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Abstract. Predictive maintenance traditionally relies on static anomaly
detection from isolated sensor readings. In this work, we model device
health as continuous degradation trajectories through a high-dimensional
reconstruction error space. Based on 20-dimensional reconstruction er-
ror vectors generated using a Temporal Convolutional Autoencoder from
cleaning cycles of over 7,000 industrial kitchen appliances, we construct
degradation trajectories segmented into fixed-length chunks. We com-
pare traditional trajectory distance measures (Dynamic Time Warp-
ing, Fréchet, and Euclidean distance) against our proposed approach,
HDTrajCL, a self-supervised, transformer-based TrajCL adaptation. It
maps high-dimensional trajectories into fixed-dimensional embeddings
in linear time, enabling fast cosine similarity comparisons over computa-
tionally expensive sequence alignments. Compressed via PCA, HDTrajCL
embeddings achieve the highest spatial coherence with an AUC-ROC of
0.9728, outperforming the best algorithmic baseline. Clustering experi-
ments validated against customer proxy labels demonstrate a homogene-
ity of 0.480 and an AMI of 0.379. Domain validation against rule-based
defect labels confirms the learned state space localizes discrete compo-
nent faults while capturing the continuous gradient of physical wear.

Keywords: Industrial Predictive Maintenance · High Dimensional Tra-
jectory Similarity · Contrastive Learning.
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1 Introduction

In Predictive Maintenance, degradation is the process of health decline of a
machine over time. Mechanical and electrical components eventually wear out,
requiring replacement despite regular maintenance. In commercial kitchens, un-
expected outages of professional multi-function appliances cause operational dis-
ruptions and direct revenue loss. Monitoring system health is challenging due to
variable daily operational usage. This work uses real-world sensor data collected
from over 7.000 field-deployed appliances by our industry partner. We utilize
standardized cleaning cycles as a reliable baseline for health analysis, monitored
by four embedded temperature sensors across five phases. Initially, our industry
partner relied on rigid threshold rules. Later, a Temporal Convolutional Au-
toencoder (TCAE) trained on non-defective operation was deployed as a robust
alternative [1,2]. With the help of the TCAE, reconstruction error (RE) vectors
are constructed based on Mean Squared Error (MSE) per sensor and phase,
yielding 20-dimensional (4 × 5 = 20D) vectors that quantify deviation from
flawless condition. Sequential cleanings trace a continuous trajectory through
this high-dimensional RE space. Comparing these trajectories requires robust
sequence similarity measures. Traditional distance metrics like Dynamic Time
Warping (DTW) or Fréchet distance incur quadratic complexity O(L2) for tra-
jectory length L [3,4]. Computing pairwise distance matrices for N trajectories
leads to a scalability bottleneck of O(N2). Deep representation learning projects
variable-length data onto a fixed-dimensional continuous embedding space for
direct clustering via cosine similarity. This paper addresses two central Research
Questions (RQ):

1. RQ1: How does self-supervised deep representation learning compare to tra-
ditional distance metrics for measuring similarity between degradation tra-
jectories - in terms of cluster purity, semantic alignment, and scalability?

2. RQ2: Do similar usage patterns and ageing processes manifest as distinct,
traceable trajectories in the RE space?

Contributions The primary contribution is High-Dimensional Trajectory Em-
beddings using Contrastive Learning (HDTrajCL), a novel self-supervised, dual-
feature attention transformer model trained via contrastive learning (InfoNCE).
Adaptations from spatial trajectory learning (TrajCL [5]) include a data-driven
K-Means tokenization layer for state discretization, continuous feature deltas,
and operational energy features. Empirical benchmarks demonstrate the we
achieve superior cluster purity and linear inference scalability with HDTrajCL.
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2 Related Work and Background

Predictive maintenance shifts from rule-based diagnostics to data-driven moni-
toring, learning latent equipment representations from sensor data. Reconstruc-
tion methods like autoencoders and variational autoencoders train exclusively
on healthy data, quantifying subsequent deviations via the RE. In an industrial
study, Krasnikov et al. [2] showed unsupervised deep-learning models success-
fully identify anomalous behaviour in process-complex time series, proving REs
meaningfully represent equipment condition. Building on this, recent prognos-
tics research focuses on learning latent health spaces and indicators capturing
gradual degradation rather than isolated fault events. However, existing ap-
proaches mostly evaluate individual observations or short windows, providing
limited views of long-term degradation dynamics.

Simultaneously, trajectory analysis and self-supervised representation learn-
ing emerged as powerful tools modeling sequential data. Classical similarity mea-
sures like DTW and Fréchet distance [4] compare temporally evolving processes
but require pairwise alignment with quadratic complexity. Recently, contrastive
learning approaches like Contrastive Predictive Coding, TS2Vec [6], and Tra-
jCL [5] demonstrated meaningful sequence representations are learnable from
unlabeled data. Specifically, Chang et al. [5] introduced TrajCL, a dual-feature
contrastive learning framework for spatial trajectory similarity. Nevertheless,
existing trajectory-learning methods primarily focus on geographic movement,
failing to model high-dimensional industrial degradation pathways. This work
addresses this gap by treating equipment wear as trajectories through RE state
space, adapting contrastive learning to non-spatial, multivariate degradation
processes.

3 Data Preparation

The data pipeline transforms raw sensor logs into standardized, continuous RE
trajectory chunks representing appliance wear histories.

Data Source and Preprocessing Sensor measurements are collected at 1Hz

across four primary temperature sensors (Drain Basin, Chamber Wall, Main
Chamber, Boiler) during five fault-sensitive phases of automated cleaning cy-
cles. A pretrained TCAE processes the raw sequences (∼ 12, 000 points over
∼ 200 minutes) to quantify reconstruction deviation as MSE per sensor and
phase, yielding a 20D RE vector e ∈ R20 per cleaning cycle [2]. Filtering over
a two-year period (Nov 2023–Nov 2025) across a single hardware variant yields
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0.81 million cleanings across 7, 400 appliances. To compress heavily right-skewed
error distributions (10−6 to 100), a base-10 logarithm (log10) is applied. Oper-
ational stress between cleanings is captured by active energy consumption (in
kWh) of the heating elements and boiler, transformed via ln(1 + x). All feature
dimensions are Z-score normalized and clipped at ±5σ.

Segmentation, Smoothing, and Trajectory Chunking To isolate uninter-
rupted wear cycles, device histories are partitioned at maintenance events using
offline sliding window change-point detection (L1-norm median cost, discrep-
ancy penalty p = 50) [7]. Retaining only change points where the succeeding
mean error decreases isolates 773 repair points across 574 appliances, yielding
8,046 independent subtrajectories. High-frequency noise is suppressed using a
Savitzky-Golay polynomial filter (window length 21, polynomial order 3) [8].
Subtrajectories are segmented into overlapping fixed-window chunks bounded
by Lmin = 20 and Lmax = 50 cleanings with a stride s = 20. This yields
n = 32, 676 overlapping chunks. Each point pi in a trajectory chunk is for-
mulated as pi = (e⊤i , t

⊤
i )

⊤ ∈ R22, where ei ∈ R20 represents the log10 RE vector
and ti ∈ R2 represents the transformed 2D energy consumption.

4 Concept

This chapter presents the conceptual approach underlying our proposed pipeline
to analyse degradation trajectories. It comprises two stages, each addressing a
research question from Section 1. First, HDTrajCL transforms high-dimensional,
variable-length degradation trajectories into semantically meaningful, fixed-size
embeddings (Section 4.1). This addresses RQ1 in two ways: it enables com-
parison between different feature representations of the underlying RE vectors,
and it replaces algorithmic distance measures with a similarity metric applied to
the learned embeddings. Algorithmic approaches like Dynamic Time Warping
(DTW) or Fréchet distance scale quadratically with trajectory length L, i.e.,
O(L2). Building a full pairwise distance matrix for clustering adds quadratic
cost in data points N , i.e., O(N2). Fixed-dimensional embeddings avoid both
bottlenecks. Second, domain-informed stratification separates standard cleaning
cycles from heavy-duty programs that alter temperatures during rinsing and care
phases, inflating REs independent of actual wear (Section 4.2). This ensures clus-
tering reflects true degradation rather than the type of cleaning program. The
resulting embeddings form the basis for downstream clustering, directly address-
ing RQ2.
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4.1 Contrastive Learning for trajectory embeddings

HDTrajCL retains TrajCL’s dual-feature attention design by combining spatial
and structural feature embeddings [5]. For spatial features, point pi combines
20D RE vector ei, RE delta ∆ei = ei − ei−1 ∈ R20 for local drift, and 2D
energy consumption ti ∈ R2, yielding xspat = (e⊤i , ∆e⊤i , t

⊤
i )

⊤ ∈ R42. To dis-
cretize the high-dimensional RE space without grid constraints or cell explosion,
HDTrajCL partitions feature space via K-Means (k = 128, via elbow analysis) on
5D PCA-reduced RE features. The centroids represent discrete operational wear
states. During training, each RE vector maps to its nearest centroid index, link-
ing to learnable embedding xstruct ∈ Rdmodel optimized to capture inter-cluster
relationships. During inference, this simplifies to a fast nearest-centroid lookup.

Network Architecture An overview of the HDTrajCL architecture is provided
in Figure 1. Continuous spatial features xspat are normalized via Layer Normal-
ization [9] and projected to model dimension dmodel = 64. Structural token em-
beddings xstruct ∈ Rdmodel are additively fused with projected spatial features.
Sinusoidal positional encodings [10] inject temporal order information. A 2-layer

Fig. 1: Network architecture of the HDTrajCL model.

Transformer Encoder backbone (nheads = 4, dfeedforward = 256, dropout 0.1)
processes the sequence via multi-head self-attention. A boolean padding mask
prevents attention to zero-padded elements in variable-length chunks. A masked
mean pooling layer aggregates point-level representations into a global chunk em-
bedding h ∈ R64. During contrastive training, h passes through a 2-layer MLP
projection head with ReLU activations, outputting z ∈ R64, L2-normalized onto
a unit hypersphere.
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Contrastive Objective and Data Augmentations The model is trained
end-to-end using the InfoNCE loss [11]:

LInfoNCE = − log
exp(sim(zi, z

+
i )/τ)

exp(sim(zi, z
+
i )/τ) +

∑
k = 1K exp(sim(zi, z

−
k )/τ)

(1)

where sim(·, ·) is cosine similarity, τ = 0.07 temperature, z+i an augmented
anchor view, and z−k negative batch samples. We optimize using Adam (η =

10−3, weight decay 10−4, batch size 64). Augmented views are generated via
four stochastic methods: 1) Gaussian Noise Addition, 2) Trajectory Truncation
of sequence ends, 3) Sequence Warping via speed curve re-interpolation, and 4)
Channel Masking of feature dimensions.

Intermediate Embedding Dimensionality Reduction The 64D HDTrajCL
chunk embeddings h are further compressed to h′ ∈ R10 with different ap-
proaches, namely linear PCA, UMAP (with cosine metric), and a feed-forward
Autoencoder in prior to downstream state clustering.

4.2 Domain-Specific Data Split and Downstream Clustering

Heavy-Duty Cleaning Split Initial spatial exploration revealed a dominant
binary separation in embedding space. Domain analysis confirmed this split is
caused by an optional heavy-duty cleaning program setting that alters cycle
temperatures during rinsing and care phases (Phases 3 and 4). Because heavy-
duty cleanings were under-represented in the TCAE training data, they exhibit
inherently higher baseline REs. Naive clustering would partition data by cleaning
program rather than by component wear. Consequently, the dataset is split into
heavy-duty and non-heavy-duty subsets; clustering is executed independently on
each subset and merged afterwards.

Clustering Algorithms and Composite Optimization A grid search is
executed independently on both data subsets, whereby Partitioning Around
Medoids (PAM) and Agglomerative Hierarchical Clustering (AC) were eval-
uated for precomputed distance matrices [12,13]. For learned embeddings we
evaluated K-Means, Gaussian Mixture Models (GMM), K-Medoids, and AC
[14,15,16,17]. The model selection itself is guided by a Composite Score Scomp(c)

balancing external validation against customer proxy labels with a simplicity
penalty against over-segmentation Scomp(c) = we ·Sext(c) +ws ·Ssimp(k), where
weights are set to we = 0.7 and ws = 0.3. Here, Sext(c) is the unweighted
mean of min-max normalized external validation metrics (ARI, AMI, Homogene-
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ity, Completeness) computed against 12 verified customer proxy profiles (3, 186
chunks across 301 devices). The linear simplicity penalty Ssimp(k) is defined as
Ssimp(k) = 1 − k−kmin

kmax−kmin
, where kmin = 3 and kmax = 15. Finally, Maximiz-

ing Scomp(c) selects models that capture meaningful physical wear states while
penalizing arbitrary cluster fragmentation.

5 Evaluation

This chapter empirically evaluates the concept (Section 4) regarding the RQs in
Section 1. Section 5.1 compares learned embeddings against algorithmic distance
measures (RQ1), while Section 5.2 assesses whether the embedding space yields
distinct, traceable degradation trajectories (RQ2). The chapter concludes with
a domain validation using expert-labeled defects (Section 5.3) and an analysis
of cluster transition dynamics (Section 5.4).

5.1 Comparison of Trajectory Distance Measures (RQ1)

HDTrajCL embeddings are compared against three algorithmic baselines. Eu-
clidean distance computes point-wise distance across flattened trajectory vectors,
DTW permits non-linear temporal alignment, and Fréchet distance evaluates
maximum point divergence along an alignment path [3,4,18]. All three are eval-
uated on raw 20D RE vectors and on vectors compressed via PCA, UMAP, or an
AE [19,20,21]. For HDTrajCL, dimensionality reduction is applied to the learned
64D embeddings, with similarity quantified via cosine similarity.

Qualitative Feature Projection Analysis Since the TCAE is trained only on
healthy appliances (Section 1), RE magnitude quantifies deviation from flawless
conditions, proxying physical wear. Representations capturing true degradation
must place chunks with similar RE magnitudes spatially close. Figure 2 com-
pares two methods. For the algorithmic baseline, pairwise DTW distances are
computed first and passed to UMAP as a precomputed metric. For HDTrajCL,
learned 64D embeddings are directly projected. Both projections show smooth
error gradients across phases, confirming they capture physical degradation over
algorithmic artifacts. Both spaces exhibit distinct "wings" separating standard
from heavy-duty cleaning modes, driven by phase 3 and 4 error shifts.

Direct Spatial Coherence Evaluation Before clustering trajectories, we eval-
uate spatial coherence. Chunks from one subtrajectory represent continuous de-
vice wear. Under a coherent metric, subsequent overlapping chunk pairs from
the same subtrajectory should exhibit lower distances than other chunks from
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(a) DTW distance matrix (20D RE). (b) HDTrajCL embeddings.

Fig. 2: Qualitative 2D UMAP projections colored by mean RE across sensors and
phases.

different ones. We quantify this via binary classification - same vs. different sub-
trajectory predicted from distance - reporting AUC-ROC over a random sample
of 3, 000 subtrajectories (17, 272 chunks). Best results are shown in Table 1.
HDTrajCL embeddings compressed with 10D PCA achieve the highest overall
score (AUC-ROC = 0.9728), outperforming the best algorithmic distance (DTW
on 5D UMAP features at 0.9705). For algorithmic metrics, UMAP feature reduc-
tion significantly boosts DTW on raw log10 chunks (20D) from 0.9469 to 0.9705,
acting as a non-linear noise filter. UMAP also outperforms PCA (5D, 0.9369)
and AE (5D, 0.9052). DTW consistently outperforms Euclidean and Fréchet
metrics.

Tab. 1: Spatial coherence evaluation via subtrajectory classification AUC-ROC.
Dist. Metric Feature DR. AUC-ROC↑

Euclidean UMAP (5D) 0.9682
DTW UMAP (5D) 0.9705
Fréchet UMAP (5D) 0.9545

(a) Algorithmic Trajectory Distances

Embedding DR. AUC-ROC↑

Raw 64D HDTrajCL 0.9707
PCA (10D) 0.9728
UMAP (10D) 0.9599
AE (10D) 0.9627

(b) Learned Embedding Distances
Abbreviations: Dist. = Distance, DR. = Dimensionality Reduction.

5.2 Trajectory Clustering and State Space Quantization (RQ2)

External Validation via Customer Proxy Labels Since physical wear pro-
gresses continuously without hard boundaries, internal metrics (Silhouette, Da-
vies-Bouldin) penalize natural overlap. Evaluating semantic purity, 12 customer
profiles with standardized usage (3, 186 chunks across 301 devices) serve as ex-
ternal proxies. Grid search over cluster numbers k ∈ [3, 15] uses the Composite
Score. We select k = 13 clusters for standard cleaning and k = 8 for heavy-
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duty subsets. Table 2 compares top-performing configurations. The embedding
pipeline (HDTrajCL + UMAP 10D + GMM) yields the highest mean score
(0.344), Homogeneity (0.480), and AMI (0.379). The best algorithmic baseline
(Raw log10 + DTW + K-Medoids) attains a 0.333 mean score and higher ARI
(0.269). Figure 3 displays the best cluster topologies in 2D space.

Tab. 2: Comparison of top clustering configurations evaluated against customer proxy
labels.

Algorithmic Trajectory Distances

Feat. DR Dist. Metric Clust. AMI ↑ ARI ↑ Hom. ↑ Comp. ↑ Mean ↑ Rank ↓

Raw log10 DTW PAM. 0.343 0.269 0.412 0.308 0.333 1
Raw log10 Euclidean PAM 0.337 0.195 0.422 0.297 0.313 2
UMAP Euclidean PAM 0.336 0.204 0.413 0.296 0.312 3
PCA DTW PAM 0.329 0.160 0.438 0.280 0.302 4

Learned Embedding Distances

Embedding DR Clust. AMI ↑ ARI ↑ Hom. ↑ Comp. ↑ Mean ↑ Rank ↓

UMAP (10D) GMM 0.379 0.189 0.480 0.326 0.344 1
UMAP (10D) K-Means 0.376 0.185 0.475 0.325 0.340 2
UMAP (10D) K-Med. 0.369 0.186 0.471 0.319 0.336 3
PCA (10D) GMM 0.348 0.146 0.481 0.290 0.316 5

Abbreviations: Feat. = Feature, DR. = Dimensionality Reduction, Dist. = Distance,
Hom. = Homogeneity, Comp. = Completeness, Clust. = Clustering, K-Med. = K-Medoids.

(a) DTW + K-Medoids (20D RE). (b) HDTrajCL + UMAP (10D) + GMM.

Fig. 3: Comparative 2D UMAP cluster partition visualizations for top algorithmic
baseline vs. learned embedding pipeline.

5.3 Domain Validation with Rule-Based Defect Labels

To evaluate fault alignment, rule-based defect labels are aggregated across chunks
(40% cleaning threshold). Figure 4 visualizes defect distributions alongside ex-
pert cluster verification. Discrete mechanical failures exhibit highly localized em-
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bedding space patterns. A jammed climate flap causes an unexpected Chamber
Wall temperature rise during Phase 6 (Drying), forming dense peripheral clus-
ters. Reduced steaming power manifests as rapid boiler heating lag, isolating
fault regions near manifold boundaries. Unlike discrete breaks, chamber leaki-
ness from gasket degradation shows a continuous gradient from healthy outer
regions (RE ∼ 10−6) toward central defect states (RE ∼ 100). Expert inspec-
tion confirms learned clusters isolate faults like boiler defects, air leakages, and
jammed flaps.

(a) Rule-based defect label distribution. (b) Domain expert defect state clusters.

Fig. 4: Validation of learned state space using rule-based defect labels and domain
expert verification.

5.4 Cluster Transitions and Degradation Pathways

Wear-out history is modeled as a directed transition graph G = (V,E), with clus-
ter nodes V and edges E recording consecutive chunk transitions. Self-transitions
(devices remaining in the same cluster) comprise 70–90% of steps and are ex-
cluded, reflecting persistence over change. Remaining transitions concentrate on
few neighboring states: in the standard cleaning subset, several states funnel over
60% of outgoing transitions into two clusters. In the heavy-duty subset, three
states absorb over 80% of one state’s outgoing transitions. This pattern indicates
directional drift over random wandering. Appliances progress through limited ad-
jacent intermediate states, matching the continuous, gradient-like degradation
observed in Section 5.3 between healthy peripheral and central defect states.
These structured, predictable transitions inform an appliance’s likely next states,
establishing a basis for forecasting future defect probabilities.



Trajectory Embeddings with Contrastive Learning 11

6 Conclusion and Future Work

We introduced HDTrajCL, a self-supervised contrastive learning framework rep-
resenting industrial degradation as trajectories through a high-dimensional RE
space. Combining REs, temporal dynamics, and operational energy features,
it learns compact embeddings capturing degradation behaviour over time. For
RQ1, learned embeddings provide higher semantic quality and scalability than
traditional trajectory similarity measures. HDTrajCL achieved the strongest
performance, avoiding quadratic computational costs of alignment-based meth-
ods like DTW and Fréchet distance. Regarding RQ2, similar usage and age-
ing processes manifest as structured, traceable trajectories within the learned
space. Specific customer profiles populate clusters, while rule-based defect la-
bels and expert validation confirm the localization of distinct fault states. Ap-
pliances progress through recurring transition pathways, indicating continuous,
predictable degradation patterns rather than random state changes.

Overall, these findings demonstrate trajectory representation learning’s po-
tential to advance Predictive Maintenance from static anomaly detection toward
modelling equipment health evolution. Although limited to a single appliance
family using REs, the learned state space captures meaningful degradation dy-
namics. Future work will validate these dynamics via field inspections, integrate
domain-specific features, extend the approach to other appliances, and explore
predictive applications like degradation forecasting and remaining useful life es-
timation.
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