DELVING INTO SPECTRAL CLUSTERING WITH VISIONLANGUAGE REPRESENTATIONS
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Why This Matters

Coupling That Separates

Sharper Graphs, Faster Convergence

We reveal spectral clustering’s blind spot: relying on single-modal affinities blurs Affinity equals visual proximity U_ij times semantic overlap V_ij. Within-cluster pairs We reveal sharply block-diagonal A NTK vs. RBF on CLIP or TAC features. RAD's
semantics when images look alike. Leveraging vision-language signals, our ap- share high U _jjand V _ij, boosting links; cross-cluster pairs lack shared nouns, so low objective monotonically drops; NMI rises and stabilizes in few iterations, deliver-
proach injects text-informed structure into affinities, sharpening clusters with V_ij suppresses spurious edges. Result: crisp block-diagonal A_ NTK. ing efficient optimization and reliable clustering.

clearer blocks and lower noise.

= w, 0 L] 10 0 L G 5'
-
Phase 1: Feature Extraction Phase 2: NTK Affinity Construction Phase 4: Output t_l.'p
f N E D Generate B > 0.09 -
Par g:)ne_te‘rr 2:"(‘1:!‘1,0)""9 Affinity Matrices v
CLIP | ¢ . J
Text @ i > —
Text Parameterization w
Space \J Encoder : ‘l' . e ] ﬂ 0.08 -0.60 E
Positive Nouns Proxy Network s Q
+ Prompts ;/% =1 g(6o) | Sy J :E‘
o 0-07 7
Compute graph smoothness on Q
each similarity graph by Eq.(10) o~
Image i iterate unti 3 0.06 - ' ' ' I ' 1 ' ' 0.55
Space @ 4 Elrr:::%%?er convergence 0 llot ti 20 30 0 > 1|": li_ 20 25 30
Unlabeled e Optimize weights 3 Diffuse affinities over Converged eration eration
Images X — with regularization all graphs and update J ) e
InEG4(d) Aby Eq. (13) Affinity Matrix A b DTD
Phase 3: Regularized Affinity Diffusion (RAD) ( )

Core Idea In One Line

We propose Neural Tangent Kernel Spectral Clustering that couples visual prox-
imity and semantic overlap. Anchored by positive nouns from the wild, our NTK
transforms CLIP featuresinto block-diagonal affinities that drive stronger, cleaner
partitions.

Ablations & Robustness

= Stable across 7, g, u, A; larger backbones further lift scores. Single-prompt still
beats TAC; gains not from prompt engineering. Domain variants
(ImageNet-C/V2/S) show consistent improvements; shifts remain challenging.
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= Extract CLIP text embeddings W from filtered positive nouns. Anchor NTK

with vec(W) to align gradients with text semantics. Use log-sum-exp proxy: _
oradients capture how images align to anchors, yielding text-informed (C) OUI‘S (NMI_82*4%) -
SFfinities. Takeaways & Limits
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Multi-Prompt Power: RAD Our method unlocks multi-modal spectral clustering: NTK anchored by text am-
plifies semantics, RAD adapts prompts. Limitation: requires known cluster count.
Future: automatic K, richer anchors, scalable diffusion—toward robust, text-aware

We introduce Regularized Affinity Diffusion (RAD) to ensemble prompt-specific
affinities. It jointly optimizes weights 5 and diffusion, avoids over-smoothing,

clustering.
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and converges fast. Outcome: a robust affinity *A that exploits complementary

prompts.
Dataset | STL-10 - CIFAR-I0 |  CIFAR-20 | ImageNetl0 | ImageNet-Dogs | DTD | UCF101 | ImageNet-IK | Average
Metris | NMI ACC ARI|NMI ACC ARI|NMI ACC ARI|NMI ACC ARI|NMI ACC ARI|NMI ACC ARI|NMI ACC ARI|NMI ACC ARI|NMI ACC ARI
TAC (Kmeans) | 923 945 895 | 808 900 798 | 607 58 427] 975 %6 970|751 750 636|601 459 290|816 613 524 |78 489 364 |83 713 613 Backbone |_2ALaset STL-10 CIFAR-10 CIFAR-20 ImageNet-Dogs DTD
TACGSC) | 926 943 942 812 903 801|569 545 300|970 983 968 | 753 758 644 | 386 440 201|796 600 501|780 491 362 74 08 599 Metrics NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI
Ous(uave) | 870 912 840 714 747 568 | 451 426 299|861 904 809 | 105 690 61|62 456 302|822 649 579|701 S0 34| 20 662 59
OusPE) | 931 979 896 829 913 824|609 550 434|976 989 94| 23 813 3| 607 06 31| 8L5 668 589 | 92 B3 34| V8 M4 643
Ous(RAD) | 958 983 963 833 920 830 633 596 435|978 92 984 | 824 849 TL4 | 617 20 36| 830 619 94| M2 563 394 808 763 656 TAC (KMeans) | 9.1 96.1 9361 829 912 8051 626 604 457823 819 7291 626 504 336

ViT-B/16 | TAC (SC) 929 963 923 | 8.1 913 820|630 600 451|821 2815 730|631 517 346

0 9720 990 974 | 860 93.1 854 | 657 644 49.1 | 849 867 750 | 663 558 372
Results That Stand Out
VIT.L/14 TAC (KMeans) | 954 967 942 | 89.1 939 86.7 | 648 629 476 | 843 840 754 | 647 529 35.1
. TAC (SC) 038 967 938 | 894 941 880|650 630 475|840 840 750 | 651 S35 359
. @) _ @)
Our framework boosts clustering: 98.3% ACC on STL-10, 84.9% ACC on Ours 7 995 981 921 9%6 907 | 669 661 508 | 862 883 790 | 681 580 389

ImageNet-Dogs; gains over TAC by +3.8%/+9.8%. On DTD, UCF-101, ImageNet-
1K, we average +7.7% NMI, +2.5% ACC, +6.3% ARI. Fine-grained: +5.1% (Pets
ACC). Domain-shift: higher robustness.
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