝑡 > 𝜏frame.

• Sequence-level. A sequence is considered anomalous if its global 
sequence score exceeds the sequence threshold:
𝑆seq > 𝜏seq.

• Clip-level rule. Let 𝑇  be the number of frames in the clip. We 
compute the fraction of frames that are above the frame anomaly 
threshold:

𝑆frac =
#{𝑡 ∈ {1,… , 𝑇 } ∶ 𝑆𝑡 > 𝜏frame}

𝑇
.

A clip is classified as anomalous if this fraction exceeds a mini-
mum value 𝜏frac (e.g., 10%).

5. Experiments

5.1. Implementation details

The input sequences are normalized to zero mean and unit variance 
across the joints within the frame. Sequence length is fixed to 250 
frames during training. The encoder is structured on the transformer 
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Fig. 3. Joint level detection of top 3 joints per frame with high likelihood score. A subject is performing the braced hang hop up action.
Table 1
Meshcapade clips are treated as normal; BAMM/MoMask clips are treated as 
anomalous. Values refer to the frame scores 𝑠𝑡 likelihood.
 Dataset #Clips Anomalous clips % 𝑚𝑒𝑑𝑖𝑎𝑛(𝑠𝑡) mean(𝑠𝑡) 
 Meshcapade (normal) 30 33.33% 0.120937 0.072924 
 BAMM (anomalous) 30 83.33% 0.444062 0.268886 
 MoMask (anomalous) 30 86.67% 0.523125 0.258414 

encoder with 6 layers, an embedding size of 512, and 8 attention 
heads. Training is performed for 130 epochs using the Adam optimizer 
with a learning rate of 1 × 10−4 with an ExponentialLR scheduler. 
During testing, anomaly thresholds are set using the 97th percentile 
of reconstruction error and flow likelihood on the validation set, and 
sequences are fixed respecting each method’s sample size.

5.2. Quantitative results

As discussed in the previous sections, our experimental evaluation 
is performed in a multi-level fashion.

Joint-level localization highlights the precise body parts respon-
sible for anomalies, e.g., misplaced knees in abnormal walking or 
over-rotated arms during lifting as illustrated in Fig.  3.

Sequence-level evaluation shows robustness in distinguishing abnor-
mal actions from normal motions. Frame-level achieved good results, 
demonstrating the benefit of combining reconstruction and probabilis-
tic as shown in Table  1 and further demonstrated as a confusion matrix 
in Fig.  4. The elevated false positive rate observed in Meshcapade 
likely stems from the dataset’s increasing diversity of characters and 
exaggerated action styles, which introduce distributional shifts not 
fully represented during training. The model performance in terms of 
precision and recall is further elaborated in Fig.  5.

As illustrated in Fig.  4, NFs severely penalize deviations from the de-
fined normal manifold. Unusual local positions, abrupt transitions, and 
stylistic variations are instances of rare but genuine motions that can re-
sult in low likelihoods and drive frame scores above our high-percentile 
criteria.

To reduce missed anomalies, we set a threshold at the 97th per-
centile of normal validation clips. This design purposely shifts the point 
of operation towards higher recall/lower false negative rate, which 
naturally raises false positives.

Across datasets, the score distributions reinforce the intended sepa-
ration between normal and anomalous motion sources as illustrated in 
Table  2 for the most challenging clips.
5 
Fig. 4. Confusion matrix obtained from the experimental validation between 
animations as ground truth (Meshcapade) and samples from Momask and 
BAMM as anomalous.

MoMask and BAMM dominate the global top hardest and challeng-
ing clips in the evaluation test. Several MoMask clips reach max𝑡 𝑠𝑡 ∈
[0.64, 1.39]; interestingly, a few of the largest max𝑡 𝑠𝑡 entries (1.236 and 
1.388) have 𝑆frac = 0% less likely anomalous, indicating short, sharp 
deviations (peaky frames) that the thresholding rule treats as isolated 
spikes rather than sustained anomalies. In contrast, MoMask entries 
with max𝑡 𝑠𝑡 ≈ 0.72, 0.75 show significant 𝑆frac ∈ [33%, 100%], indicating 
temporally persistent variances.

BAMM clips also show large maxima (max𝑡 𝑠𝑡 ≈ 1.074, 1.034) and, 
in many cases, with 𝑆frac up to 100%. This pattern signals anomalies 
that are broadly spread across the sequence rather than confined to a 
handful of frames. This is in line with the expectations, as the anima-
tions from BAMM have been curated to explicitly represent abnormal 
motions.
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Fig. 5. ROC and Precision-Recall curves were constructed with the frame-level score max𝑡 𝑠𝑡 as the anomaly indicator. The plots depict the trade-off between true 
positive and false positive rates at different thresholds (ROC), as well as the balance of precision and recall (PR). These curves supplement the basic quantitative 
metrics by showing how the detector performs at different decision thresholds, resolving class imbalance and providing a more comprehensive evaluation of 
anomaly detection ability.
Table 2
Global Top hardest clips across all datasets (sorted by max𝑡 𝑠𝑡). Anomaly 
detection results using the fixed frame threshold 𝜏frame = 0.386 at 97th 
percentile and clip rule 𝟏{max𝑡 𝑠𝑡 > 𝜏frame ∨ mean𝑡𝑠𝑡 > 𝜏seq ∨ 𝑆frac ≥ 10%}. We 
consider a clip challenging if {max𝑡 𝑠𝑡 > 𝜏frame ∨ 𝑆frac ≥ 10%}. 
 Dataset Clip max𝑡 𝑠𝑡 𝑆frac% Detected 
 MoMask Box Turn with anomaly 1.388 0.0% N  
 MoMask Freehang Drop 1.236 0.0% N  
 BAMM Cross Jumps Rotation 1.074 100.0% Y  
 MoMask Body Jab Cross 1.066 25.0% Y  
 BAMM Drunk Idle 1.034 100.0% Y  
 MoMask Dancing Running 0.749 33.0% Y  
 MoMask Climbing Up Wall 0.721 100.0% Y  
 MoMask Drunk Run Forward 0.642 4.0% Y  
 BAMM Falling Loop 0.605 32.0% Y  
 BAMM End Plank 0.604 41.0% Y  
 Meshcapade Falling Loop 0.291 0.0% N  

Table 3
BAMM (normalized): Anomalous frames and top joint contributors for braced 
hang hop up. All values normalized to [0, 1] using the same range as the 
temporal heatmap (LeftUpLeg=LUL, LeftHand=LH, RightUpLeg=RUL, Right-
Hand=RH, Spine1=S1, RightFoot=RF, RightShoulder=RS, Hips=H).
Frame 𝑠𝑡 (norm) Top-1 Top-2 Top-3  

90 0.207 LUL: 0.071 LH: 0.019 S1: 0.000  
91 0.759 LUL: 0.273 S1: 0.214 LH: 0.144  
92 1.000 LUL: 0.286 S1: 0.252 H: 0.207  
93 0.919 LH: 0.158 H: 0.155 LUL: 0.140 
94 0.676 RUL: 0.222 RH: 0.191 LH: 0.105  
95 0.523 RH: 0.463 RUL: 0.365 RF: 0.358  
96 0.402 RH: 0.712 RF: 0.617 RUL: 0.474 
97 0.269 RH: 0.882 RF: 0.787 RS: 0.570  
98 0.139 RH: 0.972 RF: 0.865 RS: 0.652  
99 0.000 RH: 0.974 RF: 0.855 RS: 0.661  

5.3. Qualitative results

To complement the obtained quantitative metrics, we also provide 
some visualizations, which could be more intuitive for the reader, in 
Fig.  6.

The reported diagrams show the evolution of the joint’s behav-
ior over time. The joints exhibiting anomalies are highlighted, with 
severity proportional to the anomaly score. This is further explained 
in Table  3, and Table  4 as in subfigures (a) and (b) for illustrated in 
the temporal-heatmap. These aforementioned provide top-k joints that 
present high likelihood anomalies contributing to the abnormal video 
sequence at clip level.

Further, in Fig.  6 Frame-level anomaly bars and overlays present 
temporal dynamics of anomalies, enabling intuitive interpretation of 
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Table 4
MoMask (normalized): Anomalous frames and top joint contributors for braced 
hang hop up. All values normalized to [0, 1] using the same min/max as the 
temporal heatmap (Hips=H, LeftUpLeg=LUL, Spine=S).
Frame 𝑠𝑡 (norm) Top-1 Top-2 Top-3  

90 0.000 H: 0.648 S: 0.644 LUL: 0.627 
91 0.099 H: 0.651 S: 0.646 LUL: 0.632 
92 0.195 H: 0.658 S: 0.651 LUL: 0.640 
93 0.289 H: 0.667 S: 0.661 LUL: 0.649 
94 0.392 H: 0.676 S: 0.673 LUL: 0.660 
95 0.506 H: 0.684 S: 0.684 LUL: 0.671 
96 0.610 H: 0.693 S: 0.695 LUL: 0.681 
97 0.699 H: 0.699 S: 0.703 LUL: 0.688 
98 0.866 H: 0.708 S: 0.712 LUL: 0.698 
99 1.000 H: 0.720 S: 0.722 LUL: 0.709 

abnormal sequences. For instance, in corrupted motion sequences, the 
joints are most likely to produce distorted movements, which are 
identified as anomalies, indicating implausible or unnatural poses. In 
each sub-figure, the top part shows the frame-level anomaly score 
over time, with the red dashed line indicating the threshold estimated 
globally for each sequence. The cross point of the curve beyond the 
threshold highlights an anomalous frame. In the bottom part, the 
temporal heatmap emphasizes the joint scores per frame. We have on 
the x-axis the number of frames and the corresponding index of the 
baseline method. A color map is provided to indicate the intensity of 
the anomaly for these joints. A high intensity comparable to 1 is likely 
anomalous, and a low intensity depicted with dark color is normal. An 
anomalous frame in this sequence is flagged on this temporal heatmap 
following the axis.

6. Discussion

The findings in this study show that our encoder–decoder method 
offers a strong framework for motion anomaly detection in conjunc-
tion with quantile-based thresholding. The system intentionally treats 
normality with caution. Although external animated characters from 
Meshcapade were not visible during training, they consistently pro-
duced less false positives. This supports our hypothesis that learning 
a generalizable manifold of plausible human movement is actually 
possible.

The fact that false positives vary widely within the tested samples is 
not surprising, as they are diverse in terms of the number of characters 
with varied actions in the dataset, as mentioned earlier. Even though 
they are semantically valid, some high-velocity or stylistically exagger-
ated actions cause frame-level anomalies. The model may misinterpret 
valid activities at high speeds or exaggerations as abnormalities. This 
demonstrates a trade-off: when it is too sensitive, it detects expressive 
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(a) BAMM - braced hang hop up - detected - true 
positive.

  
(b) MoMask - braced hang hop up - detected - 
true positive.

 

 
(c) BAMM - Catwalk Twist R to Walk 180 - not 
detected - false negative.

  
(d) MoMask - Body Jab Cross with anomaly - not 
detected - false negative.

 

 
(e) Meshcapade - braced hang hop up (normal) 
- detected - false positive.

  
(f) Meshcapade - Body Jab Cross (normal) - not 
detected - true negative.

 

Fig. 6. Signaling of anomalies for different video sequences. Each sub-figure includes a plot showing the anomaly scores over time and a joint-level visualization 
where highlighted lines indicate anomaly intensity at the joint level. Each horizontal line refers to a tracked joint over frames.
motions; when it is too tolerant, it may miss actual anomalies. This bal-
ance could improve with more adaptive thresholding or conditioning 
based on action type.

The results for the anomalous data sources (BAMM, MoMask) con-
firm a significant separation from the learnt normal distribution. Both 
datasets contain motions that have been intentionally curated to ex-
hibit physically implausible or semantically corrupted behaviors, and 
our method identifies them with near-perfect recall at the sequence 
level. MoMask distinguishes between isolated peaks and persistent 
anomalies, with max𝑡 𝑠𝑡 values occasionally above the threshold but 
no lasting deviations. This demonstrates the effectiveness of the tem-
poral persistence rule (𝑆frac ≥ 10%), which prevents over-flagging of 
transient frame anomalies. The ability to see the joints that lead to an 
anomaly is key for interpretability, and this is further reinforced by the 
reconstruction-based visualization.

Though, there are limitations. First, the use of a global quantile 
threshold relates performance to the statistical distribution of the val-
idation set; as a result, cross-dataset deployment may benefit from 
calibration methods such as extreme value theory or Bayesian un-
certainty modeling. Second, while it may be tempting to introduce 
a taxonomy of anomaly types (e.g., biomechanical mistakes, seman-
tic inconsistencies, or temporal jitter), we understand that doing so 
could turn the problem into a classification task. Our current binary 
approach remains appropriate since anomaly identification is basically 
about spotting anomalies from predicted behaviors, even without la-
bels. What is important is robustly detecting deviations; fine-grained 
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categorization would require additional supervision and may dilute the 
generalization benefits of an unsupervised anomaly detector.

7. Conclusion

This research proposed a reconstruction-driven anomaly detection 
framework for human motion sequences that captures both temporal 
dynamics and spatial structure by combining a masked autoencoder 
and a flow-based decoder. After being trained only on normal Mix-
amo motions, the system achieves high recall on curated anomalous 
samples (BAMM, MoMask) and generalizes well to unseen normal data 
as in Meshcapade. When combined with temporal persistence rules, 
frame-level scores provide accurate clip-level anomaly determinations. 
Crucially, the ability to visualize per-joint reconstruction errors im-
proves interpretability, enabling practitioners to identify the structural 
causes of abnormality.

Three main conclusions are supported by the empirical evaluation: 
(i) the model learns a reasonable variety of plausible human motions, 
which leads to a low false-positive rate on external normal data; (ii) 
abnormal datasets are successfully separated, with anomaly scores sig-
nificantly above threshold levels; and (iii) reconstruction-based visual-
ization offers an interpretable connection between numerical anomaly 
scores and their kinematic appearances.

In future work, we aim to extend the framework in different di-
rections. First, adaptive thresholding strategies conditioned on motion 
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type or velocity could reduce false positives on stylistically extreme but 
valid motions. Second, integrating semantic priors (e.g., action labels 
or biomechanical constraints) could enhance anomaly categorization 
beyond binary classification.
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