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Information Bottleneck Theory

Information Bottleneck Theory provides an elegant theoretical framework for learning
concise and effective data representations, centered on finding an optimal balance
between data compression and information preservation.

Objective Function: Lyin = I(X; T) —BI(T;Y)
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Characteristics of multi-modal datasets

In Big Data era, many kinds of multi-modal data are emerging.
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Property: Heterogeneous, Large-scale, Diversification, Complexity




Limitations of supervised multi-modal classification methods

1. Time-consuming and cost-expensive for labelling;
2. Over-reliance on the label information of trained data;

3. lIgnoring the characteristics of the input data itself.
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Previous IB-based clustering methods

A Peer-review Look on Multi-modal Clustering: An Information Bottleneck
Realization Method

Super Deep Contrastive Information Bottleneck for Multi-modal Clustering

Multi-aspect Self-guided Deep Information Bottleneck for Multi-modal Clustering

Limitations:

— Assumption of accurate mutual information estimation;

— Difficulty in accurately calculating mutual information for high-dimensional
variables;

@ — Lack of high-quality pseudo-label screening strategies.
3
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Our proposed method

e CaLlibrated Information Bottleneck for Trusted Multi-modal Clustering
(CLIB) :
— Representation Learning Based on IB
— Calibration Heads

— Pseudo-label Screening Mechanism I
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Representation Learning Based on IB

Initially, IB is applied to extract compact and pure features from each modality. By
leveraging a self-weighting manner, we then obtain the fused features. Following this,
while modality-specific features are processed by multiple Calibrated Heads, the fused

features are assigned to the Cluster Head for final processing.
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Calibration Heads

The primary task of the calibration heads is to learn a probability distribution for
each single modality and to perceive the learning status of the current modality. Samples
processed by the Calibration Heads are fed into a filter for screening to identify high-

quality candidates for the pseudo-label set.
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Pseudo-label Screening Mechanism

We design a dynamic screening mechanism based on information redundancy to select high-
quality pseudo-labels. By filtering ambiguous samples, the model prioritizes reliable structures
and avoids premature, overconfident errors on difficult data. Based on the scores from the

quality function S(-), the top K best-performing samples within each modality are selected for
the pseudo-label set.
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Cluster Head

The pseudo-label set is utilized for training the cluster head, where the backpropagated
gradients serve to rectify the bias in Mutual Information estimation within the Information
Bottleneck. By calculating the KL divergence, the model is forced to output a flatter
probability distribution when modalities yield conflicting opinions, thereby honestly

expressing its uncertainty.
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Objective Function

Total objective tunction is:  Lipie1 = L1 + aLcw
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ECal — EcaliH + Ere + EcluH + Econ

a denotes the balance parameter between [ denotes the balance parameter trading off
feature extraction and calibration. the information com-pression and preservation
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Advantages of the CLIB

 Achieves trustworthy clustering with low ECE.
- Rectifies biased MI estimation via cross-modal calibration.
. Dynamically filters high—quality pseudo-labels.

. Self—supervision mechanism.




e Problem background
e Previous works

e Our proposal

e Experiments

e Conclusion

D

Outline




Datasets

Dataset Modalities | Clusters | Samples
Caltech-2V 2 7 1,440
Caltech-3V 3 7 1,440
ESP-Game 2 7 11,032
IAPR 2 6 7,855
MIRFlickr 2 6 12,154




Clustering results

Caltech-2V Caltech-3V ESP-Game MIRFlickr IAPR

ACC NMI ECE | ACC NMI ECE | ACC NMI ECE | ACC NMI ECE | ACC NMI ECE
KM 41.6 305 N/A | 463 313 N/A | 484 335 NA | 409 225 N/A | 380 17.2 N/A
Ncuts 399 312 N/A | 426 254 N/A | 465 299 N/A | 484 261 N/A | 419 189 N/A
ALLKM 46.4 314 N/A | 469 315 NA | 349 203 NA | 410 21,6 N/A | 404 17.0 N/A
ALLNCcuts 42.8 5.2 N/A | 43.7 255 N/A | 336 189 N/A | 482 262 N/A | 422 189 N/A
EAMC (CVPR’20) 40.3 266 357 | 389 214 196 | 27.1 6.5 24.1 | 30.5 9.1 297 | 37.1 164 248
SIMVC (CVPR’21) 51.1 369 302 | 569 504 213 | 353 162 256 | 456 263 354 | 427 185 479
CoMVC (CVPR21) 59.2 492 38.7 | 54.1 504 256 | 51.8 382 325 | 493 306 432 | 46.7 21.5 36.8
DSMVC(CVPR’22) 579 498 312 | 657 542 264 | 324 275 314 | 484 295 318 | 3809 153 246
MFLVC (CVPR’22) 61.5 536 303 | 63.1 566 342 | 521 401 21.7 | 53.8 328 195 | 47.3 226 236
DealMVC (ACM MM'23) 476 379 19.1 | 59.2 56.2 276 | 4277 247 235 | 493 321 219 35 10.8 25.8
ICMVC (AAAT24) 496 379 285 | 647 537 394 | 458 295 252 | 435 244 206 | 37.1 168 438
DIVIDE (AAAI'24) 64.1 529 N/A | 71.6 58.5 N/A | 465 27 N/A | 52.3 335 N/A | 456 23 N/A
MVCAN (CVPR’24) 46.5 375 235 | 70.1 626 241 | 502 355 335|505 315 263 | 344 172 224
ROLL (CVPR’25) 4577 358 197 | 61.8 496 169 | 415 236 257 | 46.2 273 246 | 38.2 174 231
COPER (ICLR’25) 61.5 55.1 40.1 | 63.9 56.7 324 | 50.7 322 296 | 464 341 315 | 472 255 284
CLIB (Ours) 68.6 60.5 16.0 | 77.8 693 109 | 563 399 121 | 554 395 105 | 51.6 29.1 7.8

D y
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Training process of CLIB on five datasets.
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The ablation results

Caltech-2V Caltech-3V ESP-Game MIRFlickr IAPR

Settings ACC NMI ECE | ACC NMI ECE | ACC NMI ECE | ACC NMI ECE | ACC NMI ECE
Lig+ Leun 5777 431 362 | 60.6 525 255 | 438 31.2 213 | 51.0 341 256 | 39.1 189 354

L+ Letur + Lre 612 50.1 20.0 | 646 574 195 | 456 359 226 | 51.8 354 232 | 423 182 274
Lig+ Leur + Learipg 617 535 192 | 67.8 593 116 | 461 353 215 | 538 362 185 | 399 203 189
Lip + Leun + Leon 597 478 198 | 61.1 56.7 124 | 42 310 163 | 51.5 357 16.1 | 37.8 19.1 15.0

I. No warm-up for IB 596 571 194 | 61.7 584 15.1 | 48.6 346 219 | 528 38.8 27.8 | 40.1 224 329
II. Cali heads backprop 599 593 234 | 659 588 135 | 485 334 243 | 504 36.2 313 | 454 244 243

CLIB 686 605 160 | 77.8 693 109 | 563 399 121 | 554 395 105 | 516 291 78

The experiments validate the significant contribution of each component and design in the
proposed CLIB to the final clustering performance, fully proving its effectiveness.
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Summary

e Proposes CLIB, a novel multi-modal clustering method based on the IB
theory;

e Overcomes the negative impact of Mutual Information (MI) estimation
nias In high-dimensional data;

e Introduces a dynamic screening mechanism to learn from high-quality
nseudo-labels, which in turn calibrates the IB to enhance the purity of
feature extraction;

e Our approach achieves state-of-the-art performance.
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