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Abstract
Machines are commonly monitored by training a fault detector on healthy data alone and flagging anything unusual. This is hard when the machine runs at varying speed, because a healthy machine vibrates and sounds very different across its speed range, so a real fault at one speed can look no stranger than a healthy machine at another. When speed changes, a detector can ignore it, adjust its healthy reference for the measured speed, or remove the speed by transforming the signal (order tracking, the classical approach). We show, on real machinery data, that the right choice is not obvious. Removing speed by order tracking is worse than ignoring it once the test speeds differ from training, while adjusting the healthy reference for the measured speed works best. The method is deliberately simple: subtract a local healthy average matched to the current speed, then flag large leftover deviations, with no deep network. In a leakage-free test that holds out whole speeds, adjusting reaches ROC-AUC 0.956, against 0.901 for ignoring speed and 0.820 for removing it, and it wins on all five fault types on the MaFaulDa rig. The pattern holds on the MIMII-DG machine-sound dataset, except on a machine whose recorded setting was a background-noise level rather than a real operating state, where adjusting hurt. The right handling therefore depends on whether the condition actually drives the healthy behaviour, and we give a simple healthy-data-only check for deciding.
1  Introduction
Vibration and acoustic signatures are the standard evidence for the mechanical health of rotating machinery. In deployment the operative formulation is unsupervised: a detector is trained only on data from a healthy machine and must flag any deviation, because labeled fault examples are scarce, expensive, and rarely cover the fault that eventually occurs. This normal-only framing is the one adopted by the DCASE (Detection and Classification of Acoustic Scenes and Events) unsupervised anomalous-sound-detection challenges [3, 4] and by most machine-condition autoencoder work.
The dominant obstacle in this setting is operating-condition shift. A healthy machine at 1500 rpm and the same machine at 3500 rpm produce spectra whose peaks sit at entirely different frequencies; a normal-only model that pools across speeds therefore learns a wide, diffuse notion of "normal," and a genuine fault at an intermediate speed can score no more anomalous than a healthy sample at an unseen speed. The challenge is recognized: the DCASE 2021 and 2022 tasks explicitly frame speed and load variation as the cause of a domain shift between training and test [3, 4].
When a machine's operating condition is measured, rotation speed here, a normal-only detector has three choices for handling it. It can ignore the condition and pool a single healthy model across all speeds. It can remove the condition by transforming the signal, most commonly order tracking: resampling against shaft angle so that rotation-locked components land in fixed order bins regardless of speed. Or it can adjust its healthy model for the measured condition, that is, condition on it, which rotating machinery already supplies through its tachometer. Each choice keeps or discards different information: ignoring lets speed widen the normal class so faults hide in its spread; removing smears any component whose frequency is fixed in Hz rather than in shaft orders, and can destroy fault-relevant structure; adjusting keeps the condition but must estimate the healthy response as a function of it.
This paper treats that choice as the object of study rather than assuming an answer. We show on real machinery data that the right choice is not fixed. Removing rotation speed by order tracking is worse than ignoring it under speed shift, while adjusting for the measured speed beats both; yet adjusting for an attribute that is not a genuine operating state, a background-noise setting, is worse than ignoring it. We give a lightweight, nonparametric way to adjust, and a healthy-data-only rule for the choice: adjust only when the condition actually drives the healthy behaviour, measured by the cross-validated variance it explains, and remove only with caution, because removal can discard fixed-frequency fault energy. Our contributions are:
· A framing of healthy-reference construction under a measured operating covariate as a three-way choice, ignore the covariate, condition the healthy model on it, or remove it with an invariant transform, and evidence on MaFaulDa [1, 2] that the right choice is not fixed: removing rotation speed by order tracking is worse than ignoring it under speed shift, while conditioning on the measured speed beats both.
· A lightweight, nonparametric realization of conditioning, a local covariate-conditional healthy mean subtracted before a standard reconstruction-error detector, competitive without a deep conditional generator, backbone-agnostic across PCA and autoencoder detectors and effective across accelerometer and microphone channels.
· A healthy-only criterion for the choice, the cross-validated healthy variance the covariate explains, consistent with conditioning helping for genuine operating covariates and failing for the MIMII-DG fan noise mixture.
· A leakage-free leave-one-speed-out evaluation with cross-fitted healthy means and cluster-level uncertainty, plus a covariate-shuffle control showing the gain requires the true covariate.
2  Related work
Unsupervised anomaly detection. Normal-only detection is a broad field. Reconstruction and generative detectors flag inputs the model reconstructs poorly, from autoencoders and their memory-augmented variants [17] to adversarial and generative models [15, 16] and discriminatively trained reconstruction embeddings [14]; one-class and feature-distribution methods model the healthy region directly [11, 13] or by recall over a memory bank of healthy patches [12], and industrial benchmarks such as MVTec AD standardized the setting [18]. A parallel family scores a test point by its distance to healthy examples in a pretrained feature space, using Mahalanobis or nearest-neighbour statistics [35, 36, 37, 38]; we adopt a nearest-neighbour construction, but in the covariate rather than the feature space. For machine sound specifically, the DCASE Task 2 series and its datasets MIMII [5] and ToyADMOS [6] are the standard testbeds. None of these methods model the operating condition explicitly.
Machine condition monitoring. Vibration-based fault diagnosis has a large literature, surveyed for deep learning in [19, 20] and for bearings specifically in [22], with the CWRU set a common benchmark [21]. This work is predominantly supervised multi-class classification; the unsupervised, normal-only setting we study is the harder and more deployment-realistic one.
Domain shift and domain generalization. DCASE 2021 introduced anomalous-sound detection under domain shift and named motor speed and signal-to-noise ratio as its causes; DCASE 2022 reframed the task as domain generalization across source and target domains [3, 4], and later editions turned to the first-shot setting [27]. Strong systems use self-supervised classification of section or attribute labels and outlier exposure [28]. Transfer-learning approaches to variable-condition fault diagnosis are surveyed in [29]. In these the operating condition enters as a discrete source/target label or categorical attribute. Closer to our setting, recent methods do model continuously varying operating conditions for normal-only machinery anomaly detection, learning a flowing normal distribution with a conditional generative model [40] or a state-space healthy model [41], and continuously indexed domain generalization has been applied to supervised diagnosis [42]. These rely on conditional generative or state-space models; we ask instead whether a lightweight nonparametric conditional residual suffices, and how explicit conditioning compares head-to-head with speed normalization.
Speed-invariant fault diagnosis. Order tracking and angular resampling are the classical route to speed robustness: computed order tracking [23], the Vold-Kalman tracking filter [25], and angular resampling of the raw signal [24], with envelope and spectral-kurtosis analysis isolating bearing fault bands [24, 26]. Recent unsupervised, variable-speed methods pursue the same invariance goal with order-tracking autoencoders and order-adaptive subspace learning (OASSL) [9]. Invariance and conditioning are different design choices: invariance removes the covariate, conditioning models the response given the covariate. Our results indicate that for anomaly detection under speed shift, removing speed can be worse than not addressing it at all.
Conditional and contextual anomaly detection. Conditioning a normal model on an auxiliary variable is an established idea: conditional (or contextual) anomaly detection dates to Song et al. [10]. Conditional density models, in particular normalizing flows [30, 31, 32] and conditional variational autoencoders [34], support conditioning a likelihood on side information, and flow-based detectors condition on spatial position for defect localization [7, 33]; others condition an autoencoder on a discrete machine identity [8]. Building on this line, our contribution is not that continuous conditioning is new but a controlled comparison: a direct, matched-backbone study of explicit continuous speed-conditioning against order-tracking invariance for normal-only detection under speed shift, realized with a deliberately lightweight nonparametric conditional residual rather than a conditional generator. Our discrete-bin ablation sharpens the point: conditioning on the continuous covariate beats conditioning on a binned (discrete) version of it.
3  Problem formulation
We are given a training set of healthy windows , where $x_i \in \mathbb{R}^ds_i \in \mathbb{R}$ is the measured operating covariate, here the rotation speed from a tachometer. Training contains no fault examples. At test time, given a window , a detector outputs an anomaly score  that should be larger for faults than for healthy windows. The difficulty is operating-condition shift: the healthy conditional  varies strongly with , so a fault at one speed can resemble a healthy window at another. Three model families address this differently. The pooled (unconditional) family models  and ignores . The invariant family transforms  so that  is approximately independent of , most commonly by order tracking, and models . The conditional family, which we advocate, models  directly using the measured covariate. Invariance removes ; conditioning uses it.
4  Method
Features. Each recording carries a once-per-revolution tachometer pulse train. Using the pulses, we segment the recording into non-overlapping windows  of  shaft revolutions and take the log-magnitude spectrum of a chosen sensor channel, , as the feature. The window speed  is the sampling rate divided by the median tachometer pulse spacing .
Speed-conditional detector. Figure 1 shows the pipeline. We estimate the local healthy mean at speed  by a k-nearest-neighbour average in the speed variable,

and detect on the residual . With  the residual standardized by the training-residual mean and standard deviation, and  the top- principal components of the standardized healthy-training residuals, the anomaly score is the reconstruction error

Subtracting  removes the operating-condition component of the healthy spread while preserving fault-induced deviations, and it needs only the tachometer signal that rotating machinery already provides. As  the estimate  tends to the global mean and the detector reduces to the unconditional baseline, a degenerate limit we verify empirically. A discrete-covariate variant replaces the kNN average by the mean of the training bin into which  falls; a stronger backbone replaces the PCA reconstruction error by that of a dense autoencoder trained on the residuals. The estimator is deliberately simple: the contribution is the conditioning principle, not a particular smoother.
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Figure 1. The speed-conditional detector. A window is formed over whole shaft revolutions and reduced to a log-magnitude spectrum x with its measured speed s. The speed-conditional mean m(s), the average of the k healthy-training windows nearest in speed, is subtracted; the reconstruction error of the residual r = x − m(s) is the anomaly score. Only the mean-subtraction stage differs from the unconditional baseline.
Baselines. The unconditional and conditional detectors use the feature  above, in which each fixed-revolution window is resampled to a common length before the spectrum is taken; this normalizes the average time-scaling of one window but leaves fixed-frequency structure at its physical position, so  is a revolution-normalized spectrum rather than a fully order-tracked one. The invariance baseline instead uses an order-tracked spectrum, obtained by resampling each window from time to instantaneous shaft angle using the tachometer pulses, so rotation-locked components occupy speed-independent order bins and within-window speed fluctuation is also removed. All three families share the same backbone, window, and feature dimension; the comparison isolates how the covariate is treated, ranging from revolution normalization to full order tracking to explicit conditioning.
Algorithm 1: speed-conditional detector
1. Train (healthy only): compute residuals ; standardize; fit  = top- PCA of the standardized residuals (or train an autoencoder on them).
1. Score : find  by binary search in the sorted training speeds; form ; standardize; return .
Training costs one PCA, ; scoring costs a  speed lookup plus a  projection. The method adds only the kNN mean over the unconditional detector, and stores the training windows (or their per-speed summaries) for the lookup.
5  Experimental setup
We use the MaFaulDa machinery-fault database [1, 2]: a rotor test rig instrumented with two tri-axial accelerometers (underhang and overhang bearings), a microphone, and a tachometer, sampled at 50 kHz. It contains a healthy class and five fault classes (horizontal and vertical shaft misalignment, mass imbalance, and underhang and overhang bearing faults), recorded across rotation speeds spanning roughly 12–60 Hz. Unless stated otherwise the sensor channel is the underhang axial accelerometer.
Protocols. Every detector is trained only on healthy windows. We report two regimes. Matched-speed: train on a random 60% of healthy windows across all speeds and test the remainder against faults. Because MaFaulDa has one healthy recording per speed, this split shares recordings between train and test, so we treat it as an in-distribution reference and use the leave-one-speed-out protocol below as the leakage-free generalization test. Held-out-speed (leave-one-band-out): partition the speed axis into six equal-width bands, train the healthy model on all-but-one band, and test healthy and fault windows drawn only from the held-out band; this measures generalization to unseen operating speeds. We score with ROC-AUC of healthy-test versus fault, and report matched-speed means over ten random splits. Unless stated otherwise, windows span  shaft revolutions resampled to 256 samples per revolution ( spectral bins), the conditional mean uses  nearest neighbours in speed, the PCA retains  components, and the autoencoder is a dense 256-32-256 network on the residuals.
Controls. Two controls guard the claims. A normal-versus-normal null checks that held-out healthy windows score at chance against other held-out healthy windows (AUC ≈ 0.5), ruling out that the detector keys on the split. A covariate-shuffle control detrends the healthy-test windows with randomly permuted speed labels; if the gain is genuinely the speed-conditioning, this must collapse the AUC.
6  Results
Table 1. ROC-AUC per fault type (underhang axial accelerometer). Columns: Base (unconditional), Inv (order-tracking invariance), Cond (ours), for the matched-speed (M) and held-out-speed (H) regimes. M is the mean over five splits; H is the leave-one-band-out mean. Conditioning is best in every cell; the invariance baseline never beats the unconditional baseline under speed shift.
	Fault type
	Base (M)
	Inv (M)
	Cond (M)
	Base (H)
	Inv (H)
	Cond (H)

	Horizontal misalignment
	0.856
	0.872
	0.957
	0.689
	0.627
	0.794

	Vertical misalignment
	0.977
	0.950
	0.996
	0.970
	0.872
	0.984

	Imbalance
	0.860
	0.888
	0.969
	0.741
	0.669
	0.852

	Underhang bearing
	0.999
	0.991
	1.000
	0.997
	0.960
	0.999

	Overhang bearing
	0.981
	0.973
	0.995
	0.939
	0.873
	0.955

	Pooled
	0.956
	0.954
	0.989
	0.897
	0.835
	0.937


Table 1 is the main result, and Figure 2 summarizes it alongside the backbone and channel comparisons. Conditioning is the best detector for every fault type in both regimes. The invariance baseline is the more revealing comparison: order tracking sometimes edges the unconditional baseline at matched speed, but under speed shift it is worse than doing nothing on the pooled result (0.835 versus 0.897) and on every per-fault held-out result, because it smears the fixed-frequency structural resonances that carry much of the fault energy. At the finer per-band level it edges the baseline in the two fastest bands (Figure 3a), where order-locked content dominates, but it loses on the mean and collapses at low speed. Under speed shift, removing speed costs 6.2 AUC points relative to the unconditional detector, while conditioning on the same tachometer signal gains 4.0. The bearing faults are near-saturated at matched speed, so the substantial matched-speed gains concentrate on the harder misalignment and imbalance faults (for example 0.858 → 0.969 on imbalance); the held-out-speed gains are universal.
Across ten random matched-speed splits the pooled figures are baseline 0.956 ± 0.004 (partial AUC at 10% false-positive rate 0.866), invariance 0.954 ± 0.007 (pAUC 0.832), and conditioning 0.989 ± 0.002 (pAUC 0.949), with the conditioning bootstrap interval [0.981, 0.993] clearing the baseline interval [0.941, 0.965]. A paired Wilcoxon test rejects equality of conditioning against both baseline and invariance in the matched regime () and across the six held-out bands ( versus baseline,  versus invariance).
Leakage-free generalization. MaFaulDa provides one healthy recording at each speed, so the matched-speed split shares recordings between train and test and is an in-distribution reference rather than a generalization test. The definitive test is leave-one-speed-out: hold out each healthy recording in turn, train the detector on the others with the conditional mean cross-fitted so the held-out recording never contributes to its own local mean, and score the held-out healthy windows against faults. Over the 44 evaluable recordings (Table 6), conditioning reaches 0.956 with a cluster-bootstrap interval over recordings of [0.941, 0.970], against 0.901 for the unconditional baseline and 0.820 for invariance, whose intervals sit clear below it; the paired per-recording Wilcoxon test gives  against both. Removing the leakage lowers every number but widens conditioning's margin, over the baseline from +0.033 at matched speed to +0.055, and over invariance to +0.136. The result therefore strengthens, not weakens, under the stricter protocol.
Table 6. Leakage-free leave-one-speed-out ROC-AUC (44 held-out healthy recordings, cross-fitted conditional mean, sklearn AUC), with 95% cluster-bootstrap intervals over recordings. All five detectors are computed in one pass on the same recordings and splits. Conditioning wins with a separated interval and paired per-recording Wilcoxon p < 10−10; per-speed score normalization does not move the baseline (p = 0.70).
	Detector
	AUC
	95% CI

	Unconditional baseline
	0.901
	[0.874, 0.927]

	Per-speed score normalization
	0.895
	[0.871, 0.916]

	Invariance (order tracking)
	0.820
	[0.778, 0.864]

	Conditioning (ours)
	0.956
	[0.941, 0.970]

	Conditioning, support-aware
	0.966
	[0.953, 0.978]


Score normalization is not a substitute for conditioning. A natural objection is that conditioning's advantage could be reproduced without touching the feature model, simply by normalizing the unconditional anomaly score for speed. We test this directly with a per-speed score-normalization control: the unconditional score is standardized by a local (nearest-neighbour-in-speed) healthy median and scale, which fixes the score margin per speed while leaving the feature space untouched. Under leave-one-speed-out it reaches 0.895 [0.871, 0.916], statistically indistinguishable from the unconditional baseline (paired per-recording Wilcoxon ) and far below conditioning. Normalizing the score does not improve separability; the gain lives in the feature space, not the score margin. The operating point makes the same point in deployment terms. At a single healthy-calibrated threshold, set on a disjoint calibration split to give roughly 2% false alarms and held fixed across speed (averaged over ten seeds), conditioning detects 78% of faults uniformly across the 12–61 Hz envelope, with a per-band detection coefficient of variation of 0.05. Score normalization matches the average detection rate (77%) but not its uniformity: its per-band detection swings from 0.58 to 0.98 (coefficient of variation 0.20). A single alarm threshold transfers across the operating range only when the covariate is modelled in the feature space (Table 7).
Table 7. Operating point at one healthy-calibrated threshold. The threshold is fixed on a disjoint healthy calibration split to give roughly 2% false alarms and held constant across speed; detection rate (TPR) is averaged over ten seeds, and its across-band coefficient of variation measures how uniformly the fixed threshold transfers over the 12–61 Hz envelope. Conditioning gives the highest and most uniform detection; per-speed score normalization matches the mean but not the uniformity.
	Detector
	False-alarm rate
	Detection (TPR)
	Across-band CoV

	Unconditional baseline
	0.016
	0.615
	0.13

	Per-speed score normalization
	0.025
	0.769
	0.20

	Conditioning (ours)
	0.018
	0.782
	0.05

	Conditioning, support-aware
	0.016
	0.772
	0.05


The gain is spectral, not a level effect. To rule out that conditioning merely exploits differences in overall vibration energy, we repeat the leave-one-speed-out comparison on L2-normalized spectra, which removes each window's level and leaves only spectral shape. The ordering is preserved and sharpens: conditioning 0.916, unconditional 0.787, invariance 0.647. Conditioning stays well ahead on shape alone, confirming that it keys on fault-induced spectral structure rather than loudness.
Support-aware conditioning (ablation). Near the edges of the observed speed range the local mean must extrapolate. Blending the local conditional mean toward the global healthy mean by a support weight that decays as the query leaves the observed speed density gives a small but consistent improvement, 0.966 [0.953, 0.978] leave-one-speed-out (paired Wilcoxon  against plain conditioning), with the gain concentrated at the speed-range edges (0.997 versus 0.993). We report it as an ablation; the main claims do not depend on it.
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Figure 2. (a) Per-fault matched-speed AUC for baseline, invariance and conditioning. (b) The conditioning gain is backbone-agnostic: nearly identical under a PCA and an autoencoder detector, and larger than the difference between the backbones. (c) Conditioning wins on every channel including the microphone; multi-channel fusion is below the best single channel without conditioning but best of all with it.
Backbone-agnostic, and invariance stays behind. Table 2 repeats the pooled comparison under two backbones, a PCA reconstruction and a dense autoencoder, and adds the invariance arm at each. Three things hold. The conditioning gain is essentially unchanged across backbones (+0.033/+0.040 for PCA, +0.032/+0.043 for the autoencoder), and the autoencoder alone does not beat PCA alone, so the improvement comes from conditioning, not from backbone capacity. The invariance approach does not recover when given the stronger backbone: order tracking under the autoencoder still collapses under speed shift (0.809), below the unconditional detector. Nor is this a matter of under-tuning the invariance arm. Sweeping its detector, PCA rank from 16 to 256 and autoencoder latent width from 16 to 64, moves its held-out-speed AUC only within [0.780, 0.837]; the best configuration, 0.837, still sits below the unconditional baseline (0.897), because the limitation is representational, order tracking discards the fixed-frequency fault energy, not a matter of detector capacity. Since the strongest recent speed-invariance method for this setting, OASSL [9], is not publicly available, we take an order-tracked spectrum with a tuned reconstruction detector as its reproducible in-class representative; conditioning outperforms it at both backbones and across the tuning sweep.
Table 2. Pooled ROC-AUC (matched / held-out speed) by backbone and treatment. The conditioning gain is backbone-agnostic, and the invariance (order-tracking) arm stays below the unconditional baseline under speed shift at both backbones.
	Backbone
	Unconditional
	Invariance
	Conditioning

	PCA
	0.956 / 0.897
	0.954 / 0.835
	0.989 / 0.937

	Autoencoder
	0.952 / 0.890
	0.960 / 0.809
	0.984 / 0.933


Across channels and fusion. Table 3 varies the sensor channel. Conditioning wins on both accelerometers and on the microphone. Two points stand out. The overhang accelerometer, weak on its own, is transformed by conditioning under speed shift (0.591 → 0.952). And fusion of the three channels, by averaging standardized scores, is below the best single channel without conditioning (0.940 < 0.957, because the weak channels drag the average down) but the best detector of all with conditioning (0.992/0.959): conditioning equalizes the channels and is what makes fusion pay.
Table 3. Pooled ROC-AUC by channel (matched / held-out speed). Conditioning wins on every channel; fusion helps only with conditioning.
	Channel
	Unconditional
	Conditioning

	Underhang accelerometer
	0.956 / 0.897
	0.989 / 0.937

	Overhang accelerometer
	0.726 / 0.591
	0.889 / 0.952

	Microphone
	0.873 / 0.658
	0.936 / 0.716

	Fusion (all three)
	0.940 / 0.830
	0.992 / 0.959


Ablations: neighbourhood size and continuous versus discrete conditioning. Figure 3 examines the method's single hyperparameter and its central design choice. The neighbourhood size  has a broad optimum: matched-speed AUC peaks near  and held-out AUC is flat over  (panel b). At the degenerate limit  the conditional mean becomes the global mean and the detector reproduces the unconditional baseline to three decimals (0.956 / 0.897), a built-in consistency check that the implementation passes. Panel (c) and Table 4 answer the question the novelty claim raises: is a continuous covariate necessary, or does any conditioning suffice? Binning the speed into 4, 8, or 16 bins and subtracting the per-bin mean already improves over the unconditional baseline (0.956 to 0.980 matched as the bins refine), which shows conditioning helps at all; continuous nearest-neighbour conditioning then improves further to 0.989, above the finest binning, which shows the continuous covariate carries value a discrete domain label does not.
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Figure 3. (a) Held-out-speed degradation: conditioning holds above the baseline at every held-out band except the slowest, where it is within 0.002; invariance falls below the baseline on the mean and at low speed, edging above it only in the two fastest bands. (b) Sensitivity to the neighbourhood size k; the dotted line is the unconditional baseline, which k = n ("all") recovers. (c) Continuous nearest-neighbour conditioning exceeds discrete-bin conditioning at every bin count.
Table 4. Continuous versus discrete-bin conditioning, pooled ROC-AUC (matched / held-out speed). Conditioning on the continuous covariate exceeds conditioning on a binned version of it, the form the nearest prior work takes.
	Conditioning
	Matched
	Held-out

	None (unconditional)
	0.956
	0.897

	Discrete, 4 bins
	0.969
	0.917

	Discrete, 8 bins
	0.974
	0.928

	Discrete, 16 bins
	0.980
	0.922

	Continuous (nearest-neighbour)
	0.989
	0.937


Mechanism control. A covariate-shuffle control establishes that the gain requires the true speed labels, not the detrending operation alone. On the horizontal-misalignment configuration, detrending healthy-test windows with their true speeds gives AUC 0.961; detrending the same windows with randomly permuted speed labels collapses it to 0.419, with the mean healthy score rising accordingly. The normal-versus-normal null sits at 0.50 for all methods, confirming the detectors do not key on the train/test split.
Robustness to speed error, and the choice of detector. Two further ablations bound the method. First, it tolerates an imperfect tachometer. Adding relative Gaussian noise to the measured speed degrades matched-speed AUC gracefully, from 0.990 at no noise to 0.982 at 2% error and 0.965 at 10%, and it stays above the unconditional baseline (0.956) even at 20% error; since realistic tachometer error is well below one percent, the method needs a measured speed, not a precise one. Second, the conditional-mean plus reconstruction-error design is what delivers the cross-speed gain. A local Mahalanobis alternative, which scores a window against the mean and per-dimension variance of its speed-neighbours, reaches a higher matched-speed AUC (0.999) but falls to 0.792 under speed shift, below the reconstruction-error detector (0.937): the richer local model overfits the matched regime, while the simpler residual generalizes.
A second dataset, and the scope of the operating covariate. The principle is not specific to MaFaulDa. On MIMII-DG [39], the DCASE 2022 domain-generalization benchmark of machine sounds, each machine provides an operating attribute and a source/target domain split; we condition a log-mel reconstruction detector on that attribute, using nearest neighbours for continuous attributes and the per-value mean for discrete ones, and evaluate all five machine types (Table 5). Conditioning improves both domains on the four machines whose attribute is a genuine operating covariate: bearing rotation speed, gearbox voltage, slider velocity, and the valve operation pattern. The gain is sharpest on the shifted target domain: valve target detection, which the unconditional detector drives below chance (0.376) because the domain shift makes target-normal sound anomalous, is restored to 0.632 by conditioning on the operation pattern. The exception is the fan, whose domain attribute is a categorical mixture of background machine noises rather than a machine operating state; there conditioning gives no benefit, which is the expected boundary of the method. The pattern across machines is therefore consistent with the thesis: conditioning helps when the covariate is a genuine operating condition, on both continuous covariates (speed, voltage, velocity) and an ordinal discrete one (valve pattern). These per-machine source and target AUCs isolate the conditioning effect on a deliberately simple detector; they are not a challenge submission, whose official score aggregates AUC and partial AUC across all machines by harmonic mean.
Table 5. Cross-dataset breadth on MIMII-DG (DCASE 2022 domain generalization), ROC-AUC per machine and domain. Conditioning helps on both domains for the four machines with a genuine operating covariate; the fan, whose attribute is a categorical background-noise mixture, is the expected exception.
	Machine (attribute)
	Domain
	Unconditional
	Conditioning

	Bearing (rotation speed)
	source
	0.609
	0.649

	Bearing (rotation speed)
	target
	0.623
	0.645

	Gearbox (voltage)
	source
	0.748
	0.809

	Gearbox (voltage)
	target
	0.645
	0.710

	Slider (velocity)
	source
	0.726
	0.789

	Slider (velocity)
	target
	0.622
	0.662

	Valve (operation pattern)
	source
	0.690
	0.734

	Valve (operation pattern)
	target
	0.376
	0.632

	Fan (noise mixture)
	source
	0.955
	0.943

	Fan (noise mixture)
	target
	0.716
	0.670


7  Discussion and limitations
The lesson is a decision, not a default: when a normal-only detector must operate across a measured operating covariate, the right treatment depends on the covariate. For rotation speed the ranking is clear, conditioning beats ignoring, which in turn beats removing by order tracking; for an attribute that does not explain healthy variation, conditioning should not be used at all. The invariance result makes one half of the point sharply, since order tracking, the textbook remedy for speed, is actively harmful under speed shift for anomaly detection, whereas conditioning on the same tachometer signal helps everywhere.
When conditioning helps, and when it cannot. Conditioning interpolates the healthy manifold across the operating range; it does not extrapolate beyond the speeds present in training. When the healthy training data spans the operating range, as in the leave-one-band-out protocol where every interior held-out band is bracketed by training speeds, the local mean at an unseen speed is a reliable interpolant and detection improves. When training covers only a narrow band, the nearest-neighbour mean for a distant query is a mismatched interpolant and conditioning offers no advantage there. This bounds the method precisely: it needs healthy data across the operating envelope, which is the realistic condition for a machine monitored over its duty cycle. The effect is visible in the per-band results (Figure 3a), where the weakest conditioning gains sit at the slowest band, the one edge of the training support where the local mean must extrapolate rather than interpolate. The held-out-speed AUC is a per-band average, each band scored independently, and is therefore a stricter per-operating-point measure than the pooled matched-speed AUC rather than a directly comparable number.
Two boundary conditions frame the evidence. First, MaFaulDa provides one steady-state recording at each of many distinct speeds, so the held-out-speed protocol measures generalization across operating points rather than performance within a single continuously accelerating or decelerating run; validation on genuinely time-varying-speed data, such as the University of Ottawa variable-speed bearing and electric-motor datasets [43, 44], is the natural next step, and load enters there as a second covariate. Second, the operating condition here is a single scalar (rotation speed) with a reliable tachometer, and the MIMII-DG results extend the principle to an acoustic benchmark and a discrete covariate. Extending the conditioning to additional continuous covariates (load, temperature) and to settings where the covariate is noisier or must be estimated from the signal is future work. The conditional mean estimator here is intentionally simple; richer conditional density models [40, 41] are a natural extension. Within the studied setting the effect is consistent across fault types, backbones, channels, a second dataset, and a covariate-shuffle control.
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