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Changes for the Better

Unsupervised Anomalous Sound Detection
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Improved Domain Generalization via Disentangled Multi-task Learning in

Overview

Domain Generalization

Unsupervised anomalous sound detection
« Automatic machine condition monitoring
» Algorithms are trained using only normal data

 Domain shift between between samples, and the domain is unknown at inference time
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Definitions

X € R¥*T: Magnitude Spectrogram

Y= [YssYars > Yap | € NVH
Ys: represents machine section

Section: main data partition (domain-shared)

Attribute: machine state or condition (domain-specific)

Ya, . represents the categorical label of the m-th attribute

Disentangled Embeddings
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Experimental Setup

Disentangled Anomaly Detector

« Standard-deviation pooling for valve [2]

« Compare different inference approaches:
« Disentangled Concatenated
- Disentangled Weighted
« Disentangled Sections
« Disentangled Attributes

« Time average pooling of embeddings across sample

* Nearest neighbor cosine distance as anomaly score

Other Baselines

Machine Specific Loss (MSL)

« Use the best development set

Table 3. Ensemble Details

Ens. wt. (S2)

Disent. wt. (S4)

* ArcFace | training objective for each machine Machine =~ MSL(S1) MSL ANP ws wA

. {Entaqglec(iMr_rll_E;tl-task ToyCar ~ DisentCat  0.60 040 0.90  0.10
earnin .

N - Perform grid search for ensemble L N L e

» Attentive neural process : Bearing Sectionsonly 1.00 0.00 1.00 0.00

(ANP-Boot) [3] weights (MSL+ANP) and Fan ArcFace 095 0.05 0.15 0.85

disentanglement weights Gearbox ~ Adversarial  0.65 0.35 0.80  0.20

Slider Disent_Cat 0.70 0.30 0.90 0.10

Valve Disent_Split 0.80 0.20 0.90 0.10

Results
Table 1. Performance on development set
System ToyCar ToyTrain Bearing Fan  Gearbox Slider Valve AUC(S) AUC(T) pAUC Overall  Performance metrics
MSL+ANP (S2)  76.43 59.96 7393 6889 8537 8593 9583 8755 7343 7036  76.43 * AUC (Area under the ROC curve)
Disent_Wt (S4) 76.95 59.74 72.07 63.91 81.38 85.14 94.50 86.09 71.65 68.21 14.97 e Source (S) and Target (T) domains
Disent_Cat (S3)  76.43 58.67 67.09 63.18 80.99 85.37 95.01 84.61 70.59  67.02  73.34 N . .
Disent_Sec 76.84  56.64  72.07 62.35 81.04 84.84 9442 8643  68.64 6801  73.45 Disentanglement outperforms f“”lt] task .leammg
Disent_Att 75.26 59.74 60.82 63.02  78.86 78.88 92.72  82.12 69.31 64.09 71.08 » ArcFace performs well on sections, but didn’t work
MTL 75.61  59.37  68.24 59.14 80.63 83.51 9449 8135  70.72 66.83  72.47 with sparse attribute labels
Sec_ArcFace 231 58.09 71.30 68.85 79.37 82.50 92.87 86.50 71.19 66.04 73.62 « Attribute learning helps for all machines
Sec_Softmax 76.20 52.85 73.93 64.39 81.43 85.89 90.11 86.05 67.34 67.92 72.82 except fan and bearing
ANP-Boot 59.84 50.87 55.54 55.31 64.38 64.11 52.63  69.26 50.87 54.24  57.10
AE Baseline 51.06 39.61 54.80 5854 63.07 57.99 50.59 68.74 4191 53.76  52.62
MN Baseline 54.23 51.18 59.16 57.21 5991  50.26 62.42  63.87 50.14  55.69  56.01
Table 2. Performance on evaluation set
System ToyCar ToyTrain Fan Gearbox Bearing Slider Valve Overall e Surpassed the best baseline by 13.5% and trailed the
AUC pAUC AUC pAUC AUC pAUC AUC pAUC AUC pAUC AUC pAUC AUC pAUC top ranking system by 3.4%.
| 88.45 81.83 7046 61.14 5734 5733 86.04 6422 6885 54.45 7826 6639 8387 7522 7097 ° Outperformed the top rank for bearing, gearbox,
Disent_Cat (S3) 93.88 78.67 5823 54.73 4817 50.34 8676 7943 7254 61.86 73.64 60.70 83.72 6293 67.57 and ToyCar (AUC)
Disent Wt (S4)  93.30 7547 57.30 54.93 46.93 50.33 86.34 7847 71.96 6426 7594 64.29 83.05 64.01 67.49 < Ensemble weights overfit to the dev set
MSL (S1) 93.88 78.67 5553 54.33 4450 50.84 86.47 68.54 69.94 61.64 73.64 60.70 7851 66.08 65.66 O ed Jinf &3
MSL+ANP (S2) 9388 78.67 54.92 5422 4429 50.97 8237 70.76 69.94 61.64 7596 6240 77.69 6539 6557 ° Disentangled concatenated inference (53) was our
MN Baseline 42.79 53.44 51.22 5098 50.34 5522 51.34 4849 5823 52.16 6242 53.07 7277 65.16 54.02 best performing system
AE Baseline 61.18 60.21 43.14 49.36 41.16 50.12 61.92 51.95 5993 5395 5895 54.16 54.26 51.30 52.94

from multiple epochs at inference time

« Use disentangled embeddings to explain anomaly decisions

« Explore other anomaly detection backends in addition to NN, e.g., GMM
« Improve training pipeline: pre-train on all seven machines and use average model weights
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