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Abstract— With a growing number of robots being deployed
across diverse applications, robust multimodal anomaly de-
tection becomes increasingly important. In robotic manipula-
tion, failures typically arise from (1) robot-driven anomalies
due to an insufficient task model or hardware limitations,
and (2) environment-driven anomalies caused by dynamic
environmental changes or external interferences. Conventional
anomaly detection methods focus either on the first by low-
level statistical modeling of proprioceptive signals or the second
by deep learning-based visual environment observation, each
with different computational and training data requirements.
To effectively capture anomalies from both sources, we propose
a mixture-of-experts framework that integrates the complemen-
tary detection mechanisms with a visual-language model for
environment monitoring and a Gaussian-mixture regression-
based detector for tracking deviations in interaction forces
and robot motions. We introduce a confidence-based fusion
mechanism that dynamically selects the most reliable detector
for each situation. We evaluate our approach on both household
and industrial tasks using two robotic systems, demonstrating
a 60% reduction in detection delay while improving frame-
wise anomaly detection performance compared to individual
detectors.

I. INTRODUCTION

As collaborative robots act increasingly autonomously
across various applications, accurately monitoring task
progress and success becomes crucial. In both household
and industrial settings, like the ones depicted in Fig. 1,
autonomous robots are confronted with a range of unknown
situations, leading to diverse sources of task failure. Common
anomalies arise from hardware defects, human interference,
or inaccuracies in the task model. To account for those
diverse failure cases, an anomaly detection mechanism must
integrate multimodal sensor data to decide whether the
current situation constitutes an anomaly.

Conventional anomaly detectors in robotics, whether on-
line or offline, typically follow two approaches: modeling
the statistical distribution of low-dimensional data to iden-
tify outliers or leveraging deep neural networks to detect
anomalies from high-dimensional inputs like video [1]. Ap-
proaches of the former category [2]–[7] perform well in
unsupervised detection of deviations from proprioceptive
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Fig. 1: Our Mixture of Experts (MoE) framework that combines
GMR-based outlier detection with VLM-based scene monitoring to
identify anomalies in both household and industrial settings. The
framework dynamically selects the most reliable detector for each
situation based on a prediction confidence score.

measurements with sparse training data. For that, probabilis-
tic distributions of expected measurements are learned from
successful executions to detect deviations such as anomalous
process forces with different thresholding methods. Deep
learning-based detectors [8]–[17] utilize a supervised of self-
supervised setting, typically requiring large training datasets
of both positive and negative task examples, which makes
them more effective at recognizing failures in environmental
interactions, such as spilling liquid during pouring. Since
the different detection methods vary in their training data
requirements and computational complexity, it is beneficial to
train individual detectors on distinct data subsets. However,
to robustly detect anomalies in robotic manipulation tasks, a
combined identification of deviations in motion, force, and
interaction dynamics between the robot and its environment
is required. Therefore, a comprehensive anomaly detection
system must integrate multiple specialized subdetectors into
a unified framework.

We propose a novel multimodal anomaly detection strat-
egy for robust task monitoring, integrating multiple detec-
tion approaches within a mixture-of-experts framework. Our
method combines two complementary detectors: one analyz-
ing the robot’s low-level dynamics and the other visually
monitoring the scene to detect deviations from the expected
task execution. A visual-language model (VLM) [8] detects
violations of action preconditions and effects resulting from
interaction with the environment, while a Gaussian-mixture
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regression (GMR)-based detector [2] continuously tracks
deviations in interaction forces and robot poses. Considering
the prediction confidence of each approach, their outputs are
fused to produce a joint result. This late fusion approach
allows the framework to dynamically select the most suitable
detector in a given situation. Figure 1 highlights scenarios
where either VLM-based or GMR-based anomaly detection
is most effective, emphasizing the versatility and advantages
of a fused approach.

The contributions of our work are as follows:
1) a visual-language anomaly detection approach based

on [8] which uses task progress to ground the expected
action state and obtain a prediction confidence score;

2) a probabilistic anomaly detection method based on [2]
using local modality-specific anomaly thresholds and
quantification of prediction confidence;

3) a mixture-of-experts fusion strategy for merging prob-
abilistic and deep-learning-based anomaly detection
approaches.

II. RELATED WORKS

Previous works in robotics attempt to solve the anomaly
detection problem by using either probabilistic modeling or
deep learning.

A. Probabilistic anomaly detection

Probabilistic approaches in [2]–[4] model successful task
executions with Gaussian Mixture Models (GMM). By re-
gressing the model on time, these methods compute expected
sensor measurements and dynamically adjust anomaly de-
tection sensitivity through probabilistic modeling. Chernova
et al. [18] employ a GMM to encode a simple policy
using basic symbolic actions and utilize the observation
likelihood of unseen states for outlier detection. An offline
anomaly detection method is presented in [5], where Gaus-
sian Processes Regression is used to predict force profiles
and epistemic uncertainty during insertion tasks to compute
an anomaly score at every time step. A run is unsuccessful
if the average anomaly score over all time steps exceeds
a predefined threshold. Probabilistic detection of anomalies
can also be achieved with a Hidden Markov Model, either
through predefined anomaly thresholds combined with a slid-
ing time window approach [7], or by estimating probabilistic
thresholds based on execution progress [6]. These methods
treat anomaly detection as statistical outlier detection of
low-dimensional features derived from multimodal sensor
data. However, unlike our VLM-based detector, they do
not incorporate visual observations of the scene to identify
anomalous effects of the robot’s actions on the environment.

In [19], the action consistency of a diffusion policy is eval-
uated across consecutive timesteps using a statistical distance
function. An anomaly is detected when the cumulative sum
of these distances exceeds a threshold learned from success-
ful executions. This detector is combined with an LVLM to
assess task progress through chain-of-thought reasoning and
video question-answering, determining whether the robot is
still progressing toward the task goal. However, unlike our

approach, this method cannot detect deviations in contact
force and exhibits significantly longer response times for the
LVLM-based detector.

B. Deep-Learning anomaly detection

Probabilistic approaches perform well with low-
dimensional data, such as end-effector poses or force-
torque measurements, but struggle with high-dimensional
data like images or audio [1]. Deep-learning methods
address this by learning feature representations while
detecting anomalies [9]–[12]. Broadly, deep-learning
anomaly detection techniques fall into four categories:
reconstruction-based approaches, one-class neural networks,
success detectors, and variants of visual- and large language
models.

Reconstruction-based methods treat anomaly detection as
a self-supervised task, training generative models such as
autoencoders [20], variational autoencoders [9], or generative
adversarial networks [21] to encode and decode observa-
tions. Since they are trained only on “normal” data, they
struggle to reconstruct anomalies, which results in a higher
reconstruction loss. Anomalies are detected by thresholding
this loss. These methods have been successfully applied in
robotics tasks, such as autonomous feeding [9]. One-class
neural networks extend the one-class support vector machine
to deep architectures [13]. They introduce loss functions that
separate normal data representations using a hyperplane or
hypersphere in latent space. Instead of reconstruction loss,
they produce an “outlier score” that is thresholded to detect
anomalies.

Success detection approaches are specific to robotic task
execution anomaly detection, framing anomaly detection as a
supervised classification problem. A neural network classifies
executions as successful or unsuccessful based on single
or sequential observations from the execution. These meth-
ods require both positive and negative task demonstrations.
Vision-language models like SuccessVQA [14] apply this
concept, while FinoNET [15] integrates video and audio data
to make the predictions.

Lastly, a range of deep learning approaches combine
vision and language to enable reasoning-based anomaly
detection. Many of these methods leverage large language
models (LLMs) or large vision-language models (LVLMs)
to assess task progress and identify unexpected behavior. For
example, TP-VQA [16] queries an LVLM using predicates
from a task’s PDDL [22] description to check whether the
expected conditions hold. Similarly, AESOP [17] compares
text embeddings of the current and reference scene descrip-
tions, using an LLM to determine whether the difference is
significant. AHA-VLM [23] extends this idea by fine-tuning
an LVLM to both detect anomalies and reason about their
causes.

In contrast to these LLM-based methods, ConditionNet [8]
learns action preconditions and effects directly from data,
identifying anomalies by comparing predicted and expected
action states. Another approach, proposed by Xu et al. [24],
avoids the need for anomaly examples entirely. Their method



trains only on successful executions by transforming visual
and proprioceptive inputs into a latent noise space using
normalizing flows, and detects anomalies based on the mag-
nitude of the resulting noise vectors.

Deep-learning approaches also allow leveraging of mul-
timodal information, by appropriately designing the net-
work architecture. Works like [10]–[12] adopt a late fusion
strategy, where features from each modality are extracted
separately and then concatenated and classified with a Multi-
Layer perception. Alternatively, works like [9] adopt an early
fusion strategy, where raw sensory readings are concatenated,
and the model learns to reconstruct the data for successful
executions.

In this work, we propose a mixture of experts that uses
a late fusion strategy to merge the predictions from a
probabilistic model (GMM) and a visual-language anomaly
detector (VLM) [8]. The VLM detects anomalies on a
semantic level, e.g. a spill is when liquid is outside of the cup,
while the GMM encodes the expected low-level dynamics
of the task including process forces, and detects deviations
from it. As a result, the individual detectors of our method
are trained on different training data, which improves the
performance of each detector.

III. METHODOLOGY

A. Problem Formulation
To avoid and react to errors during autonomous task

execution, a robot must be able to identify unintended or
faulty situations. Our proposed multimodal approach lever-
ages proprioceptive and exteroceptive sensor measurements
to achieve robust anomaly detection performance. Proprio-
ception refers to contact force and end-effector pose collected
with the robot, whereas exteroception includes visual features
and object poses in the environment. Our proposed anomaly
detection approach combines a probabilistic GMR-based de-
tector GMRθ (ξξξ t) with a visual-language classification-based
action monitoring approach V LMψ(Ft ,at

nl). An overview of
the mixture-of-experts anomaly detection pipeline can be
seen in Figure 2.

Given a dataset D = {dddi}Ntotal
i=1 of Ntotal demonstra-

tions, where each demonstration dddi consists of proprio-
ceptive and exteroceptive sensory readings pppi = {pppn

i }
Ni
n=1

and eeei = {eeen
i }

Ni
n=1 of length Ni, a natural language task

description ai
nl , and the success status successi, i.e., dddi =

(pppi,eeei,ai
nl ,successi), the goal is to learn two anomaly detec-

tion models, GMRθ (ξξξ t) and V LMψ(Ft ,at
nl), which are fused

into a mixture-of-experts model MOEθ ,ψ(ooot), where ooot =
(ξξξ t ,Ft ,at

nl) is the current observation during the execution,
containing low-level features ξξξ t , the current video frame Ft ,
and the natural language task description. The parameter set
θ includes the GMM’s means µµµk, covariances ΣΣΣk, mixing
coefficients πk, and anomaly thresholds DDDk

M,max for each of
the K components: θ = {µµµk,ΣΣΣk,πk,DDDk

M,max}K
k=1. The set ψ

contains the weights and biases of the transformer-based
vision-language anomaly detection model [8]. To fuse the
results from the GMR-based expert and the VLM-based ex-
pert, given ooot , the mixture of experts compares the confidence

score C and anomaly prediction P of both models, denoted
with subscripts GMR and VLM.

To obtain the dataset D , various demonstration techniques
such as kinesthetic teaching [25], haptic teleoperation [26],
and VR teleoperation [8] can be used. Different experts in
the mixture-of-experts model focus on different aspects of
the data. For instance, since the GMM anomaly detection
model relies on force and torque information, it is crucial that
demonstrations capture accurate force and torque profiles.
Thus, kinesthetic teaching is the most suitable technique.
Conversely, the VLM anomaly detection model leverages
only visual data, making it essential that the dataset ac-
curately represents scene states during action execution. If
the autonomous execution mode rarely includes a visible
human, kinesthetic teaching becomes unsuitable, as it would
always include the demonstrator. In such cases, VR or
haptic teleoperation is preferable. Moreover, different experts
may require varying amounts of data to model anomalies
effectively. To ensure optimal training, we divide the dataset
into two subsets: D =Dtele ∪Dkin, where Dtele = {di}Ntele

i=0 is
collected via teleoperation and Dkin = {di}Nkin

i=0 via kinesthetic
teaching.

B. Probabilistic anomaly detection

For each skill, a probabilistic model of expected feature
values is learned from kinesthetic user demonstrations. The
feature values ξξξ , including contact forces, relative distances,
and orientations between the end-effector and objects during
manipulation, and are computed from the proprioceptive
and exteroceptive sensor readings collected during Nkin task
demonstrations of length Hn. The obtained training set con-
taining the L relevant features for a skill

{{ξξξ h,n}
Hn
h=1}

Nkin
n=1,ξξξ h,n ∈ RL (1)

is encoded as a Gaussian Mixture Model (GMM), estimating
the joint probability distribution of the training data set as a
weighted sum of K independent Gaussian components

ξξξ ∼
K

∑
k=1

πkN (µµµk,ΣΣΣk), (2)

where πk,µµµk,ΣΣΣk are the mixing coefficient, feature mean, and
covariance matrix of the kth Gaussian component. Similar to
our previous work [2], [3], we can decompose the features
into an input and output set ξξξ = [ξξξ

I
,ξξξ

O
]T. The choice of

features, as well as their division into input and output
components, depends on the specific characteristics of the
task at hand. A commonly used configuration considers
the end-effector pose relative to the manipulated object as
the input, and the contact forces as the output. We use
Gaussian Mixture Regression (GMR) at every time step
t during the task execution to infer the expected output
feature vector E(ξξξ O

t |ξξξ
I
t,M) = µ̂µµ

O
t along with the covari-

ance matrix Σ̂ΣΣ
O
t given the measured input feature vector

ξξξ
I
t,M by computing the conditional probability distribution

P(ξξξ O
t |ξξξ

I
t,M) = N (ξξξ

O
t |µ̂µµ

O
t , Σ̂ΣΣ

O
t ). Using the measured output

feature vector ξξξ
O
t,M at time t, we compute the Mahalanobis



Fig. 2: System Architecture. After training the VLM and GMR experts, we developed a mixture-of-experts anomaly detection pipeline that
combines their strengths. For the GMR expert, we use measured input features to regress the predicted feature value µ̂O

t and covariance
Σ̂O

t . We compute the maximum Mahalanobis distance for the mixture component associated with the observed input features and the
Mahalanobis distance between observed and predicted output features. These values are combined to compute the anomaly prediction and
confidence score, where σ(x) is the sigmoid function and α controls the confidence magnitude. For the VLM, we leverage knowledge of
the current action and camera observations. The VLM regresses the current motion state, which we compare to the expected state. Unlike
prior work [8], we express the expected state as a function of action progress, enabling continuous motion policies instead of segmented
primitives. Finally, we implement a late fusion strategy, weighted by prediction confidence, to merge both experts’ outputs.

distance to quantify the deviation from the expected output
feature vector with

DM,t =

√
(ξξξ

O
t,M − µ̂µµ

O
t )

T(Σ̂ΣΣ
O
t )

−1(ξξξ
O
t,M − µ̂µµ

O
t ). (3)

Finally, to determine the anomaly prediction label PGMR, we
compute

εt =
DM,t

Dk
M,max

by dividing the Mahalanobis distance of the observed feature
vector DM,t by the highest observed Mahalanobis distance
Dk

M,max for the training data assigned to mixture component k
of the skill. We select k as the mixture component maximiz-
ing argmaxk P(K = k|ξξξ I

t,M) for the measured input feature
vector. We set

Pεt
GMR =

{
anomaly, if εt > 1

no anomaly, if εt ≤ 1 (4)

with prediction confidence

Cεt
GMR =

{
σ(−α(εt −1)), if εt > 1

σ(α(εt −1)) if εt ≤ 1 , (5)

where σ(x) is the sigmoid function 1
1+ex . Hyperparameter

α ∈ R≥0 can be chosen to scale the magnitude of the
confidence score based on the number of observed demon-
strations. We compute εt for all output sensor modalities and
return PGMR = anomaly if an anomaly is detected for at least

one sensor modality. CGMR is set to the maximum confidence
score across all anomaly predictions or the maximum con-
fidence score if all predictions returned no anomaly for all
sensor modalities.

C. Vision-Language anomaly detection

Similarly, for each skill, we learn action preconditions and
effects from the teleoperated dataset Dtele, following [8]. The
visual-language model takes as input the current frame Ft
from an external camera and the natural language description
of the skill, at

nl . Given (Ft ,at
nl), it outputs a probability

distribution O(X = x | Ft ,at
nl) over three classes: {pre, effect,

unsatisfied}. However, these predictions alone don’t indicate
anomalies—for example, predicting pre at the start of a
motion is expected, while the same prediction at the end may
signal an anomaly. In [8], this is addressed by segmenting
each skill into primitive motions and assigning expected
stages to each. But for complex or highly dynamic skills,
such segmentation is difficult. Instead, we define the expected
stage as a function of the motion phase.

The phase of a motion can be represented in various ways
depending on the skill representation. For example, [27]
uses path length. We use Dynamical Movement Primitives
(DMPs) [28] to model motion policies, making the DMP
phase variable s a natural choice.

DMPs describe each skill as a second-order mass-spring-
damper system, modulated by a learned nonlinear forcing



function f (s):

τ ż = αz(βz(g− y)− z)+ f (s), (6)

τ ẏ = z, (7)

τ ṡ = αss, (8)

where y is the trajectory, z is an auxiliary variable, and s
is the phase. The decay of s is controlled by αs. We define
the expected motion stage as a function of the DMP phase
variable at time t, denoted st , i.e., g(st), where g : st 7→
{pre,effect,unsatisfied}. This mapping is manually specified
per skill (e.g., if 0.8 < st < 1, then g(st) = pre).

To determine whether an anomaly has occurred, we
compare the current phase prediction, pi = argmaxx O(X =
x|Ft ,at

nl), with the expected phase given by g(st). If pt
belongs to the expected set, i.e., pt ∈ g(st), no anomaly is
detected (PV LM = no anomaly), and the anomaly prediction
confidence is computed as

CV LM =
1

|g(st)|
max

x
O(X = x|Ft ,at

nl), (9)

where 1
|g(st )| serves to scale the confidence score. During

experiments, we observed frequent fluctuations in model
predictions during motion transition phases, such as when
pouring liquid into a cup. By introducing 1

|g(st )| , we can fur-
ther reduce confidence in these periods, making the system
rely more on other experts. If the current model prediction
does not match the expected set, i.e., pt /∈ g(st), an anomaly
is detected (PV LM = anomaly), and the anomaly confidence
is computed as the sum of the probabilities assigned to the
anomalous classes:

CV LM = ∑
x/∈g(st )

O(X = x|Ft ,at
nl). (10)

D. Mixture-of-Experts

Finally, we use a late fusion strategy to combine the
predictions of both models. Since our mixture-of-experts
(MoE) model consists of only two experts, we adopt a simple
winner-takes-all approach, where the expert with the higher
confidence determines the final prediction. Specifically, if the
GMM anomaly prediction confidence is higher than that of
the VLM, we take the GMM prediction as the final decision.
Conversely, if the VLM confidence is higher or equal to that
of the GMM, we use the VLM prediction:

P =

{
PGMM if CGMM >CV LM,
PV LM if CV LM ≥CGMM.

(11)

IV. EXPERIMENTS

A. Experimental setup

We develop two distinct experimental scenarios to evaluate
the performance of the proposed mixture-of-experts anomaly
detection framework across vastly different tasks. Specifi-
cally, we consider an industrial and a household scenario.

Our industrial scenario (Fig. 3) focuses on contact-rich
manipulation, where the robot uses a specialized gripper to
pick up a box. The task consists of four sequential skills:

Fig. 3: The different phases and challenges of the box grasping
and locking task. As shown in the left column, the robot must
apply force via the front part of the slides to move them upward.
It must maintain contact with the box’s side wall until the middle
configuration is reached, without getting too close, as this can block
the sliding mechanism. Then, the locking pin must be pushed to
compress the slide springs while rotating the gripper to a vertical
position. Due to tight clearance between the box and the lower
locks on the gripper, rotating too early can cause a collision.

(1) approaching the box, (2) pushing down along its side
to tension the gripper’s internal springs (left two columns
in Fig. 3), (3) moving closer to lock onto the box, and (4)
rotating into a vertical configuration to complete the grasp.
The figure also outlines relevant details of each step. We
define four anomaly types: (1) the gripper misses the box
during approach, (2) the linear slides lock prematurely due
to hardware failure, (3) a user pushes the gripper during
free-space motion, and (4) a user pulls it during spring
tensioning. ConditionNet is trained on 107 successful and
71 unsuccessful skill executions. The GMM-based method
is trained on 3 kinesthetic and 3 autonomous executions (4
skills each), totaling 24 successful skill examples. For each
skill, we encode the 6D end-effector pose and 3D contact
force as a GMM with 2 components. During execution,
the GMM is conditioned on the current pose to predict
expected forces, which are compared to measured forces
to detect anomalies. To evaluate detection performance, we
collected an additional 47 successful and 35 unsuccessful
skill executions across the defined anomaly types.

Our second scenario involves a juice-pouring task, where
the robot’s goal is to pour orange juice from a bottle into a
glass. We consider two types of anomalies: (1) a spill occurs,
and (2) the bottle is empty. Spills can result from various fac-
tors, such as the robot overshooting the cup, liquid dripping
along the bottle’s edge during the final phase of pouring, or
external disturbances caused by a human. In this scenario,
we train the ConditionNET model on the (Im)PerfectPour
dataset [8], which contains 406 successful and 138 un-
successful task demonstrations. Additionally, we collect 4
successful task executions using kinesthetic teaching to train
the GMM-based anomaly detection model on the recorded
end-effector pose relative to the pouring target and the force
on the end-effector using 10 mixture components. Finally,



(a) Overshoot (b) Drippring (c) External perturbation (d) Empty bottle

(e) Snapshots from the executions.

Fig. 4: Anomaly prediction results for different scenarios in the pouring task. The first two rows display the Mahalanobis distance (blue)
and the threshold values for the distance and force domains. An anomaly is triggered by the GMR-based detector when the threshold
is exceeded. The next three rows show the prediction confidence (magenta) and anomaly detections from GMR, ConditionNet, and our
MoE method (green). Ground truth anomalies are marked by a red line, where 0 indicates normal and 1 indicates an anomaly. Snapshots
in Fig. 4e show the moments when GMR and VLM experts detect anomalies, with corresponding time steps marked by red vertical lines
in the plots.

TABLE I: Evaluation of the frame-wise detection performance of
our mixture-of-experts anomaly detection approach (MoE) against
the baselines GMR-based [29], and ConditionNET [8] for the box-
grasping and the pouring task.

Box-grasping
Method Acc Pre Rec F1 F1@50 Del

MoE (our) 88.1 96.6 82.6 88.3 86.4 0.47
GMR 88.8 100 81.7 87.4 78.9 1.20
CondNET 79.8 95.9 73.2 81.6 75.0 1.23

Pouring
Method Acc Pre Rec F1 F1@50 Del

MoE (our) 88.7 88.7 88.1 87.2 84.7 -0.3
GMR 84.5 86.9 81.0 83.3 76.7 -0.4
CondNET 75.8 88.0 67.2 70.2 69.3 0.4

we collect 27 failed autonomous executions to evaluate the
performance of the anomaly detection models.

B. Quantitative Results

We evaluate the frame-wise anomaly detection perfor-
mance of our proposed MoE detector against the individual

anomaly detection approaches integrated within the frame-
work. To assess the performance, we report frame-wise accu-
racy, precision, recall, F1 score, F1 at 50% overlap threshold,
and detection delay in seconds averaged across all anomaly
cases of a task. Detection delay is defined as the time interval
between the first occurrence of an anomaly in the ground
truth and the first time step at which the respective method
triggers an anomaly. The F1 at 50 % overlap threshold
considers an anomaly detected if the frame-wise intersection
over union (IoU) of anomaly ground truth and detection is
larger than 50%. To ensure confident anomaly classifications,
we filter raw predictions of each method by taking the
majority of predictions over a sliding time window of eight
time steps.

Table I presents the quantitative evaluation results across
various anomaly cases caused by diverse sources for the box-
grasping and pouring task. In the box-grasping experiment,
the MoE approach achieves frame-wise detection perfor-
mance comparable to the GMR-based method while reducing
detection delay by more than 60% compared to both indi-
vidual detectors. MoE also outperforms the other approaches



in the F1@50% score, indicating a more precise anomaly
detection result. Notably, in the missed-box anomaly case,
vision-based detection enables earlier anomaly identification
compared to using only low-level features, whereas those are
better suited to promptly detect force based anomalies (see
Fig. 5).

For the pouring task, MoE outperforms both other ap-
proaches for all frame-wise detection scores while maintain-
ing a detection delay similar to GMR. Both MoE and GMR
report a negative detection delay, which highlights the early
detection capabilities of these methods, warning the system
before the effect of an anomaly becomes visually apparent.
In this scenario, these approaches can detect an imminent
liquid spill if the bottle in the gripper is tilted outside the
expected pouring region of the cup, allowing the system to
intervene proactively.

C. Qualitative Results

The early detection of a spill by our MoE detector can be
observed in Fig. 4a, where the spill caused by overshooting
the cup occurs at time step 150. However, since the robot
leaves the expected pour region for the cup, while the bottle
is already tilted (depicted in Fig. 4e-1)), the GMR-based
detector in the upper row of Fig. 4a, monitoring the relative
end-effector position, triggers an anomaly shortly after time
step 100. The higher prediction confidence score of the
GMR-based detector outweighs the ConditionNET result,
leading to anomaly detection within the MoE framework.
Conversely, in the first half of the task, ConditionNET has a
higher confidence score, outvoting a false positive prediction
of the GMR-based detector. The dripping liquid failure case
in Fig. 4b occurs in the final pouring phase, as shown in
Fig. 4e-3), when the bottle is nearly empty and the liquid
sticks to the opening, flows along the bottleneck to then
drip outside the cup. Since low-level sensor readings remain
within the expected ranges, this anomaly is only visually
detectable by ConditionNET, resulting in a true positive
anomaly detection within the MoE framework. Around time
step 150 during this task, a false positive anomaly detection
is triggered, caused because both confidence scores of the
experts are low and the measured distance at the beginning
of the pouring crosses the boundary of the expected region.
Fig. 4c and Fig. 4e-4) depict a scenario, where the robot
is pushed away from the cup in two different phases of
the task, which is reliably detected by the GMR’s force-
based monitoring approach shown in the second row. After
the second perturbation, when the robot continues with the
normal task execution, GMR classifies the situation as nor-
mal. However, since a spill has already occurred during the
second push, ConditionNET correctly identifies the anomaly
in Fig. 4e-5), leading to an overall correct classification by
the MoE framework. The final anomaly case for the pouring
task is shown in Fig. 4d, where the robot picks up an empty
bottle. Since the expected force is not met during the first
three quarters of the task, GMR continuously detects this
deviation. Even though pouring with an empty bottle has
not been present in the training data, ConditionNET detects

(a) Slides locked (b) Box missed

(c) Snapshots from executions.

Fig. 5: Anomaly prediction results for different scenarios in the
industrial box grasping task are shown. The top row displays
the computed Mahalanobis distance (blue) and the maximum
Mahalanobis distance in the force domain. When the distance
exceeds a threshold, the GMR-based detector flags an anomaly.
The next three rows show the prediction confidence (magenta) and
the anomaly detection results from GMR, ConditionNet, and our
proposed Mixture of Experts (MoE) method (green). Ground truth
anomalies are marked by a red line, where 0 indicates no anomaly
and 1 indicates an anomaly. Additionally, Fig. 5c presents execution
snapshots at the moments when GMR and VLM experts detect
anomalies. These time steps are also marked with red vertical lines
in the plots.

that the effect of the task is not met when no liquid is poured
an triggers an anomaly in the final phase of the task, leading
to an overall improved result with the MoE.

Two representative anomaly cases for the box grasping
task are shown in Fig. 5. In Fig. 5a, a hardware defect
prevents the gripper’s slides from moving, resulting in an un-
expected force signal that is correctly detected by the GMR-
based method. Later, ConditionNet identifies the anomaly
when the push-down skill fails to reach its effect phase in the
final execution quarter (see Fig. 5c-1). The combined MoE
approach significantly reduces detection delay compared to
using ConditionNet alone. In the missed box case (Fig. 5b),
ConditionNet detects the anomaly early, at the time step
shown in Fig. 5c-2, when the gripper should have contacted
the side wall. In contrast, the GMR-based method detects it
later, only after the force signal confirms the missed contact
(Fig. 5c-3). Again, the MoE approach shortens the detection



delay compared to GMR alone.

V. CONCLUSION

We demonstrated the need for an approach that fuses
anomaly predictions from two experts with different de-
tection mechanisms on both an industrial and a household
task. The GMR-based approach reliably identified anomalies
by analyzing deviating contact forces, whereas the VLM-
based detector registered even subtle visual deviations in the
scene. In the experiments, we showed that the GMR- and
VLM-based detectors complement each other in different
scenarios, leading with our proposed MoE to a reduction
of the detection delay of up to 60% and an overall improved
frame-wise detection performance. Future work could focus
on integrating more modalities such as audio and depth
perception, and combining further expert detectors with a
modified voting system.
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