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Underlying multi-modal distributions

 Definition of underlying modes:

Under a value of a certain attribute, the data may form multi-modal distributions due to
variations related to this attribute; each high-density region/cluster is referred to as a mode.

« Why intra-class modes matter for attribute prediction:

The modes under different attribute values may appear similar, which makes the attribute
values hard to predict. Modeling underlying modes helps distinguish them.
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Hidden correlations

« Definition of hidden correlations:
The correlation between modes under a certain attribute and other attributes

« Why correlations hurt generalization:

Under correlations, the model may infer one attribute by encoding others. Under correlation
shifts at test time, the model will fail to generalize.
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Disentangled representation learning

« Goal of representation disentanglement:

Learn a representation for each attribute that encodes the information about this attribute
and its modes, and removes redundant information from the others.

- How correlations affect disentanglement:

Most disentanglement methods ignore correlations and enforce independence between
attribute representations.

But when attributes are correlated, forcing the representations to be independent causes

information loss. @

"__“ Independence constraint



Theoretical insights
Mode labels estimated by

Prior work CoDID clustering may contain errors
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CoDID framework
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Experiments across various data types and tasks

Data types Hidden correlations  Generalization tasks

Correlation shift
Out-of-distribution

« Toy data « Synthetic .

- Image data « Real-world .

« Time-series data

Table 8. Dataset descriptions.
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|
EX e ri m e nta I re S u I Table 1. Baseline comparison (mean+std.). “*” indicates that CoDID is statistically superior to the baseline by pairwise t-test at a 95%
p significance level. The best results are bold. The runner-up results are underlined. The improvement over the best baseline is calculated.

CMNIST CFashion-MNIST Canine-BG UCI-HAR Realworld HHAR MFD
Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1
BASE T79.2:09% T78.3200% | 77.821.5% T7.1x15% | 55.6220% 54.6+23% | T1.2+28% 69.7+36% | 64.6:14% 65.4+14% [ 80.8216% 80.9+20% | 72.7+1.6% T6.3209%
MMD 57.3:27% 41.2+70% | 63.5236% 02.7237% | 54.1267% 52.1294% [ 70.3237% 66.2+35% | 66.0:19% 65.2223% | 80.9212% 80.521.7% | 78.2+19% 79.1+1.6¥

¢ CODID OUtperforms eXIStIng DANN 58.3:29% 56.9:26% | 63.8225% 62.5:28% | 29.824.4% 29.0+48% [ 67.8£3.1% 65.1230% | 66.0:1.7% 65.1=20% | 77.121.8% 76.7+15% | 74.0221% 76.3:14%

Method

disentanglement and CORAL 58.6+32% 57.6:3.0% 68‘0¢3_4:* 67_34_,3_(;*: 51.0+35% 33.8s32% 74‘4¢2_s:* 72‘7J_f3_3*: 64.814.9*: 65.9+16% 81.011_4:* 81‘214_7:* 77.314_8*: 77.9+1.5%
. . . IRM 81.0:35% 80.3:32% | 79.3+06% 78.9225% | 54.3156% 54.3:51% | 70.923.0% 69.6+34% | 65.4+16% 65.4215% | 82.5:1.3% B82.5+12% | 78.4+1.7% 79.9+13%
|nvar|ant Iea rn|ng methOdS REx 81.7+33% 80.9:36% | 76.3535% 75.9+32% | 56.0+52% 56.0:57% [ 73.7x2.5% 73.2:+28% | 65.1215% 65.321.7% | 80.621.5% 80.4+16% | 78.821.0% 80.3:+1.4%
DTS 55.6:3.0% 44.0£19% | 61.2220% 60.122.0% | 41.8247% 35.7+23% | 72.8+33% T0.1+26% | 64.4+23% 64.9+15% [ 79.8224% 79.7+1.7% | 67.0+22% 67.4+15%

IDE-VC 54.2+40% 49.1220% | 58.7238% 57.1243% [ 49, 1202% 45.T+20% | 73.623.1% 73.2434% | 65.2413% 65.0:1.7% | 80.7220% 80.6x1.4% | 74, 1218% T6.321.17%

MI 56.9:40% 45.2:28% | 62.1230% 60.7+3.0% | 52.3248% 51.0244% [ 7T4.9+21% T4.5+27% | 66.0:1.8% 65.5:16% | 80.921.7% 80.7+2.1% | 76.3212% 77.6:1.6%

A-CMI 58.5:23% 41.2+50% | 61.8253% 60.0265% | 53.0282% 52.828.1% [ T1.4234% T70.0£30% | 65.4215% 65.5212% | 80.2218% 80.3223% | 78.8+14% 79 8z0.7%

HFS 66.5:21% 64.9:2.17% | 66.2236% 65.3+3.17% | 46.8:37F 46.2+4.1% | 67.1235% 65.1+40% | 48.9218% 39.8+15% [ 78.2+10% T8.3+15% | 75.4+17% T1.0+13%

CODA 69.8:19% 68.3:23% | T2.521.5% T1.3219% |43.9222% 43.9:203% [ T1.1242% T70.4+50% | 65.3207% 66.7206% | 77.9217% T7.621.8% | 62.5208% 54.6x1.2%
ID-FaceVC | 58.1x22% 56.2:24% | 63.6x14% 62.5£17% [42.1262% 41.3267% | 68.0+8.1% 68.0293% | 65.2+15% 66.2£1.8% | 78.6x1.2% T7.8213% | T1.1x19% T1.6x1.6%
DIOSC T3.4:07% 72.621.0% | 73.2+16% T2.8:14% | 42.5254% 42.0+53% | T4.6+3.0% T4.5237% | 65.2+13% 66.3:12% | 79.021.4%  T78.621.5% | 68.9216% 67.9:1.4%
CoDID 85.2:27 84.6:30 |84.1:32 83.5:33 683252 68.2:57 | 86.2:05 86.7:06 |70.9+13 TL7:10 |88.4:11  88.3:11 [90.7:17  91.9:17

° The COmpOnentS regardlng Improvement | +3.5% +3.7% |+48% +4.6% |+123% +122% |+113% +122% |+49% +50% |+59% +58% |+119% +11.6%
meta—coord | nation a nd the Table 2. Variant comparison (mean#std.). The notations follow Table 1.

. .
|teratlve fra mewo rk are Method Design choices CMNIST CFashion-MNIST Canine-BG UCI-HAR Realworld HHAR MFD

. etho Loy Lg IC IN Lyg Lo UP|Acc. Mac. F1 | Acc. Mac. FI | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1 | Acc. Mac. F1

effectlve BASE - - - - - - - | 79.2z00% 78.3:09% | 77.8+15% T7.1s15% | 55.6:20% 54.6123% | 71.2428% 69.7s36% | 64.6 £14% 65.4 +14% | 80.8+1.6% 80.9220% | 72.7+1.6% 76.3109%

CoDID-km-MP | v/ X X X X X X |742:00% 73.6005% | 74.2:00% 73.7221% | 63.2546% 62.2242% | 77.625.3% 77.5845% | 63.7200%  63.3208% | 83.5:12% 83.4212% | 78.426% 80.1s25%

CoDID-km-MC | X v X X X X X [73.0c14% 72.1s10% | 71.6015% 70.2:13% | 60.9:32% 60.234% | 80.223.5% 79.7244% | 68,4208  68.0200 83.8214% 83.2z1.5% | 81.1x2.1% 80.2:23%*

CoDID-km-ID | v/ v X X X X X |770010% 76.7s12% | 73.6514% T2.8:13% | 62.6240% 62.5:47% | 77.6518% 76.8223% | 68.3212%  67.8:1L1% | 77.2510% 75.5:15% | 80.6:1.7%  80.9:12%

CoDID-km-SD | v/ v/ X X X X X |763:17% 75.6015% | 72.9:06% 72.3:16% | 61.5:35% 61.4s36* | 77.4205% 76.8:1.8% | 66.2:15%  66.6:1.8% | 81.0:24% 81.2:18% | 79.2:18% 79.2413%

CoDID-km | v v X X X X X |790ms% 783s16% | 77.4:25% 76.9:20% | 64.9:03% 64.5:22% | 83.0130% 833s36% | 69.8:10  69.9:14 | 84.503% 84.2:15% | 82.5:20% 82.5:15%

CoDID-itkm | v v v X X X X |765:0% 75.1512% | 76.6515% T6.0:15% | 60.5:5.5% 60.0:56% | 79,4516 79, ler6* 65.2:1.8% | 80.5:07% 80.4208% | 79.6:00% 80.0:0.5%

CoDID-itdpm | v/ vV V' VX X V| 776:20% 77.0:20% | TT4x15% 76.8214% | 61.4s32% 61.1335% | 83.2:05% 83.7:06% 66.0:16% | 83.8503% 83.5:03% | 82.2200% 84.5z12%

CoDID-w/o-SC| v v vV v V' X V| 79.1s0s% 78.4s07% | 78.4x16% 77.9:16% | 64.5537% 64.4537% | 83.5:03% 84.0:04% 65.3:19% | 853508% 85.0:08% | 82.9213% 85, l213%

CoDID-UA v v v/ X 82.0:07%  81.3x0.5% | 79.421.9% 78.921.9% | 66.2+3.9% 65.9+34% | 84.2:3.2% 84.6+3.6% | 69.6+1.4  70.9:1.5 | 86.0+1.2% 85.7+1.3% | 85.8+2.4% 86.9+2.0%

CoDID vV VTV V85227 84.6m0 840z 835:3 | 68.3:s2  68.2:57 | 86.2:05 86706 |70.9:3  TL7:0 | 88.4ui1 883:1 | 907517  91.9:17




Toy data classification boundary

« The classification boundary of CoDID separates different modes along the x1 axis, while
excluding redundant information about the other attribute along the x2 axis.
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Figure 5. Toy decision boundary. Attributes a1, a2 control data

dimensions x 1, 2, respectively. Clusters centered at 1 = 0,2, 4
and 1, 3, 5 represent modes under a1 = 0 and 1, respectively.



Effectiveness of meta-learned weights and cluster split

« A larger weight divergence corresponds to a lower chance of sharing the same mode, which
supports cluster splits and latent mode discovery.
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based on the y2-test (p = 4.22 x 1071°), and DPGMM and S net achieve subcluster accuracies of 0.678 and 0.892, respectively.



Representation distribution on synthetic data

« Through iterative clustering and disentanglement, CoDID gradually removes redundant
information while preserving mode information.
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Representation distribution on real time-series data

« Modeling intra-class modes improves discriminability on real time-series data and boosts
generalization to out-of-distribution samples.
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Figure 7. Machine fault representation distributions on MFD. Different colors, i.e., red, orange, and blue, indicate different machine fault
types a1, i.e., healthy, inner-bearing damage, and outer-bearing damage, respectively. Different shades of a color indicate different modes
under the a1 value. Points with white edges indicate training data, and points with black edges indicate test data.



Convergence analysis

 During training, the clustering performance of CoDID steadily improves, and the prediction
loss curves remain stable even as the number of clusters changes.
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Figure 6. Learning curves on CMNIST.



Robustness against noise levels and correlation strengths

« CoDID maintains a robust advantage across different noise levels and hidden correlation
strengths.

=o= BASE CoDID-km CoDID-itkm CoDID-T o= CoDID =<o= BASE CoDID-km CoDID-itkm CoDID-T o= CoDID
. test 1, correlated test 2, uncorrelated test 3, anticorrelated 0 test 1, correlated test 2, uncorrelated test 3, anticorrelated
. P i i — o DOy . Mﬁ o
0.91 - M Te— 0.9 1 T——— -
(_)' 0 8 — .\__\k\ — (_) 0 8 h--'n'"-..__ - %H
O . 7 . 7 h“‘\d\ o . . T N o Ty O
< < == N
0.7 - - . 0.7 A . - =
06 T T T T T T T T T T T T 06 T T T T T T T T T T T T T T T
00 01 02 03 0400 01 02 03 0400 01 02 03 04 00 01 02 03 04 00 01 02 03 04 00 01 02 03 04
cory, cory, conry, o (o} o
(a) Hidden correlation cory (b) Noise level o

Figure 10. Comparison under varying correlation strengths and noise levels on CFashion-MNIST.
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