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Figure 1: Detecting failures through object-centric relational dynamics. Robot-WATCHDOG
represents manipulation scenes as spatio-temporal graphs enabling robust detection of relational
and temporal errors beyond raw visual or trajectory-based methods.
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Abstract:

Reliable real-time failure detection is critical for deploying learned robotic poli-
cies in real-world environments. However, explicitly enumerating failures is in-
tractable in open-world settings, making failure detection from nominal demon-
strations alone a necessary alternative. Existing approaches face key limitations:
purely visual methods are highly sensitive to benign background variations, while
kinematic monitors lack awareness of the surrounding environment. Crucially,
both often fail to capture relational errors involving object identity, spatial ar-
rangement, or task progression, such as grasping the wrong object or violating
interaction structure. In this work, we introduce Robot-WATCHDOG, a self-
supervised failure detection framework based on an object-centric representation
of dynamic scenes as spatio-temporal graphs over tracked labeled objects and their
interactions. Within this representation, the framework deploys two complemen-
tary methods to adapt across data regimes. For data-rich settings, we propose
GnnT, a predictive graph transformer that identifies failures as deviations from
learned object-centric spatio-temporal dynamics. To address data scarcity, we in-
troduce Trajectory Projection and Correlation (TPC), a non-parametric method
that detects failures through geometric consistency and changes in object-relation
dynamics in extreme few-shot scenarios. We evaluate the framework on a public
benchmark and a newly collected dataset featuring relationally challenging ma-
nipulation tasks. Results show that modeling object-centric spatial and temporal
interactions improves failure detection over existing baselines and enables reliable
detection of failure modes that are difficult to capture using visual or kinematic
monitoring alone.

Submitted to the 10th Conference on Robot Learning (CoRL 2026). Do not distribute.
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1 INTRODUCTION

Learned robotic policies provide no guarantees beyond the distribution induced by training demon-
strations [1]. Detecting deviations from expected behavior is therefore essential for accountable
deployment, and increasingly emphasized in regulation for high-risk Al systems such as the EU Al
Act [2, 3]. As imitation learning and vision-language-conditioned policies increasingly enable long-
horizon, closed-loop manipulation [4, 5, 6, 7, 8, 9], policies are executed autonomously in real time
and without step-by-step human intervention, motivating dedicated monitoring systems that operate
online, require no failure examples, and can identify anomalous behavior before errors propagate.

Explicitly enumerating all possible failures, however, is infeasible in open-world robotic settings.
The standard framing therefore casts failure detection as a one-class problem [10, 11, 12]: a
monitor trained exclusively on nominal demonstrations must identify, at runtime, deviations from
expected behavior. Existing approaches divide broadly into two families. Visual failure detec-
tors [13, 14, 15, 11] flag deviations in raw image space or learned visual representations; they are
sensitive to benign background changes, lighting shifts, and visual clutter, producing frequent false
positives that erode operational efficiency. Kinematic and action-based monitors [16, 17, 18] instead
operate on trajectory or joint-space signals; they are robust to visual noise but structurally blind to
the environment — they only verify whether the movement itself is familiar, failing to detect if the
robot is interacting with the wrong object or operating in an environment that mismatches training.

This division points to a broader limitation. A substantial class of failures in robotic manipula-
tion does not arise from abnormal motion or corrupted observations, but from incorrect interactions
between otherwise familiar objects: grasping the wrong item, violating task-order constraints, or
placing an object in an incorrect spatial relation to others [19, 20]. These failures emerge naturally
in manipulation tasks whose success depends on object identity, relative placement, and sequen-
tial consistency, yet they remain difficult to capture when monitoring is restricted to either image
appearance or motion trajectories alone.

The central idea of this work is to recast robotic failure detection as monitoring the evolution of ob-
ject interactions over time. Rather than treating visual and kinematic signals as separate modalities,
we represent the scene as a spatio-temporal graph of interacting objects, where nodes encode object
states and edges encode their pairwise spatial relationships throughout execution. This object-centric
formulation generalizes prior monitoring approaches: visual detectors can be interpreted as operat-
ing on node appearance, while kinematic monitors correspond to tracking motion along trajectories.
By jointly modeling objects, their relations, and their temporal evolution in a unified representation,
the proposed framework captures both the signals targeted by prior work and the relational structure
required to detect task-relevant interaction failures.

Failure detection then becomes a well-posed problem: deviations from learned or reference rela-
tional dynamics constitute anomalies. We instantiate this principle in Robot-WATCHDOG, a self-
supervised framework that operates in two complementary modes depending on data availability.
When sufficient demonstrations are available, GnnT — a Graph Attention Network coupled with
a Transformer encoder — learns to predict future object dynamics from a sliding observation win-
dow; failures are flagged as prediction errors exceeding a calibrated threshold. When data is scarce
(fewer than 25 episodes), TPC (Trajectory Projection and Correlation) provides a non-parametric
alternative, detecting anomalies through orthogonal projection distances to expert trajectories and
deviations in pairwise object correlation structure. Both methods are calibrated via conformal pre-
diction, which provides a mathematically guaranteed bound on the false positive rate without requir-
ing manual threshold tuning or exposure to failure data.

We evaluate Robot-WATCHDOG on the public BotFails benchmark and on a newly introduced
dataset featuring two relationally challenging manipulation tasks—structured table setting and waste
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sorting on a moving conveyor belt—designed to challenge relational failure detection. Across both
datasets and all metrics, our object-centric methods consistently outperform prior work: TPC and
GnnT achieve AUPR scores of 0.69—0.78 and MCC scores of 0.67-0.72, whereas the strongest
baseline reaches only 0.47 and 0.40. Crucially, methods that perform well on simple kinematic
deviations struggle with relational failures involving object identity and spatial arrangement—the
very settings Robot-WATCHDOG is designed to address.

Our main contributions are: (i) identifying relational anomalies as a key yet underexplored failure
mode in robotic manipulation, arising from dependencies on object identity, spatial arrangement, and
temporal consistency; (ii) introducing an object-centric spatio-temporal graph formulation for failure
detection that unifies visual and kinematic monitoring while preserving task-relevant relations; (iii)
presenting Robot-WATCHDOG, a dual-method framework combining predictive spatio-temporal
modeling and geometric reasoning; and (iv) releasing a benchmark of relationally challenging ma-
nipulation tasks with annotated relational failures.

2 RELATED WORK

2.1 Graph oriented object representation

A growing line of work in robotics and visuomotor learning has explored object-centric graph repre-
sentations, where nodes encode task-relevant entities and edges capture spatial, label-conditioned, or
action-conditioned relations [21, 22, 23]. Such representations improve invariance to irrelevant vi-
sual variations and provide a structured way to model interactions between objects. Building on this
paradigm, several approaches construct dynamic or action-conditioned scene graphs to model evolv-
ing environments, improving robustness and generalization in manipulation tasks [24, 25]. In paral-
lel, graph neural networks have been leveraged for relational policy learning, planning, and dynam-
ics prediction, demonstrating improved scalability in multi-object settings [26, 27]. More recently,
Vosylius et al. [28] show that graph-structured representations can support in-context policy adap-
tation by modeling demonstrations over relational structures. Recent progress in vision-language
models and object tracking has also made these representations increasingly practical in robotics,
enabling automatic extraction of task-relevant objects and trajectories directly from RGB observa-
tions. To our knowledge, while object-centric graph representations have shown strong promise
for policy learning and planning, they have received limited attention for online failure detection,
motivating their investigation in this work.

2.2 Failure detection in autonomous robotics

Existing real-time monitors struggle to balance environmental awareness, robustness to benign vari-
ations, and sensitivity to task-relevant object interactions. Furthermore, many traditional failure
classifiers [29, 30, 31] require collecting explicit failure data a priori, a time-consuming process that
scales poorly to open-world robotic deployment. Consequently, recent efforts focus on one-class
methods trained exclusively on nominal demonstrations. However, vision-based detectors like FI-
DeL [11] remain highly sensitive to visual clutter. Sentinel [32] attempts to bridge the modality
gap by combining STAC—a statistical measure of kinematic action consistency—with a Vision-
Language Model (VLM) for visual verification. Yet, STAC remains blind to environment-only
failures, and the VLM fallback introduces severe inference latency unsuited for reactive continu-
ous control. Similarly, FAIL-Detect [10] merges modalities through latent concatenation, while
FIPER [12] relies on brittle logical conjunctions.

Crucially, these approaches often struggle to capture failures involving object identity, spatial ar-
rangement, or task progression—such as grasping the wrong object, executing sub-actions out of
order, or misplacing items. Such errors often produce nominal kinematic profiles and only sub-
tle pixel-level changes, making them difficult to detect with action-consistency metrics or standard
visual anomaly detectors.
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Our framework, Robot-WATCHDOG, addresses these limitations through an object-centric rep-
resentation of scene dynamics. By abstracting tracked entities into a spatio-temporal graph, the
framework reduces sensitivity to irrelevant visual variation while preserving explicit environmental
context unavailable to kinematic-only monitors. Representing the scene in a relational geometric
space also enables anomaly detection based on changes in object interactions over time. Using
a predictive GNN-Transformer architecture, the proposed method jointly models object identities,
spatial configurations, and temporal dependencies. This enables real-time detection of relational
failure modes that remain challenging for existing multimodal baselines, without requiring failure
demonstrations during training.
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Figure 2: Overview of the Robot-WATCHDOG pipeline. Stage 1: object-centric graph extraction
from RGB observations and robot proprioception. Stage 2: failure detection (illustrated with GnnT),
which takes the graph as input and outputs a scalar failure score S, € R at each timestep. Stage
3: conformal prediction, where Sy, is compared to a threshold calibrated offline on demonstration
data, yielding a binary decision (failure / no failure).

As illustrated in Figure 2, we propose a self-supervised failure detection framework for multi-object
robotic manipulation. By modeling scene dynamics through spatio-temporal graphs, we formulate
failure detection as a future prediction problem. The model is trained solely on nominal demonstra-
tions and flags failures as deviations from nominal object-centric spatial and temporal interaction
patterns.

3.1 Problem Formulation and Graph Extraction

We consider robotic manipulation episodes involving C' distinct entities—task-relevant objects to-
gether with the robot end-effector—evolving in a fixed workspace. Using a vision-language initial-
ization model and a tracking pipeline [33, 34], each episode is converted from RGB observations
into a sequence of 2D trajectories over tracked labeled objects. This yields a temporal graph se-
quence {G;}Z_,. Given a sliding observation window of length m, the objective is to predict the
future L graph states; the resulting prediction error defines the real-time failure score.

At each time step ¢, the scene is abstracted as G; = (V, Ey, X;). The vertex features X; € RE*d of
vertices V encode absolute positions p; ; and instantaneous velocities: X; ¢ = [Pi.t, Pit — Pit—1]-
Edges E; encode the explicit pairwise spatial relations. For any pair (4, j), the relative displacement
vector 0;5,; = Pj+ — Pi,+ yields a Euclidean distance d;; + and an orientation 6;; ;. The edge feature
is defined as : e;;; = [05;,17 oz%{)t? diji, cos(Bij1), sin(0;;,) ] € R

This representation has three useful properties for failure detection: (i) translation invariance through
relative edge encoding, reducing sensitivity to workspace shifts; (ii) explicit modeling of pairwise
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object interactions, allowing failures involving object identity or spatial arrangement to be repre-
sented directly; and (iii) temporal consistency through velocity features and graph sequences, en-
abling detection of both instantaneous and sequential deviations.

3.2 GnnT: Predictive Spatio-Temporal Dynamics

Spatial Encoding via Dynamic Graph Attention Standard convolutional operators treat all
neighbors equally. Instead, we employ GATV2 [35] to compute dynamic attention coefficients ov;; ¢,
allowing the network to weight task-relevant interactions (e.g., an end-effector approaching a tar-
get object) more strongly than distant or weakly coupled entities. For a vertex ¢ and its neighbors
j € N, the updated spatial embedding h; ; € RP is:

hip =0 | > i Wx, (1)
JEN;

where W is a learnable weight matrix applied to the input features, and o denotes a non-linear
activation function. This operation yields a set of spatially contextualized embeddings H; =
{hi¢,...,hec}, where C is the total number of vertices in the graph.

Spatio-Temporal Transformer & Future Prediction To model action-reaction delays across
time, we process a sliding window of the past m spatial embeddings S;;, = {Ht—m+1,.-., Ht}.
We flatten S;,, into a sequence of m x C tokens. This fine-grained tokenization enables modeling
dependencies between specific objects at specific past timesteps. We inject structural awareness via
a composite positional encoding (PE) that accounts for relative time 7 within the m-window, object
ID 4, and global episode progress:

. t
2%) = 14— (m—1)4+ + PEiime(7) + PEat; (i) + PEgiopas (T) 2)
After processing through N Transformer encoder layers, the tokens corresponding to the current
step ¢ are projected via an MLP to predict the future sequence of positions over horizon L: Y, ; =

MLP(h; ;) € RExdour,

Training Objective The network is optimized solely on nominal demonstrations using a dual-loss
objective. We minimize the Mean Squared Error (MSE) of the predicted trajectories (Lp0s) and add
an edge-consistency term (L.qe) €ncouraging agreement between predicted and observed pairwise
spatial relations: £ = A\pLpos + AeLedge-

3.3 Extreme Few-Shot Fallback: Trajectory Projection and Correlation

As shown in Figure 8 of the Appendix, while GnnT excels at capturing complex predictive dynamics
given sufficient demonstration data, data-scarce scenarios (e.g., < 25 episodes) can cause predictive
models to overfit. To address this trade-off, we additionally formulate Trajectory Projection and
Correlation (TPC), a non-parametric alternative. TPC evaluates individual kinematic deviations
by computing the time-weighted orthogonal projection distance to the closest expert trajectory. To
capture deviations in object interaction structure, it incorporates a correlation penalty by measuring
the ¢, divergence between the pairwise Pearson correlation matrices of the objects in the observed
scene versus the nominal dataset. This provides a robust, purely geometric failure detector for few-
shot regimes. Details of this method can be found in the Appendix, section B.3.

3.4 Uncertainty Calibration via Conformal Prediction

A fundamental challenge in failure detection is defining the decision threshold without relying on
arbitrary, task-specific manual tuning or exposing the model to OOD failure data. We address this
using Conformal Prediction (CP) [36, 37]. Using a held-out calibration set of nominal episodes Z,
we compute the non-conformity scores (i.e., the prediction error for GnnT, or the geometric distance
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for TPC). For a user-specified tolerance level o € (0, 1), the decision threshold is strictly set as
the (1 — «)-quantile of these calibration scores. Under the assumption of data exchangeability, CP
provides a mathematically guaranteed upper bound on the False Positive Rate (FPR), ensuring it does
not exceed «. During online deployment, any observation yielding a score above this dynamically
calibrated threshold is immediately flagged as a failure, triggering a safe-stop protocol.

4 Evaluation

4.1 Dataset

We evaluate Robot-WATCHDOG on two complementary datasets: (i) a public benchmark from
prior work and (ii) a new dataset designed to stress-test relational and dynamic failure detection.

BotFails. We evaluate on BotFails [11], a recent benchmark for robotic failure detection collected
with LeRobot [38]. The full dataset spans 10 manipulation tasks across domestic and industrial
settings with diverse annotated anomaly types. To align with our object-centric formulation, we
retain 4 tasks involving rigid and distinguishable objects: Table-setting, Dish storing, Vegetable
sorting, and Groceries sorting. Tasks involving deformable or fluid interactions are excluded, as
they violate the discrete object abstraction underlying our method. Additional details are provided
in Appendix C.1.

Ours. To complement BotFails, we introduce a new dataset comprising two manipulation tasks
with increased ralational and dynamic complexity. The first task is a table-setting scenario requir-
ing structured object placement and ordering. The second is a waste-sorting task on a conveyor belt,
where objects exhibit continuous motion, leading to variability in initial states and interaction tim-
ing. This dataset serves two purposes: (i) providing a larger number of demonstrations for training
data-driven models, and (ii) evaluating robustness under increased variability and less constrained
dynamics. Further details are provided in Appendix C.1.

4.2 Baselines

We compare Robot-WATCHDOG against a diverse set of anomaly detection methods spanning three
complementary categories.

Trajectory matching. These methods detect kinematic and geometric deviations by comparing
observed trajectories to expert demonstrations. To ensure invariance to execution speed and tem-
poral misalignment, AP-RMS and AP-Fréchet rely on arc-length resampling and evaluate prefix-
based distances using Root Mean Square error and the discrete Fréchet distance [39], respectively.
Soft-DTW instead computes a global alignment cost using a differentiable soft-minimum formula-
tion [40], making it more robust to local temporal distortions.

Learned representations. We evaluate density-based and reconstruction-based approaches trained
exclusively on nominal data. Specifically, we consider Continuous Normalizing Flow models (log-
pZO, lopO) [10], which estimate the likelihood of observations either in latent space or via exact
log-likelihood computation, and an AutoEncoder (AE-Recon) [41, 42, 43], which uses reconstruc-
tion error as an anomaly score.

Visual-semantic alignment. We include FIDeL [11], a recent two-stage method that combines
patch-level feature alignment via optimal transport with a vision-language model to filter semanti-
cally irrelevant anomalies.

Ours. We compare against both variants of our framework: (i) TPC, a non-parametric method based
on trajectory projection and relational correlation, and (ii) GnnT, a predictive spatio-temporal graph
model that captures object interactions and temporal dependencies. Additional implementation de-
tails are provided in the Appendix C.2.
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Figure 3: Qualitative failure detection on the Table-setting task. (Left) Nominal execution (Ep.
1): The global score remains safely below the CP threshold. (Right) Relational failure (Ep. 18): The
cup is spatially misplaced. Due to natural spatial variability, absolute kinematics cannot detect this
relational error. However, our object-centric graph captures the relational positional inconsistency,
triggering a global score spike above the threshold that aligns with the misplaced cup’s elevated
local anomaly score (red trajectory points).
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Figure 4:  Threshold-independent discriminative performance. Average Area Under the
Precision-Recall Curve (AUPR) and maximum Matthews Correlation Coefficient (MCC) across the
Bot-Fails and Watchdog datasets. Error bars denote the standard deviation across task subsets. Best
results framed in purple with a star.

4.3 Evaluation Protocol

We evaluate Robot-WATCHDOG at the step level in two complementary settings: (i) threshold-
independent anomaly scoring and (ii) end-to-end failure detection after calibration. For threshold-
independent scoring, we report Area Under the Precision—Recall Curve (AUPR) and maximum
Matthews Correlation Coefficient (MCC). We favor AUPR due to strong class imbalance, while
MCC provides a balanced summary across all confusion matrix terms. For deployment evaluation,
anomaly scores are converted into binary decisions using Conformal Prediction (CP). We then report
calibrated MCC together with True Positive Rate (TPR) and True Negative Rate (TNR), capturing
respectively failure interception and robustness to benign variability. Formal metric definitions are
provided in Appendix C.3.

4.4 Results and discussion

Figure 4 summarizes threshold-independent performance. Across both datasets, our object-centric
methods consistently outperform prior work. TPC achieves the highest MCC on BotFails (0.666),
where limited training data favors its non-parametric formulation. GnnT performs best on the more
dynamic Watchdog dataset (0.719 MCC), showing that predictive spatio-temporal modeling benefits
continuous and delayed interactions. In contrast, trajectory metrics (AP-RMS, Fréchet, Soft-DTW)
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perform substantially worse, as they evaluate trajectories independently and fail to capture relational
deviations between objects. Likewise, density, reconstruction, and visual baselines (logpZO, lopO,
AE-Recon, FIDeL) show less consistent performance, suggesting that implicit latent representations
struggle to encode structured object interactions robustly. Overall, both TPC and GnnT demonstrate
clear benefits from explicitly modeling inter-object relations.

4.4.1 End-to-End Failure Detection

We next evaluate the full deployment pipeline, MCC t — Average per dataset group

where Conforrpal Predwﬂon (CP) converts 10| (BotFalls Dataset Watchdog Dataset
anomaly scores into binary alerts without manual o
threshold tuning. As shown in Figure 5, both vari- 0.634 0.657
ants outperform prior methods by a clear margin. 06 0.483 440
. . Q

GnnT achieves the highest MCC on the Watchdog € os
dataset (0.657), while TPC performs best on Bot-
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online detection. The same trend also holds

across datasets: TPC performs best in low-
data regimes, whereas GnnT benefits from larger
datasets and more complex dynamics. An abla-

Figure 5: End-to-end failure detection perfor-
mance (MCC) after conformal calibration, aver-
aged across tasks, seeds, and configurations.

tion study in Appendix A further isolates the con-
tribution of the graph representation, relational edge modeling, and predictive formulation.

5 Conclusion

We introduced Robot-WATCHDOG, a self-supervised framework for robotic failure detection based
on spatio-temporal object graphs. To adapt across data regimes, the framework combines a pre-
dictive graph-transformer (GnnT) for data-rich settings with a non-parametric trajectory projec-
tion method (TPC) for few-shot scenarios. Across both a public benchmark and a newly collected
dataset, Robot-WATCHDOG improves anomaly detection performance over existing baselines, par-
ticularly on failures involving object interactions and task structure. More broadly, these results
highlight object-centric relational representations as a promising direction for scalable real-time
monitoring of learned robotic policies.

6 Limitations

Robot-WATCHDOG relies on a discrete object-centric abstraction, which limits applicability to
tasks involving highly deformable materials, fluids, or interaction domains without clear object
decomposition (e.g., painting or soldering). Performance also depends on the upstream vision-
language tracking pipeline: severe occlusions, missed detections, or identity switches can degrade
graph quality and propagate to the anomaly detector. Finally, our current formulation models ob-
ject centroids only, and therefore cannot capture failures involving orientation or fine-grained pose.
Extending the graph representation with reliable 6D pose estimates is a natural direction for future
work.
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A Ablation Study

We conduct a series of ablation experiments to quantify the contribution of each component of the
proposed framework. Our analysis focuses on (i) the input representation, (ii) relational modeling,
(iii) the spatio-temporal architecture, (iv) the predictive formulation.

A.1 TImpact of Object-Centric Graph Representation

We evaluate whether representing the scene as an object-centric graph provides a measurable advan-
tage over alternative representations.

In table 1, we compare three configurations:

Vision feature baseline. To isolate the contribution of our Spatio-Temporal Graph Neural Net-
work (GnnT) and its object-centric inductive bias, we introduce a purely sequential vision-based
baseline that bypasses the graph construction phase. In this ablation, the demonstration episode is
modeled as a flat sequence of global observations. At each timestep ¢, dense visual features ex-
tracted by a pre-trained encoder Fy (Resnetl8 [44]) are concatenated with proprioceptive data to
form a state vector x, € R%n. These states are linearly projected into a hidden dimension D,
augmented with sinusoidal positional encodings, and processed by a multi-layer Transformer En-
coder to capture global temporal dependencies across the sequence. The resulting output tokens
are then mapped back to the original feature space via an MLP head to reconstruct the input states
x;. Trained exclusively on nominal data using a Mean Squared Error (MSE) objective, this auto-
encoding baseline utilizes the state-wise reconstruction error as its failure score during inference.
Results are presented in table 1 under the name Vision features.

Trajectory-only representation. We evaluate a graph-free ablation model, denoted as the Trajec-
tory Transformer. This baseline deliberately removes the Graph Neural Network (GNN) encoder
and all explicit edge-feature computations. Specifically, for each object ¢ € {1, ..., C} at time step
t € {1,...,m}, its kinematic state x, € R? is concatenated with a learned semantic embedding
ec € R%em and linearly projected to a hidden token representation: hf = W[z’ || e.] + b, where
W € Réx(2+dsem) ig the projection weight matrix and || denotes concatenation. Following the
addition of standard temporal positional encodings, the flattened sequence of independent object
tokens is processed by a multi-head Transformer encoder. The future trajectories Y € REXCX2 gre
regressed directly from the final sequence embeddings via a Multi-Layer Perceptron (MLP) head.
Unlike the full model, this baseline is optimized exclusively using a Mean Squared Error (MSE) loss
on absolute coordinates, without any topological constraints. By stripping away structural priors,
this ablation forces the self-attention mechanism to independently discover and model inter-object
physical correlations solely from raw trajectories.

Graph-based representation (ours). Object trajectories are structured as spatio-temporal graphs
and processed by the proposed GNN-Transformer architecture, see section 3-Method of the paper
for more details.

The results in Table 1 demonstrate the critical role of the graph representation in our framework.
The global vision feature baseline struggles significantly, particularly on the more complex “Table-
setting” task, indicating that unstructured, dense visual features lack the precise physical and spatial
inductive biases required for robust failure detection. While extracting explicit object trajectories
yields a substantial performance jump over raw vision features, this graph-free approach still falls
short. By structuring the scene as a spatio-temporal graph, our full model successfully captures the
essential physical interactions and topological constraints between objects. This explicit relational
modeling provides a modest but consistent improvement in the “Waste-sorting” task and leads to
massive gains in the “Table-setting” task, increasing the True Positive Rate by nearly 30% and the
Matthews Correlation Coefficient by over 35% compared to the independent trajectory baseline.
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Waste-sorting Table-setting
Representation TPR 1 TNR 1 AUPR 1 MCC 1 TPR 1 TNR 1 AUPR 1 MCC 1t

Vision features  29.7 + 0.2 84.3 £ 1.7 29.7 £ 24 16.7 £ 1.8 306 £ 0.6 0.0 £ 0.0 233+ 1.2 0.0=£0.0
Trajectories 58.7 £ 1.2, 929 +£ 0.8 54.7 £ 2.5 56.5 £ 1.9 545+ 1.6 909 &+ 1.2 54.5 £ 1.7 49.3 £ 1.7
Graph (Ours) 61.0 £0.9 93.1 £ 1.1 57.0 + 2.2 58.7 £ 1.7 84.0 £ 0.7 98.1 =+ 0.2 90.9 + 1.4 85.0 & 1.0

Table 1: Quantitative evaluation of different input representations on failure detection performance.
We compare our proposed object-centric graph representation against a global vision feature base-
line and a graph-free trajectory-only model across the WATCHDOG dataset. Metrics reported in-
clude True Positive Rate (TPR), True Negative Rate (TNR), Area Under the Precision-Recall Curve
(AUPR), and Matthews Correlation Coefficient (MCC). All values are reported as percentages, with
higher values (1) indicating better performance. The best results for each metric are highlighted in
bold.

A.2 Impact of Relational Modeling

We evaluate the importance of explicitly modeling interactions between objects for both the predic-
tive (GnnT) and non-parametric (TPC) formulations.

For the GnnT method To assess the contribution of relational inductive bias, we construct a ran-
domized graph baseline by perturbing the edge structure while preserving node features. Formally,
given a graph G = (V, £) with || = E, we sample a randomized edge set £ by drawing E pairs
(4,7) uniformly from V x V, yielding a graph G = (V,€). The node representations are then
computed as

(1) _ OR T OIRO)
hi ™ =0 > oWOn |,
JENG (i)

where 045? denotes attention coefficients as in GATv2 [35]. This procedure preserves the computa-
tional structure of the model while destroying meaningful spatial correlations, enabling a controlled
evaluation of the role of relational structure.

For the TPC method To disentangle the contribution of geometric versus relational cues in TPC,
we evaluate three variants of the anomaly score:

* Orthogonal projection only. Each object trajectory is compared independently to ex-
pert demonstrations using the weighted orthogonal projection distance. This captures local
kinematic deviations but ignores interactions between objects.

* Correlation only. We discard absolute trajectories and instead compare the pairwise cor-
relation structure between object motions. Concretely, for each pair of objects, we compute
the Pearson correlation of their  and y trajectories, and penalize deviations from the corre-
lation patterns observed in expert demonstrations. This captures relational consistency but
is invariant to global geometric shifts.

* Full TPC (projection + correlation). The final score combines both terms, aggregating
per-object projection errors with a global correlation penalty. This jointly captures absolute
trajectory deviations and interaction-level inconsistencies.

Results and Interpretation The results in Table 2 highlight distinct roles of geometric and re-
lational signals in failure detection, as well as their task-dependent interplay. For GnnT, removing
the edge model consistently degrades performance, most notably in TNR and MCC, indicating that
relational structure is essential for maintaining robustness to benign variations and for preserving
discriminative power; modeling objects independently leads to increased sensitivity to noise and
reduced reliability. For TPC, the orthogonal projection term alone achieves strong performance
on Waste-sorting, suggesting that failures in this task are predominantly characterized by devia-
tions from nominal trajectories. In contrast, the correlation-only variant attains the highest TPR
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Waste-sorting Table-setting

Method TPR 1 TNR 1 AUPR 1 MCC 1 TPR 1 TNR 1 AUPR 1 MCC 1
GnnT 61.0 £ 09 93.1 £ 1.1 57.0 +£ 2.2 58.7 & 1.7 84.0 £ 0.7 98.1 £ 0.2 90.9 + 1.4 85.0 + 1.0
w/o Edge model 73.7 £ 5.6 80.9 £83 485 + 5.2 490+ 6.3 81.8 £6.9 868 +£ 1.0 59.3 £ 9.3 61.9 + 6.3
Orthogonal projectiononly 89.2 £ 0 873 +0 677+0 61.0+0 83.7+0 951+0 925+0 782+0
Correlation only 821+ 0 86.1 £ 0 65.1 £ 0 539+0 949+0 91.2+0 90.8 £ 0 81.3 £ 0
Both (TPC) 86.1 = 0 85.9 £ 0 63.9 £ 0 552+0 949+0 952+0 928+ 0 853+0

Table 2: Ablation study on relational modeling for both GnnT and TPC. For GnnT, removing or
corrupting edge-based interactions degrades performance, confirming that structured object rela-
tionships are important for robust prediction and failure detection. For TPC, geometric (projection)
and relational (correlation) components capture complementary aspects of anomalies: projection is
sufficient for trajectory-level deviations in simpler tasks (Waste-sorting), while correlation improves
detection of interaction-level errors in more relational settings (Table-setting). Combining both sig-
nals yields the most balanced performance in relationally complex tasks, but does not uniformly
dominate in all regimes, highlighting the task-dependent role of relational modeling.

on Table-setting, indicating that many failures arise from incorrect coordination between objects
despite locally plausible motions. Combining both signals yields the best overall performance on
Table-setting, improving MCC while maintaining high TPR and TNR, which confirms that geo-
metric deviations and relational inconsistencies provide complementary information. However, this
combination does not consistently outperform projection-only on Waste-sorting, suggesting that in
simpler tasks dominated by spatial accuracy, relational modeling may introduce limited additional
benefit. Overall, these results indicate that effective failure detection requires capturing both abso-
lute trajectory deviations and interaction-level structure, with their relative importance depending on
the semantic complexity of the task.

A.3 Impact of Spatio-Temporal Modeling

To rigorously evaluate the contribution of our combined GNN-Transformer architecture, we conduct
an ablation study isolating the spatial and temporal inductive biases. We compare the full model
against three degraded baselines:

* Full model (GnnT): Our proposed architecture, which uses an Edge-aware Graph At-
tention Network (EGAT) to explicitly model spatial interactions and physical constraints
between objects, followed by a Transformer encoder to capture long-term temporal depen-
dencies.

* Transformer-only (Temporal without Spatial Priors): The graph encoder is completely
removed. Raw object coordinates and semantic embeddings are linearly projected into a
hidden space and fed directly to the Transformer. This baseline tests whether the self-
attention mechanism alone is sufficient to implicitly discover inter-object physical correla-
tions without the structural priors provided by the GNN.

* GNN-only (Spatial without Temporal Attention): The temporal sequence modeling is
replaced by a static feed-forward network. Spatial embeddings are still extracted frame-
by-frame via the GNN, but they are subsequently concatenated along the temporal axis and
mapped to future predictions via a Multi-Layer Perceptron (MLP). This isolates the value
of the Transformer’s sequence-awareness.

* MLP (No explicit priors): A naive baseline where both the GNN and the Transformer
are removed. The kinematic data of the scene over the observation window is flattened and
processed by a simple MLP. This serves as a lower bound, representing a purely data-driven
regression without structural or sequential inductive biases.

Results and Discussion The empirical results, summarized in Table 3, demonstrate a clear per-
formance hierarchy: the naive MLP baseline consistently yields the lowest metrics across the board,
while the full GnnT architecture achieves the highest. This substantial performance gap directly
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Table 3: Quantitative results of the spatio-temporal architecture ablation. Metrics are reported
as mean =+ standard deviation over multiple random seeds. The full GnnT architecture consistently
provides the best balance between detection sensitivity and false positive rejection, particularly re-
flected in the Area Under the Precision-Recall curve (AUPR) and Matthews Correlation Coefficient
(MCCQ).

Waste-sorting Table-setting
Method TPR 1 TNR 1 AUPR 1 MCC 1t TPR 1 TNR 1 AUPR 1 MCC 1
GnnT 61.0 £ 09 931+ 11 57.0+ 22 587 £ 1.7 8.0+ 0.7 981 £ 0.2 909 £ 14 85.0 + 1.0
Transformer only 71.7 £ 5.9 85.8 +£ 4.0 53.5 £ 4.7 53.1 £ 28 822 £ 6.7 86.8 £ 2.1 54.7 £6.3 623 £ 6.7
GNN only 70.8 £56 829 +53 51.8 £ 14 486 4.0 833 £3.0 928 £ 28 781 6.0 732 £ 42
MLP 75.3 £ 12.8 70.6 &+ 13.1 40.5 £29 393 £ 3.6 88.7T £ 6.6 462 £ 73 314 £+ 3.7 288 £5.1

validates our core hypothesis that explicitly modeling spatio-temporal priors is essential for robust
anomaly detection in multi-object physical manipulation.

Crucially, the ablation reveals that isolated spatial and temporal inductive biases exhibit comple-
mentary strengths depending on the task’s primary failure modes. In the highly structured Table-
setting task, anomalies frequently stem from incorrect geometric configurations or collisions. With-
out explicit relational modeling, the Transformer-only baseline struggles to capture these spatial
constraints and severely underperforms the GNN-only model (e.g., AUPR of 54.7% vs. 78.1%).
Conversely, in the Waste-sorting task, the topological structure is less critical, and anomalies of-
ten manifest as purely kinematic or timing deviations (e.g., Missing an object). In this regime,
the temporal blindness of the GNN-only baseline restricts its performance, allowing the sequence-
aware Transformer-only model to surpass it (MCC of 53.1% vs. 48.6%). By effectively fusing both
modalities, the GnnT architecture seamlessly adapts to both spatial and temporal failure regimes,
consistently securing the highest detection sensitivity and false-positive rejection across all scenar-
ios.

A.4 Prediction vs Density Estimation

We compare the predictive formulation with a likelihood-based alternative. Results are presented in
table 4.

* GnnT, Prediction-based (ours). The model predicts future trajectories and uses prediction
error as the failure score.

* Density-based. A normalizing flow is trained on latent representations to estimate likeli-
hood.

A.4.1 Latent Density Estimation via Normalizing Flows

Instead of directly predicting the future trajectories of objects, we formulate the failure detection
task as estimating the exact likelihood of the observed spatio-temporal dynamics. Let h; € R” be
the latent representation of the scene at time ¢, extracted by the Spatio-Temporal Transformer from
the observation window. The distribution of nominal interactions pg (h;) is highly complex and
intractable.

To model this density, we employ a Normalizing Flow (NF) parameterized by 6. The flow applies a
sequence of invertible, differentiable transformations fy to map the complex latent space h; into a
simple, tractable base distribution, typically an isotropic multivariate Gaussian z; ~ A(0, I).

Using the change of variables formula, the exact log-likelihood of a nominal representation is given

by:
logpg (hy) =logpz(fo(hy)) + log |det (af"(hf))‘ 3)

Oh,

where p is the standard Gaussian density function, and the second term is the log-determinant of
the Jacobian of the transformation, accounting for the change in volume induced by fj.
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Training Objective. The model is trained end-to-end to maximize the log-likelihood of the nom-
inal data representations. Since z; = fy(h;) follows a standard normal distribution, maximizing
log py (hy) is equivalent to minimizing the negative log-likelihood loss £xg:

det <8f"(ht)) ‘ @

1
— 2 fs(h)2 =1
LN 2||f9( ¢)|l2 — log oh,

Inference and failure Scoring. During deployment, the Normalizing Flow acts as an explicit
density estimator. For a new observation window, the model computes the latent representation
h; and its corresponding negative log-likelihood. The failure score \S; is directly defined as S; =
Lne(hy). A high score \S; indicates that the observed spatio-temporal interaction pattern has a low
probability under the learned nominal distribution.

Waste-sorting Table-setting
Method TPR 1 TNR 1 AUPR 1 MCC 1 TPR TNR 1 AUPR 1 MCC 1
GnnT (prediction based) 61.0 + 0.9 93.1 £+ 1.1 57.0 + 2.2 58.7 &+ 1.7 84.0 £ 0.7 98.1 + 0.2 90.9 + 1.4 85.0 + 1.0
Density based 73.4 £ 4.2 844 + 32 575 £59 524 +4.9 87.2 + 35 904+ 6.9 782+ 11.7 72.9 + 9.24

Table 4: Quantitative comparison of failure detection formulations: predictive modeling (GnnT)
versus latent density estimation (Normalizing Flows). Mean and standard deviation are reported
across 5 different seeds. The predictive approach demonstrates superior robustness (higher MCC and
AUPR) and stability (lower variance), effectively minimizing false positives (higher TNR) compared
to the density-based baseline.

As shown in Table 4, the predictive formulation (GnnT) substantially outperforms the density es-
timation baseline in overall robustness and stability. While the density-based approach yields a
marginally higher True Positive Rate (TPR), it suffers from a pronounced degradation in True Neg-
ative Rate (TNR) and exhibits significantly higher variance across both tasks. This suggests that
fitting a normalizing flow to high-dimensional, complex spatio-temporal latents struggles to estab-
lish tight decision boundaries, making the model overly sensitive and prone to false positives. Con-
versely, framing anomaly detection as future trajectory prediction enforces a strict structural prior
on nominal behavior. By directly computing errors in the geometric observation space rather than
relying on abstract latent likelihoods, our predictive method effectively isolates genuine relational
failures from benign variations, resulting in superior MCC and highly stable performance across
different environments.

B Method Details

B.1 Trajectory Extraction

Object trajectories are extracted from RGB observations using a two-stage pipeline combining
vision-language-based object detection and segmentation-based multi-object tracking. The pipeline
is designed to be fully automated, requiring only a natural language description of the task to identify
and track all task-relevant entities throughout an episode.

Stage 1: Object detection via VLM (Qwen3-VL) The first frame of each episode is passed to
a vision-language model (Qwen3-VL-8B-Instruct [33]) together with a task-specific prompt that
enumerates the expected task-relevant objects. For each object, the model is asked to predict a
bounding box in normalised coordinates [0, 1000]2, a fine-grained semantic label, and a coarse-
grained label. To improve robustness to occasional parsing failures, the model is queried up to seven
times with a temperature annealing schedule (T}, = 0.10 + (k — 1) x 0.15, k € {1,...,7}). A
response is accepted as valid only if all expected objects are returned with non-degenerate bounding
boxes and non-empty labels. If the maximum number of attempts is exceeded, missing detections
are flagged. This initialisation step is performed offline prior to deployment and therefore imposes
no latency on real-time execution. The prompts used for each task are provided below.

17



628
629
630

632
633
634
635
636
637

638
639

641
642
643

644
645
646
647

Stage 2: Multi-object tracking via SAM2 The bounding boxes produced in Stage 1 initialise a
SAM?2 video tracking session [34]. At each subsequent frame, the segmentation masks are propa-
gated using the SAM2 recurrent memory mechanism, and the 2D centroid of each object’s mask is
recorded as its spatial state p; + € R2. When the mask of an object degenerates (empty support), the
last valid centroid is carried forward (forward-fill imputation) so that all trajectories remain tempo-
rally aligned, while a validity label is switch from 1 to O to notify the missing object. If the object
reappears later, the trajectory is interpolated between the last known position and the new position.
The robot end-effector is treated as an additional object and tracked through the same pipeline from
an initial bounding box provided by the VLM. Illustration of an example of the process is presented
figure 6.

Table-setting task

Waste sorting task

Figure 6: Trajectory extraction pipeline. (Left) The initial frame of an episode where task-relevant
objects and the robot end-effector are identified using a Vision-Language Model (Stage 1). (Right)
The final frame displaying the continuous 2D spatial trajectories extracted by tracking the objects’
mask centroids throughout the episode via SAM?2 (Stage 2). The top row illustrates the structured
Table-setting task, while the bottom row demonstrates the dynamic Waste sorting task on a moving
conveyor belt.

Real-time deployment characteristics The VLM initialisation is performed entirely offline; once
bounding boxes are obtained, the real-time tracking pipeline relies solely on SAM2. In its optimised
streaming configuration, SAM2 operates at approximately 44 fps on an NVIDIA A100 GPU with 5
tracked objects, well above the 30 fps acquisition rate of the camera used in our experiments. The
resulting end-to-end perception latency is therefore bounded by the single-frame forward pass of
SAM?2 and does not accumulate over an episode.

Task-specific VLM prompts For reproducibility, we report the exact prompts supplied to Qwen3-
VL for each task in our benchmark. Each prompt follows the same schema: a brief scene description,
the user task string, a numbered list of the expected objects with their semantic categories, and an
instruction to return a strictly formatted JSON response.
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Table 5 summarises the object lists used per task. Full prompt strings are reproduced verbatim in
the supplementary material.

Table 5: Object lists supplied to Qwen3-VL per task.

Task Novj  Object list

domotic_groceriesSorting 8
domotic_vegetablesAndFruitsSorting 6 3 fruits, 3 vegetables
domotic_dishTidyUp 8 1 whisk, 3 plates, 3 glasses, 1 cup
domotic_setTheTable 4 1 glass, 1 plate, 1 fork, 1 knife
2
5

4 sweets, 4 vegetables

sort_trash _conveyor 1 plastic waste, 1 metal can

fiper_sort blue cube, red cube, blue frame,
red frame, robot flange

fiper_stacking 5 blue, red, green, yellow cube,
robot flange

All prompts share the following preamble and JSON schema:

Common preamble and output schema

A robot arm is executing a task.
User task: "<TASK_DESCRIPTION>"
Please identify this <N> objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.
The <N> objects:
- [object list -- see below per task]
Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order:

"objects": [
{
"fine label": "...",
"coarse_label": "...",
"bbox": [x1, y1, x2, y2],
"is_related": true
}
]

}

Ensure the JSON is valid and contains no extra text or explanations.

domotic_groceriesSorting (8 objects)

A robot arm is executing a task.

User task: "<TASK_DESCRIPTION>"

Please identify this 8 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.

The 8 objects:

sweet.

sweet.

sweet.

sweet.

vegetal.

vegetal.

vegetal.

. vegetal.

Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.

|
0 ~NOo O WN =
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domotic_vegetablesAndFruitsSorting (6 objects)

A robot arm is executing a task.

User task: "<TASK_DESCRIPTION>"

Please identify this 6 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.

The 6 objects:

fruit.

fruit.

fruit.

vegetable.

vegetable.

vegetable.

Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.

domotic_dishTidyUp (8 objects)

A robot arm is executing a task.
User task: "<TASK_DESCRIPTION>"
Please identify this 8 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.
The 8 objects:
whisk.
plate.
plate.
plate.
glass.
glass.
glass.
- 8. cup.
Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.

|
OO WN

|
~NOoO O WN -

domotic_setTheTable / aloha setTheTable 2 (4 objects)

A robot arm is executing a task.

User task: "<TASK DESCRIPTION>"

Please identify this 4 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.

The 4 objects:

- 1. glass.
- 2. plate.
- 3. fork.
- 4. knife.

Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.

sort_trash_conveyor (2 objects)

A robot arm is executing a task.
User task: "<TASK_DESCRIPTION>"
Please identify this 2 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.
The 2 objects:
- 1. a plastic waste -- fine_label=plastic.
- 2. a can, metal waste -- fine_label=metal.
Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.
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fiper_sort (5 objects)

A robot arm is executing a task.
User task: "<TASK_DESCRIPTION>"
Please identify this 5 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.
The 5 objects:
blue_cube.
red_cube.
blue_frame.
red_frame.
- 5. robot_flange.
Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.

fiper_stacking (5 objects)

A robot arm is executing a task.
User task: "<TASK_DESCRIPTION>"
Please identify this 5 objects in the image and provide their bounding box
as (x1, y1, x2, y2) in image coordinates.
The 5 objects:
- 1. blue_cube.
2. red_cube.
- 3. green_cube.
4. yellow_cube.
- 5. robot_flange.
Return your answer strictly in this JSON format and NOTHING ELSE,
make sure to keep objects in the correct order.

|
S wWN

B.2 GnnT - Model Architecture

The spatial encoder is implemented using a Graph Attention Network (GATv2), while temporal
dependencies are modeled using a multi-layer Transformer encoder. The prediction head consists of
a shared MLP applied independently to each object embedding.

Background Spatio-temporal forecasting in multi-agent or multi-object scenarios requires simul-
taneously resolving relational structures and temporal dynamics. While standard Graph Neural Net-
works (GNNs) effectively capture spatial topologies, they lack mechanisms for long-term sequence
modeling. Conversely, Transformers excel at sequential processing but lack structural priors for ge-
ometric arrangements. The GnnT (Graph Neural Network - Transformer) architecture marries these
paradigms, utilizing an edge-aware spatial encoder to independently process intra-frame geometry,
followed by a sequence model to capture inter-frame kinematics.

Hypothesis We hypothesize that nominal robotic manipulation is governed by strict, predictable
physical laws and interaction patterns (e.g., collisions, grasping semantics, kinematic constraints).
By explicitly forcing a network to predict future states from an observation window, it should inter-
nalize these underlying rules. The dynamic attention mechanism of the GATV2 is expected to learn
to attend heavily to interacting entities (e.g., the end-effector approaching a target), while the Trans-
former learns temporal delays, inertia, and task phases. Consequently, mechanical or procedural
failures will intrinsically violate these learned spatio-temporal priors, manifesting as a sharp spike
in the prediction error (Lpos and Legge), which serves as a highly discriminative anomaly signal.

Implementation details The model takes as input a sequence of m graphs containing C' objects.
Let the raw kinematic state of object 4 at time ¢ be x; ; € R2. To provide semantic identity, each
object’s discrete category ¢; € {1,...,C} is mapped to a continuous embedding e; € R'6. During
training, we inject Gaussian noise ¢ ~ A/(0, 0?I) with ¢ = 0.01 to the coordinates to prevent over-
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fitting and encourage the learning of robust physical dynamics rather than trivial identity mappings.
The initial node feature vector is thus the concatenation:

vl = [(xii+ ) | e] €R™

The spatial encoder employs a two-layer Edge-aware GATv2 (EGAT). Let V,El) and E, denote the
set of node and edge features at time ¢ for layer [. The spatial embedding is refined iteratively:

vl = BLU (EGAT (v Ey) ), vi? = BLU (EGAT® (v{} E,))

where ELU(-) is the Exponential Linear Unit activation used to maintain non-linear representational
capacity while preventing dying gradients, and vg? € R (with dj, = 128) represents the spatially
contextualized node embedding.

To model sequence dynamics, standard sinusoidal temporal positional encodings p; € R% are
added to the spatial embeddings: h;; = vft) + p:. The sequence of m spatial graphs is then

flattened into a single contiguous token sequence:

N 1 I I C'xdp,
S’i = I:hl,tfm+17 ey hc,t7m+l7 e 7h1,t7 e 7hC,t} € Rm !

This flattened topology permits unrestricted, fine-grained self-attention across both the temporal
and spatial axes. The sequence is processed by a 4-layer Transformer Encoder to yield Syt =
Transformer(S;,,).

Finally, we extract only the C' tokens corresponding to the most recent observation at timestep ¢
(i.e., the last C' elements of Sy,,¢). Let z;; € R? denote this output token for object i. The future
trajectory over horizon L is directly regressed via a two-layer Multi-Layer Perceptron (MLP) with a
ReLU activation: R

Yi,t =W, maX(O, lei,t + bl) +by € REx2
where W, € R2dnxdn and Wy € R2L%24n are the shared projection weights applied independently
to each object token.

Hyperparameters The architecture and training routine are governed by the hyperparameters de-
tailed in Table 6. These values were selected empirically to balance the temporal receptive field,
representational capacity, and computational efficiency.

Table 6: Hyperparameters for the GnnT architecture and training routine.

Category Parameter Value
Sequence Observation window (m) 20
Prediction horizon (L) 15
Hidden dimension (dj,) 128
Spatial Encoder layers (GATv2) 2
Architecture Spatial Encoder attention heads 8
Temporal Encoder layers (Transformer) 4
Temporal Encoder attention heads 8
Tokenization format Batch-first
Optimizer AdamW
Learning rate 1073
Optimization & Training  Weight decay 104
Batch size 256
Total epochs 100

B.3 Trajectory Projection and Correlation (TPC) Formulation

The TPC method evaluates kinematic and relational anomalies by comparing inference trajectories
against a set of nominal expert demonstrations. Let a tracked object’s trajectory of length 7" be
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defined as P = {p1,...,pr} with p; € R?, and let the set of nominal expert trajectories for the
corresponding object class be £ = {V(l), L VE) }. Prior to distance computation, trajectories are
filtered to remove static segments, ensuring the evaluation focuses strictly on kinematic progression.

1. Projection-Based Kinematic Scoring: The spatial deviation of a point p; from an expert tra-
jectory V' (modeled as a piecewise linear polyline) is defined by the orthogonal point-to-polyline
distance, denoted d(p, V'). The spatial failure at time ¢ is taken as the distance to the nearest expert:

d*(ps) = I‘;lérgl d(p:, V) (5)

To account for the inherent natural variability of the task, these distances are standard-normalized
using the empirical mean p and standard deviation o of the pairwise projection distances computed
within the expert set itself:

"
o+e€

where € is a small constant for numerical stability. The individual projection score aggregates these

normalized deviations over time. To penalize errors that compound towards the end of the execution,

temporal weights w; (e.g., derived from an exponential decay function) are applied:

T
Sproj = Y wid(py) (7)
t=1

2. Relational Correlation Penalty: To capture higher-level interaction failures, the method eval-
uates the synchronized movement between objects. For any pair of objects ¢ and j resampled to a
uniform length 7', let p(z*, 27) and p(y*, 3”) be the Pearson correlation coefficients of their respec-
tive spatial coordinates over time. The pairwise spatial correlation is averaged across dimensions:

1 o o
Cig =5 (pa",a7) + p(y",y7)) ®)

The relational failure penalty is computed as the ¢; distance between the inference correlation matrix
(C'™f) and the reference correlation matrix (C®®) derived from the expert dataset:

N
Scorr = Z Z |C;I71Jf - CTJP‘ 9

i=1 j>i

where [V is the number of tracked objects.

3. Final failure Score: Depending on the configuration, the method can evaluate purely
projection-based errors, purely relational errors, or a combination of both. The combined failure
score is the sum of the individual projection scores and the relational penalty:

Stotal = Sproj + Scorr (10)

B.4 Conformal Prediction
B.4.1 Calibration Data Quality and Curation

Calibrating the decision threshold 7 requires a reference set of NV successful, nominal policy rollouts,
denoted as Zy = {7 ..., 7)), The qualitative integrity of this calibration data is paramount.
Trajectories in which the task ultimately succeeds but exhibits undesirable or unsafe intermediate
behavior (e.g., severe kinematic jitter, suboptimal grasps, or minor environmental collisions) must
be strictly filtered out. Retaining marginally successful trajectories would falsely widen the bounds
of the acceptable nominal distribution, thereby degrading the detector’s test-time sensitivity and in-
creasing the risk of false negatives. Furthermore, we construct Zy entirely from hold-out human
expert demonstrations rather than autonomous policy rollouts. While calibrating directly on policy-
induced rollouts is possible, it often introduces covariate shift—the policy’s self-induced states in-
herently inflate the expected prediction errors, which artificially raises the threshold and degrades
sensitivity.
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B.4.2 Sequential Threshold Construction

To adapt CP for sequential, real-time failure detection over a finite-horizon task, we construct a one-
sided, scalar prediction band. Let Sf@ denote the non-conformity score produced by our framework
(either GnnT or TPC) at timestep ¢ for the i-th trajectory in Zy. Because our objective is to flag
anomalies, we are exclusively concerned with high scores indicating out-of-distribution (OOD) be-
havior.To ensure the false positive guarantee holds over the entire duration of a rollout rather than
just at a marginal timestep, we evaluate the maximum deviation observed per calibration rollout. For
each trajectory ¢, we extract the maximum score over its full length T":

S0 = max St(i)
te[1,T)

The global decision threshold 7 is then computed as the empirical (1 — «)-quantile of the maxi-
mum score collection {Sfﬁ()m, ey Sr(n]\{z)x} By evaluating the quantile over the maximum trajectory
scores, we adapt the bandwidth to safely encapsulate the entirety of non-extreme, nominal functional

behaviors.

B.4.3 Online Deployment and Evaluation

At test time, given a new ongoing trajectory Ty.s; evolving up to the current timestep ¢, the frame-
work continuously computes the instantaneous anomaly score S;. We define the sequential decision
rule as an indicator function ¥ (S; > n). If this condition is met, the trajectory breaches the estab-
lished prediction band, and a failure is flagged at the earliest possible timestep. By nature of the
conformal guarantees, the probability that a perfectly nominal, in-distribution trajectory is falsely
flagged as a failure at any point during its execution is statistically bounded to a maximum of «.

C Experimental Details

C.1 Datasets

We evaluate Robot-WATCHDOG on two datasets: the BotFails benchmark [11] and a new dataset
collected for this work. Together, they provide complementary coverage of controlled failure sce-
narios and more realistic, dynamically varying environments.

BotFails. BotFails is a recently introduced dataset for robotic failure detection, collected via tele-
operation on a real robotic platform. It includes multimodal observations (vision, proprioception,
and language) across 10 tasks spanning domestic and industrial settings, with annotations for both
general anomalies and task-relevant failures.

In our evaluation, we select a subset of tasks compatible with our object-centric assumptions. Specif-
ically, we retain tasks involving rigid, non-deformable, and visually distinguishable objects, enabling
consistent tracking and relational reasoning. Tasks involving fluids or deformable materials (e.g.,
pouring) are excluded, as they violate the assumption of persistent object identity.

Ours. We introduce a new dataset, see figure 7, composed of two manipulation tasks designed to
increase both relational and dynamic complexity:

* Table-setting: a structured assembly task where the robot must place objects (e.g., plates,
utensils) in predefined spatial configurations and correct temporal order. This task empha-
sizes relational correctness (object identity, placement location, ordering).

* Waste sorting: a dynamic task where the robot sorts objects on a moving conveyor belt.
Unlike static tabletop setups, object positions evolve continuously, introducing variability
in initial conditions and interaction timing.

For each task, we collect two types of datasets: (i) expert demonstrations, used for training, and (ii)
failure datasets, used for evaluation and containing both nominal and failure trajectories.
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Figure 7: Overview of the Robot-WATCHDOG evaluation dataset. The dataset comprises a
structured Table-setting task (left) and a dynamic Waste sorting task (right). The top row illustrates
in-distribution, nominal expert demonstrations. The subsequent rows depict out-of-distribution sce-
narios, categorized into critical task failures (red borders) and benign visual variations (orange bor-
ders). Specific evaluation scenarios include: (1) Spatial misplacement, where objects are arranged
with an incorrect offset; (2) Object inversion, where the target locations of items are swapped; (3)
Grasping failure, resulting in a dropped object; (4) Benign visual variation featuring an intrusive
distractor object—this highlights our method’s robustness to visual clutter, which typically triggers
false positives in baseline anomaly detectors; (5) identity sorting error, where an item is placed into
the incorrect bin; and (6) Missed object, where the robot fails to make a decision or initiate a grasp.

Table 7: Statistics of our dataset.

Task Split Data Robot  #Episodes #Frames FPS Cameras Action dim
Table-setting ~ Expert Video RGB/Proprio/text ALOHA 100 67,341 15 4 views 9
Table-setting Test  Video RGB/Proprio/text ALOHA 21 13,471 15 4 views 9
Waste sorting  Expert  Video RGB/Proprio/text  SO-100 100 59,562 30  Top view 6
Waste sorting ~ Test ~ Video RGB/Proprio/text ~ SO-100 51 30,378 30  Top view 6

Data collection and modalities. The table-setting task is performed using an ALOHA robot,
while the waste-sorting task uses a SO-100 platform. Observations include RGB video streams
and proprioceptive states (joint positions), along with corresponding action commands. The table-
setting setup includes multiple camera viewpoints (external and wrist-mounted), whereas the sorting
task uses a top-down camera.

Discussion. Our dataset complements BotFails in two key aspects. First, it provides a larger num-
ber of expert demonstrations, which is beneficial for training predictive models of scene dynamics.
Second, it introduces more challenging conditions for failure detection, particularly in the sorting
task where object motion induces continuous distribution shift. This setup allows us to evaluate

25



771
772

773

774
775

776

777
778
779
780

781
782

783
784

786

787

789

790

791
792

794

Table 8: Overview of the anomaly detection baselines compared in this work, including our proposed
TPC (few-shot) and GnnT (predictive graph) approaches.

Method Input Space Core Mechanism Spatial Rel. Temporal Align. Scoring Strategy
AP-Fréchet Trajectories (2D) Trajectory Matching  Independent Arc-length Resampling ~ Min. Fréchet Distance
Soft-DTW Trajectories (2D) Trajectory Matching  Independent Soft-DTW Min. Alignment Cost
AP-RMS Trajectories (2D) Trajectory Matching  Independent Arc-length Resampling ~ Min. Prefix RMS Error
FIDeL [11] Patch Features (RGB) Optimal Transport Implicit (Patches) Min. Cost over T' OT Cost (+ VLM Filter)
logpZO [10] Observations Density Estimation Implicit (Network)  ODE Forward Pass Latent Space />-norm
1opO [10] Observations Density Estimation Implicit (Network)  ODE Integration Exact Log-likelihood
AE-Recon [41] Observations Reconstruction Implicit (Network) ~ Frame-wise (None) Reconstruction Error
TPC (Ours) Trajectories (2D) Trajectory Matching  Explicit (Pearson) Fixed Resampling Proj. Dist. + Corr. Penalty
GnnT (Ours)  Spatio-Temporal Graphs Future Prediction Explicit (GATv2)  Sliding Window (Attn) Prediction Error

robustness to both relational or identity errors (e.g., wrong object or placement) and dynamic devi-
ations (e.g., delayed or missed interactions).

C.2 Baselines

We compare our methods against classical and learning-based failure detection methods, which
caracteristics are presented in table 8.

C.2.1 Arc-Length Prefix RMS (AP-RMS)

The AP-RMS baseline detects kinematic deviations by evaluating the cumulative spatial error of
a trajectory’s prefix relative to a set of nominal expert trajectories. To ensure the comparison is
invariant to execution speed and sampling rates, all trajectories are spatially aligned via arc-length
parameterization.

1. Arc-Length Resampling: Let a raw trajectory consisting of N points be defined as P =
{p1,...,pn} with p; € R2. The cumulative arc-length s; at step i is computed as:

[
si=) lpj —pjmillzs withs; =0
j=2

(1)

The sequence is parameterized by normalized arc-length 3; = s;/sy € [0,1]. We construct a
continuous trajectory function f(5) via linear interpolation. The trajectory is then uniformly re-
sampled into a fixed length T', producing the spatially aligned trajectory P = {p1,...,pr}, where

Dr = f (%) This procedure is applied identically to the set of expert trajectories to form the
aligned expert set £ = {V ... V)Y,

2. Prefix RMS Distance: 2
step t € [1, T, we extract the trajectory prefix Py.; = {p1,...

To evaluate the deviation of the execution up to a given progression
, Dt }- The Root Mean Square (RMS)

distance between the observed prefix and the corresponding prefix of an expert ‘71(:];) is defined as:

L 1<
drwis (Pr:t, 1(:’?) Al 7 Z - — ﬂg'k)Hi (12)
=1

3. Final failure Score: At each progression step ¢, the spatial failure is quantified as the distance
to the closest expert prefix. This local deviation is given by:

d*(t) = min drus (Prut, Viut) (13)
Ves

The overall failure score for the complete trajectory is the temporal average of these minimal prefix
deviations, capturing the continuous divergence from the nominal behavior manifold:

T
1 %
Soa = 7 ; d*(t) (14)
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C.2.2 Arc-Length Prefix Fréchet (AP-Fréchet) Formulation

The AP-Fréchet baseline detects structural and geometric anomalies by evaluating the shape dis-
crepancy of trajectory prefixes relative to nominal expert demonstrations. Similar to the AP-RMS
method, this approach enforces temporal invariance by spatially aligning trajectories via arc-length
parameterization.

1. Arc-Length Resampling: We apply the identical arc-length normalization procedure defined
for AP-RMS. Let the uniformly resampled observed trajectory of length 7" be P = {p1,...,pr},
and the corresponding aligned expert set be £ = {V (1) ... V(K1

2. Discrete Fréchet Distance: To evaluate the geometric divergence up to a progression step t €

[1, T, we extract the trajectory prefixes Pj.; and ‘71(;,;)- The Discrete Fréchet distance considers all

possible ordered couplings between the points of the two polygonal curves. Let an order-preserving
coupling sequence L be a sequence of index pairs (7, j) such that (i1, j1) = (1,1), (i}, Jjz|) =
(t,t), and successive pairs transition by (+1,0), (0,+1), or (+1,+1).

The Discrete Fréchet distance is defined as the minimum over all valid coupling sequences of the
maximum Euclidean distance between coupled points:

dF<P1¢t’V1(:Iz)) :rIlLin(z'I,Ijl'?é(L’|ﬁi_ﬂ§k)H2 (15)

In practice, this distance is computed efficiently utilizing dynamic programming.

3. Prefix failure and Normalization: At each progression step ¢, the geometric failure is evalu-
ated against the closest expert prefix:

d*(t) = mindg (Pry, Vi) (16)
VeE
To account for the natural geometric variance of the specific object’s class, d*(t) is standardized. Let
w and o be the empirical mean and standard deviation of the pairwise Fréchet distances evaluated
among the full-length resampled experts in £. The normalized failure score at step ¢ is formulated
as:

o= S

where € is a small constant ensuring numerical stability. The final per-step scores form a trajectory
of geometric divergence tracking the severity of the failure over the execution sequence.

a7)

C.2.3 Soft Dynamic Time Warping (Soft-DTW) Formulation

The Soft-DTW baseline detects anomalies by assessing the global spatio-temporal dissimilarity be-
tween a full observed trajectory and a set of nominal expert trajectories. By utilizing dynamic time
warping, this approach is highly resilient to temporal scaling and non-linear shifts in execution
speed.

1. Trajectory Preprocessing: Let the observed trajectory be P = {p1,...,px } and the set of ex-
pert trajectories be £ = {V(l)7 I 740 )}. To ensure computational tractability and enable batched
parallel execution on GPU hardware, all trajectories are linearly downsampled to a maximum fixed
length T, (if their original length exceeds it) and zero-padded.

2. Soft-DTW Distance: For a given test trajectory P and an expert trajectory V' (both of length
T < Tyaz), we define the pairwise Euclidean distance matrix A € R7*T, where A; ; = ||p; —v;||3.
Let A(T,T) represent the set of all valid binary alignment matrices (paths) between two sequences
of length T'. The standard DTW distance minimizes the inner product (A, A) over all A € A.
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Soft-DTW introduces a smoothing parameter v > 0 and replaces the non-differentiable min operator
with a soft-minimum, defined for a set of values {x;} as:

min 7 (zy,...,2,) = —'ylogZe_“/"’ (18)
i=1

The Soft-DTW distance between P and V' aggregates the costs of all possible alignment paths:
dsDTW(P7 V) = min ZXE.A(T,T) <A, A> (19)

This softening ensures that the distance metric is less brittle to localized noise compared to the
standard, strictly optimal DTW path.

3. Minimum Expert Distance and Normalization: The raw trajectory failure is quantified as the
minimum Soft-DTW distance to any expert demonstration in the nominal set:

d (P) = I‘}lellg dsDTW(P, V) (20)

To determine statistical significance, this raw distance is standard-normalized. Let x4 and o be the
empirical mean and standard deviation of all pairwise Soft-DTW distances computed exclusively
within the expert set £:

o+e€
where € is a small scalar added for numerical stability. The resulting scalar (Z(P) serves as the final
failure score for the evaluated trajectory.

2y

C.3 Evaluation Metrics

We assess our framework in two stages: evaluating failure scores independently of decision thresh-
olds, and evaluating the operational end-to-end binary failure detection. Unlike some prior works
that evaluate failure detection solely at the episode level, our predictions are evaluated at a granular
step level, where labels y € {0, 1} correspond to nominal behavior and task failure, respectively.
Let TP, TN, FP, and F'N denote the number of true positives, true negatives, false positives, and
false negatives.

Raw Failure Scoring. To evaluate the intrinsic discriminative power of the continuous anomaly
scores Sy, we report the Area Under the Precision-Recall Curve (AUPR) and the maximum
Matthews Correlation Coefficient (MCC). We explicitly favor AUPR because it is highly sensitive
to false positives, making it a strictly more informative metric for highly imbalanced datasets where
anomalies are rare compared to nominal executions. Furthermore, to capture the optimal threshold-
independent balance between precision and recall, we report the maximum MCC achieved across
all possible thresholds. MCC evaluates the quality of binary classifications on skewed distributions,
yielding a value between —1 and 1 (with 0 indicating random correlation and 1 indicating perfect

correlation):
MCC — TP xTN —FP x FN 22)
\/(TP + FP)(TP+ FN)(TN + FP)(TN + FN)

End-to-End Detection Pipeline. To evaluate the practical deployment readiness of the complete
pipeline, we assess the binary decisions produced by applying the Conformal Prediction (CP) thresh-
olds. This measures the entire system’s ability to safely flag critical failures while remaining robust
to benign variations. We report the True Positive Rate (TPR), True Negative Rate (TNR), and the
threshold-calibrated MCC:
_ TP _ TNR = TN
TP+ FN TN+ FP
These metrics isolate distinct operational requirements: TPR (Recall) evaluates system safety by
measuring the proportion of failures successfully intercepted, while TNR (Specificity) measures op-
erational efficiency by quantifying the ability to ignore benign noise without triggering false alarms.

TPR (23)
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D Additional results

D.1 Impact of the number of demonstration on the results

TPC vs GnnT methods MCC score when gradually increasing the number of demonstrations.

Task: Sort Trash Task: Set the Table
0.950
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0.58 o | |
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Figure 8: Evolution of the MCC score relative to the number of training demonstrations for TPC
and GnnT on the Watchdog dataset. The lines and shaded regions represent the mean and standard
deviation across 10 random demonstration samples.

The analysis of the MCC scores as a function of the number of demonstrations (see Figure 8)
highlights several key dynamics:

First, the non-parametric TPC method demonstrates remarkable resilience in extreme few-shot
regimes (fewer than 25 demonstrations), effectively avoiding the overfitting that degrades the pre-
dictive GnnT model when data is scarce. However, the scaling behavior reveals a strong dependence
on the task’s dynamic complexity. In the continuously evolving Sort Trash environment, GnnT ben-
efits monotonically from increased data, ultimately surpassing TPC beyond 75 demonstrations as its
sequence modeling successfully internalizes complex temporal dynamics. Conversely, in the struc-
turally constrained Set the Table task, TPC maintains a consistent advantage across all data regimes,
suggesting that direct geometric and relational alignment yields a more robust anomaly signal than
future prediction for static, topological failures. Ultimately, these diverging performance trends em-
pirically validate the necessity of our dual-architecture framework to accommodate varying levels
of data availability and environmental complexity.

D.2 Results details per task

Figure 9, 10 and 11 summarizes the threshold-independent discriminative performance of all eval-
uated methods. Across all tasks, both of our methods consistently outperform prior work. In par-
ticular, TPC achieves the best overall performance, with average AUPR reaching 0.690 (BotFails)
and 0.784 (Watchdog), and MCC up to 0.666 and 0.703, respectively. GnnT follows closely, out-
performing all learning-based baselines with AUPR of 0.612 / 0.740 and MCC of 0.529/0.719.

Comparison to trajectory matching baselines. Classical trajectory metrics (AP-RMS, Fréchet,
Soft-DTW) show highly inconsistent behavior. While AP-RMS performs reasonably on structured
sorting tasks (e.g., AUPR 0.70 on Sort 1), it collapses on more complex or cluttered scenarios
involving object identity, spatial arrangement, or task progression (e.g., 0.15 on Waste-sorting).
This highlights a key limitation: these methods ignore inter-object relations and cannot capture
errors beyond geometric deviations.

Comparison to learned representations. Density-based (logpZO, lopO) and reconstruction-
based (AE-Recon) methods provide moderate performance but remain unstable across tasks. For
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Figure 9: threshold-independent discriminative performance - Watchdog dataset tasks. True
Positive Rate (TPR), True Negative Rate (TNR), Average Area Under the Precision-Recall Curve
(AUPR) and maximum Matthews Correlation Coefficient (MCC) across Watchdog dataset tasks.
Error bars denote the standard deviation across task subsets. Best results framed in purple with a
star.
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Figure 10: threshold-independent discriminative performance - Bot-Fails dataset tasks (Table-
setting and Storing dishes). True Positive Rate (TPR), True Negative Rate (TNR), Average Area
Under the Precision-Recall Curve (AUPR) and maximum Matthews Correlation Coefficient (MCC).
Error bars denote the standard deviation across task subsets. Best results framed in purple with a
star.
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Figure 11: threshold-independent discriminative performance - Bot-Fails dataset tasks (Sort-
ing tasks). True Positive Rate (TPR), True Negative Rate (TNR), Average Area Under the Precision-
Recall Curve (AUPR) and maximum Matthews Correlation Coefficient (MCC). Error bars denote
the standard deviation across task subsets. Best results framed in purple with a star.
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instance, logpZO reaches AUPR 0.67 on Dish Tidy Up but drops below 0.20 on Sort 2. Similarly,
FIDeL improves robustness to visual noise but struggles with relational failures (AUPR 0.21 on Sort
2). These results confirm that implicit representations fail to capture structured interactions and task
semantics.

Effect of relational modeling. Both TPC and GnnT explicitly encode object interactions, leading
to substantial gains in MCC (up to +0.4 over baselines). TPC is particularly effective in low-data
regimes, where its non-parametric formulation avoids overfitting and yields strong performance
across all tasks. In contrast, GnnT benefits from larger datasets and excels in dynamic scenarios
(e.g., Sort tasks), where temporal prediction captures delayed effects and interaction patterns that
static metrics miss.

Failure modes and insights. We observe that GnnT underperforms TPC on simpler or low-
variability tasks (e.g., Table-setting), suggesting that predictive models require sufficient data to
fully exploit temporal structure. Conversely, TPC degrades in highly dynamic settings (e.g., moving
conveyor), where alignment-based metrics struggle with temporal variability.
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