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Supplementary Material

6. Content List

We provide additional details and results to complement the
main paper. It is organized as follows:

* section 7 lists all notations and their meanings.

* section 8 provides the details of 20 datasets used.

* section 9 describes implementation details of all the com-
pared methods and the proposed method KEC.

* section 10 presents complete results across all datasets in
comparison with existing methods. We also explore fur-
ther improvement with human interaction, named KEC™.

* section |1 presents a more comprehensive set of ablation
studies, including the analyses of different modules, pa-
rameter selection, clustering methods, pretrained model
choices, and various LLMs.

e section 12 describes the constructed knowledge space.

* section 13 discusses the limitations of our work and out-
lines future work possibilities.

7. Symbol Definitions

We list the symbols used throughout this paper along with
their meanings in Table 3. We hope this could assist readers
in better understanding the items presented in our work.

8. More Details of the Datasets

We evaluate our knowledge-enhanced clustering method on

20 vision datasets. Details of each dataset are provided

in Table 4. These datasets cover a wide range of vision

tasks, including:

* General object classification datasets: CIFAR-10 [19],
CIFAR-100 [19], STL-10 [8], ImageNet [9];

* Fine-grained object classification datasets:
Food101 [1], Flowers [31], Stanford Cars [18], FGVC
Aircraft [28], Oxford Pets [32];

* Handwritten digits classification dataset: MNIST [21];

e Texture classification dataset: DTD [7];

¢ Scene classification dataset: SUN397 [43];

» Satellite image classification datasets:
EuroSAT [15], Resisc45 [5];

* German Traffic Sign Recognition Benchmark:
GTSRB [37];

* The metastatic tissue classification dataset:
PatchCamelyon (PCAM) [41];

* Action Recognition dataset; UCF101 [36];

* The CLEVR counting dataset [16];

¢ The Hateful Memes dataset [17];

¢ The Rendered SST2 dataset [34];

We process these datasets following the open-source code

[11,22] ' 2. For CLEVR, we take 2000 random samples
as the training set and 500 as the testing set. For the video
dataset UCF101, we take the middle frame of each video
clip as the input of the pre-trained CLIP vision encoder.

9. More Implementation Details

9.1. Implementation of the Compared Methods

K-Means and other traditional clustering methods.
We apply k-means clustering [27] on top of pre-trained
features as a simple baseline that only uses knowledge
from visual space. Following the previous work [22],
we implement traditional clustering methods, such as k-
means, using the FAISS 3 library for GPU acceleration
(1.e., faiss.Kmeans). Additionally, the relevant param-
eter settings are consistent with those used in TAC. We
run the clustering for each dataset 20 times with 300 it-
erations and keep the best centroids for each iteration
(nredo = 20,niter = 300). The centroids are L2 normal-
ized after each iteration (spherical = True).

Specifically, for K-means and other traditional cluster-
ing methods involved in the ablation studies (i.e. Spectral
Clustering, Agglomerative Clustering, Bisecting K-Means),
we utilized the clustering implementations found in the
cluster module of the sklearn library.

Zero-shot CLIP. To validate the applicability across dif-
ferent scenarios, we use the same prompt list for different
datasets, rather than employing a set of prompts manually
designed for the characteristics of each dataset (dataset
to template in TURTLE). We utilized the same prompt
list as in the TAC open-source code, referred to as ‘the sim-
ple ImageNet prompt’ *, which consists of seven prompts.
The prompts are shown in Table 5.

Semantic-Enhanced Image Clustering. SIC [2] first ex-
plores utilizing the knowledge from both visual space and
textual space. It attempts to generate pseudo-labels for each
image according to the relationships between images and
the semantics of the nouns in WordNet. We utilize the open-
source code from SIC °, employing its default parameters.
When extending the datasets used, we build the dataloader

Uhttps://github.com/XLearning-SCU/2024-ICML-TAC
Zhttps://github.com/mIbio-epfl/turtle
3https://github.com/facebookresearch/faiss
“https://github.com/openai/CLIP/blob/main/notebooks/
Prompt_Engineering_for_ImageNet.ipynb
Shttps://github.com/Bruce-XJChen/SIC



Table 3. The summary of the used symbols.

Symbol

Meaning

Initializing Image-Text Mapping

7.1,
W, w;
N,, N,
X, X;
T,t;

the collection of input images and a single input image

the collection of nouns and a single noun

the number of input images and nouns

the collection of visual features and the feature of image I;
the collection of noun features and the feature of noun w;

Representative Concept Construction

Hp

Sp

Wy, Ty,
R'L,J
G,Q
C,cq
D,d,
Pg; Vg

the centroid of cluster p

Index of the highest scoring noun in cluster p

the collection of nouns and their features of cluster p

the similarity between cluster ¢ and cluster j

the adjacency matrix and the collection of connected components of clusters
the collection of concept and a single concept

the collection of description of concept and a single description

the feature of concept and its description

Discriminative Attribute Construction

AL A2
Uy, ug

Tal _

Iyt lg.2,
Pq

Bq.i

Ag; Eq,i

the nubmer of uni-concept attribute and bi-concept attribute

the collection of uni-concept attribute for concept ¢, and the i-th attribute
the normalized similarity between concept ¢, and ¢;

the index of [ for the sorted 7 ;

the concept pair of concept ¢,

the bi-concept attributes for concept pair (cy, ¢;)

the collection of attributes of concept ¢, and the i-th attribute

Knowledge-enhanced Feature

Cq the concept feature for conecpt ¢,

fé the average of instantiated attribute features of concept ¢,

Wiq the attention weight between the i-th input image and concept ¢,

C;,a; the concept and attribute feature of the i-th input image I;

Ki the knowledge-enhanced feature of the i-th input image I;

Table 4. Details of 20 datasets.

Dataset Number fo Classes Train Size Test Size | Dataset Number fo Classes Train Size Test Size
CIFAR-10 10 50,000 10,000 DTD 47 3,760 1,880
CIFAR-100 100 50,000 10,000 SUN397 397 19,850 19,850
STL-10 10 5,000 8,000 EuroSAT 10 10,000 5,000
ImageNet 1000 1,281,167 50,000 | Resisc45 45 25,200 6,300
Food101 101 75,750 25,250 | GTSRB 43 26,640 12,630
Flowers 102 2,040 6,149 PCAM 2 294,192 32,768
Cars 196 8,144 8,041 UCF101 101 9,537 3,783
Aircraft 100 6,667 3,333 CLEVR 8 2,000 500
Pets 37 3,680 3,669 HatefulMemes 2 8,500 500
MNIST 10 60,000 10,000 SST 2 7,792 1,821




Table 5. The prompts used for zero-shot CLIP.

Simple ImageNet Templates:
. itap of a [class].

. a bad photo of the [class].

. aorigami [class].

. a photo of the large [class].

. a[class] in a video game.

. art of the [class].

. a photo of the small [class].

~N NN =

for each newly added dataset and overwrite the __getiterm__
method accordingly.

Text-Aided Image Clustering. TAC [22] also proposes
leveraging external knowledge in the textual space. Un-
like SIC, TAC computes the text features of each image us-
ing noun features, without assigning explicit pseudo-labels.
We utilize the open-source code from TAC °. We keep the
default parameters. We build the dataloader for the extra
datasets by referencing the dataloader in TURTLE.

TURTLE. TURTLE [11] enables unsupervised transfer
from pretrained models to perform image clustering. It
identifies the optimal dataset labeling by maximizing the
margins of linear classifiers in the space of single or mul-
tiple pretrained models. It is compatible with any pre-
trained representations. We utilize the open-source code
from TURTLE . In the original setup, TURTLE receives
image features generated from different pretrained image
encoders and trains in multiple spaces. In this paper, we use
features from the CLIP image encoder as one space, and
the text-enhanced features from TAC and the knowledge-
enhanced features from KEC as another space.

9.2. Implementation of the Proposed Method

We precompute the features of the input images for all
datasets and the features of the nouns from WordNet before
all the experiments, using the batch_size of 8192.

Code and more implementation details will be available.
The comparison methods are integrated into our project us-
ing their original code. Our approach offers good adaptabil-
ity and can quickly be applied to different clustering strate-
gies via configuration file modifications.

In all experiments, we extract knowledge from GPT-40
and set the temperature to 0.1. Specifically, we uti-
lize the AsyncOpenAlI interface for asynchronous pro-
cessing to improve efficiency, setting max_concurrent
to 20 within Python’s async framework.

Shttps://github.com/XLearning-SCU/2024-ICML-TAC
https://github.com/mIbio-epfi/turtle

10. Main Results Across All Datasets

We present the complete numerical results in Table 6. CLIP
(k-means) and TURTLE (1-space) utilize only visual space
knowledge, while zero-shot CLIP incorporates ground-truth
label knowledge from the textual space. SIC, TAC (no
train), and KEC utilize textual space knowledge differently.
Additionally, we apply two training strategies for the multi-
space knowledge: TAC and TURTLE.

It is worth emphasizing again that, compared to KEC
and other methods, CLIP (zero-shot) leverages additional
fine-grained information, i.e. the ground-truth labels for
each image (e.g., ‘Boeing 747°, ‘Audi A4’), which effec-
tively simplifies the task setting. Therefore, CLIP (zero-
shot) could be considered as a loosely constrained upper
bound on performance. Our proposed method constructs
discriminative textual knowledge and achieves superior per-
formance over existing baselines across a wide range of
datasets. In many cases, it even surpasses CLIP (zero-shot),
further demonstrating the effectiveness and generality of
our method.

We also observe that the extent of performance improve-
ment of KEC varies across different datasets.
1. For higher-level or subjective categories, the improve-
ments are less pronounced compared to other datasets. This
suggests that such tasks may require a certain degree of
human-machine collaboration to better construct effective
textual knowledge (which will be further discussed in the
Limitations and Future Work section).
2. For some fine-grained datasets, such as Aircraft and Cars,
which focus on specific domains, CLIP (zero-shot) bene-
fits from directly using ground-truth fine-grained labels, en-
abling it to effortlessly focus on subtle category differences.
In contrast, without additional constraints, KEC adopts
a more general perspective to interpret these categories,
demonstrating strong generalization capability. Conse-
quently, KEC achieves only modest performance gains or
may slightly underperform compared to CLIP zero-shot, yet
it still surpasses other baseline methods.

As previously mentioned, KEC possesses the ability to
construct customized knowledge (by human-machine col-
laboration). To verify this, we conduct a simple experiment:
assuming the task is to distinguish specific types of cars or
aircraft, we guide KEC to selectively acquire concepts and
attributes related to cars and aircraft and build hierarchical
textual knowledge, which we refer to as KEC*. As shown
in Table 8. Without access to ground-truth labels, KEC™T
achieves further performance improvements through simple
human-machine interaction and customization.



Table 6. Comparison results across all datasets.

Dataset CIFAR-10 CIFAR-100 STL-10 DTD UCF-101
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
CLIP (k-means) 7377 804 646 597 434 291 91.8 943 892 586 454 29.0 80.7 595 514
TAC (no train) 814 904 803 650 50.1 357 925 948 899 603 482 314 809 618 520
KEC (no train) 819 90.7 806 664 51.8 373 951 979 955 60.7 474 315 819 625 532
SIC 847 926 844 632 476 348 953 981 959 59.6 459 30.5 814 653 567
TAC 829 915 823 675 561 408 956 982 96.1 60.8 478 324 813 674 582
KECrc 84.1 923 840 680 571 413 958 983 963 625 513 360 81.6 676 587
TURTLE (1-space) 78.6 865 751 608 450 331 958 984 964 629 529 367 809 671 57.1
TACryrTLE 835 919 832 620 464 346 953 980 957 633 529 368 819 692 594
KECryrTLE 837 92.1 835 629 476 353 96.1 985 967 63.1 528 367 828 700 60.7
80.7 90.0 793 699 650 447 938 970 937 56.1 426 266 803 637 502
Dataset ImageNet Food101 SUN397 Cars Aircraft
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
CLIP (k-means) 723 389 271 71.1 604 478 763 50.0 384 671 359 249 494 215 11.6
TAC (no train) 775 484 345 725 615 481 786 544 425 647 326 213 48,6 216 10.7
KEC (no train) 7777 486 355 746 662 533 782 540 423 683 376 266 506 225 133
SIC 772 470 343 741 624 518 761 513 382 665 337 241 488 221 120
TAC 782 544 39.6 749 684 542 746 412 323 605 257 165 449 19.1 93
KECrsc 784 553 40.1 759 70.0 563 787 541 426 654 337 226 488 227 129
TURTLE (1-space) 664 256 156 729 643 525 778 547 429 694 414 302 496 240 136
TACTyrTLE 65.6 238 145 715 622 497 769 533 405 694 415 302 488 238 13.0
KECTyrTLE 68.7 306 199 738 669 542 777 546 421 697 424 304 498 245 137
81.0 636 453 827 833 69.8 803 644 475 774 593 433 488 220 113
Dataset Pets Flowers MNIST Eurosat Resisc45
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
CLIP (k-means) 65.0 513 405 865 715 677 494 578 386 537 619 437 71.8 641 505
TAC (no train) 792 658 57.8 845 694 648 369 455 247 488 609 345 70.7 583 456
KEC (no train) 812 678 633 873 728 675 469 537 352 546 627 428 743 624 515
SIC 67.7 516 426 677 43.1 340 408 50.1 325 615 672 535 757 677 570
TAC 83.6 779 69.1 804 642 59.6 427 546 340 53.0 678 457 729 68.0 53.0
KECrac 84.8 797 715 854 71.6 668 454 562 368 567 698 480 756 70.6 57.1
TURTLE (1-space) 71.5 609 489 90.7 872 798 428 496 344 579 636 482 753 709 570
TACryrTLE 7377 634 525 90.8 868 79.1 415 50.7 336 600 677 51.8 744 694 554
KECryrTLE 81.0 724 633 924 884 827 478 578 394 63.0 768 574 764 736 593
87.6 849 754 794 675 587 284 38.1 119 41.0 456 264 644 534 353
Dataset GTSRB PCAM CLEVR HatefulMemes SST
Metrics NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
CLIP (k-means) 52,5 321 231 102 633 7.0 189 276 8.1 2.0 582 24 0.4 537 05
TAC (no train) 483 310 202 15 56.7 1.8 118 236 54 1.2 56.4 1.4 0.1 519 0.1
KEC (no train) 519 326 226 100 63.6 74 163 266 89 1.6 574 20 0.5 53.8 0.6
SIC 523 364 283 0.0 51.1 0.0 5.2 20.6 1.5 0.1 51.8 0.0 0.5 541 0.6
TAC 40.5 267 168 0.0 50.3 0.0 8.4 224 36 0.6 546 0.6 0.1 520 0.1
KECrc 48.6 296 20.1 9.0 63.2 7.1 159 254 6.8 2.3 59.0 3.0 0.9 55.5 1.1
TURTLE (1-space) 51.1 339 251 0.0 513 00 160 246 7.0 1.1 55.6 1.8 0.2 524 04
TACryrTLE 48.1 299 221 0.0 503 00 166 258 175 14 56.0 2.0 0.2 524 05
KECrurTLE 48.8 324 235 89 62.7 6.8 188 286 8.0 2.0 584 26 0.8 55.2 1.0

462 323 223 31 521 02 164 44 8.0 05 534 03 00 510 0.0




Table 7. Ablation results across all datasets. Con. and Des. represent the name and its description of a concept, respectively. UA and BA
represent the uni-concept attribute and bi-concept attribute.

Con. Des. UA BA | CIFAR-10 |  CIFAR-100 | STL-10 \ DTD | UCF-101
| NMI ACC ARI | NMI ACC ARI | NMI ACC ARI |NMI ACC ARI|NMI ACC ARI
v 809 89.7 797 | 645 494 36.0 | 940 970 945 | 580 43.6 264 | 805 602 5138
v 80.1 89.0 783 | 642 479 334 | 937 967 940 | 574 463 28.8 | 80.7 60.7 52.7
v v 814 90.1 805 | 646 49.1 360 | 924 965 944 | 582 468 28.7 | 80.7 612 513
v v v 819 905 802 | 660 503 36.6 | 951 979 955 | 598 462 30.1 | 819 60.8 52.0
v v v 819 906 803 | 657 509 364 | 951 979 955 | 602 468 31.1 | 81.7 61.8 53.1
v v v v 819 90.7 80.6 | 664 518 373 | 951 979 955 | 60.7 474 315 | 819 625 532
Con. Des. UA BA | ImageNet | Food101 | SUN397 | Cars | Aircraft
| NMI ACC ARI | NMI ACC ARI | NMI ACC ARI|NMI ACC ARI|NMI ACC ARI
v 755 453 334 | 737 657 525 | 772 524 402 | 67.6 365 243 | 495 225 125
v 747 452 330 | 732 632 508 | 770 526 40.6 | 66.0 357 238 | 489 214 108
v v 758 453 33.1 | 739 660 524 | 776 53.0 416 | 683 364 258 | 49.1 225 122
v v v 769 468 351 | 747 662 535 | 782 538 423 | 683 375 264 | 504 224 131
v v v 77.0 470 355 | 748 667 537 | 782 5377 425 | 682 37.8 266 | 50.6 227 132
v v v v 7177 486 355 | 746 662 533 | 782 540 423 | 683 37.6 26.6 | 50.6 225 133
Con. Des. UA BA ‘ Pets ‘ Flowers ‘ MNIST ‘ Eurosat ‘ Resisc45
| NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI | NMI ACC ARI
v 789 660 61.1 | 849 689 623 | 454 50.6 327 | 522 61.1 417 | 71.7 638 50.6
v 789 649 609 | 85.0 686 62.0 | 456 509 319 | 519 609 404 | 72.1 642 50.6
v v 790 647 605 | 8.5 708 63.6 | 459 517 32,6 | 520 62.0 415 | 722 61.8 512
v v v 805 673 63.1 | 873 72.6 676 | 467 53.6 350 | 544 623 424 | 743 632 523
v v v | 802 667 628 | 868 722 652 | 454 490 295 | 545 624 424 | 746 628 520
v v v v 812 678 633 | 873 725 675 | 469 537 352 | 546 627 428 | 743 624 515
Con. Des. UA BA | GTSRB \ PCAM \ CLEVR |  HatefulMemes | SST
| NMI ACC ARI | NMI ACC ARI | NMI ACC ARI|NMI ACC ARI|NMI ACC ARI
v 489 286 212 | 90 626 64 | 142 232 55 1.6 572 19 0.5 539 06
v 49.6  29.7 205 8.1 62.7 6.5 154 242 63 1.4 56.8 1.7 0.6 543 0.7
v v 499 30.1 214 | 9.0 62.6 64 158 258 8.0 1.6 572 1.9 0.6 54.1 0.6
v v v 51.8 324 225 9.9 63.6 74 16.0 266 8.6 1.6 574 20 0.5 540 0.6
v v v 519 324 227 | 100 637 75 163 266 89 1.7 576 2.1 0.5 53.8 0.5
v v v v | 519 326 226 | 100 636 74 | 163 266 89 1.6 574 20 0.5 53.8 0.6
Table 8. Results of KEC with targeted orientation. 11.2. Further analysis on parameter selections
Aircraft Cars Parameters in Image-Text Mapping. During the con-
Methods NMI ACC ARI NMI ACC ARI struction of image-text mappings, we aim to associate each
CLIP (zeroshot) | 488 220 107 774 3593 433 image with its relevant semantics (nouns in WordNet).
KEC 50'6 22'5 13'3 68.3 37.6 26.6 To preserve a strong generalization capability, we inten-
KEC* 21 242 158 748 537 426 tionally avoid meticulous parameter tuning at this stage.

11. More Ablation Studies

11.1. Results of ablation studies across all datasets

We present the results of ablation experiments for the pro-
posed method across each dataset in Table 7. We gradually
introduce different levels of knowledge and their compo-
nents using the LLMs.

Our method aims to distill hierarchical and discriminative
knowledge from the initial textual knowledge, which con-
tains considerable semantic redundancy. Following the set-
tings in TAC, we set the number of clusters as N, /300
(where N, denotes the number of images), and select the
TopK=5 most relevant nouns for each image.

To evaluate the sensitivity of the mapping stage in
KEC to these parameters, we systematically varied them
and conducted corresponding experiments. The results,
shown in Table 9 and Table 10, indicate that KEC exhibits



Table 9. Results for different numbers of selected nouns.

Flowers Pets CLEVR

TopK
NMI ACC ARI NMI ACC ARI NMI ACC ARI

1 8.9 721 692 80.1 679 621 170 270 78
3 87.0 726 669 800 682 627 160 266 8.6
5 873 728 675 812 678 633 163 266 89
10 877 736 682 800 675 626 161 264 87

Table 10. Results for different cluster numbers in the initial Image-
Text Mapping.

Flowers Pets CLEVR
NMI ACC ARI NMI ACC ARI NMI ACC ARI

N,/50 | 87.0 725 672 813 679 635 165 267 89
N,/100 | 87.4 727 673 812 678 632 163 267 89
N,/300 | 87.3 728 675 812 678 633 163 266 89
N,/500 | 87.6 730 678 8l.1 675 629 158 261 8.1

strong robustness under different configurations (i.e., tex-
tual knowledge generated with varying degrees of seman-
tic redundancy through different mapping strategies). Al-
though different parameter settings may cause slight perfor-
mance variations across datasets, the overall impact remains
limited. Therefore, meticulously tuning parameters for each
dataset is labor-intensive, marginally beneficial, and ulti-
mately unnecessary. This further demonstrates the strong
generalization capability of KEC across diverse datasets.

Weight to balance visual and textual similarity. To con-
struct multi-modal similarity, we analyze the impact of the
fusion weight o in Equation 2. Specifically, we vary a from
1.0 to 0.0, gradually increasing the contribution of textual
knowledge in the similarity computation. The results, as
shown in Table 11, lead to the following observations:

* When o = 1.0 (i.e., only using visual similarity), it fails
to leverage any textual knowledge. As a result, the con-
structed text space becomes nearly identical to the visual
space, yielding performance comparable to the baseline
without improvement.

* As « decreases, performance initially improves and then
declines, indicating that at this stage, textual knowledge
relies on the guidance of visual knowledge to extract more
discriminative concepts. When textual knowledge domi-
nates, redundant or mismatched granularity of extracted
nouns (either too fine-grained or overly broad) tends to
disrupt semantic distillation, resulting in degraded per-
formance. Notably, when a = 0, i.e. relying entirely
on textual knowledge, the results are the worst.

» To further determine the optimal setting, we conduct ad-
ditional experiments with o = 0.7 and 0.9 around 0.8.
Considering the trade-off between performance and gen-
eralization across datasets, we empirically set a = 0.8 as

Table 11. Performance analysis based on varying the weight value
of visual and textual similarity. The bold numbers indicate the
best results. In practice, we set v to 0.8.

Flowers Pets CLEVR
NMI ACC ARI NMI ACC ARI NMI ACC ARI

1.0 | 865 729 679 782 653 586 155 256 69

09| 8.8 731 682 810 677 629 151 254 6.7
873 728 675 812 678 633 163 26.6 8.9
8.5 729 679 805 670 627 160 266 85

‘.O?
2

06 | 840 677 645 755 623 551 151 258 8.0
04 | 765 627 597 705 560 478 147 248 6.7
0.2 | 706 579 522 665 506 424 131 242 63
00| 695 564 507 655 500 417 115 228 45

Table 12. Performance analysis based on varying the threshold
value used in KEC. The bold numbers indicate the best results.
The threshold S is empirically set to 0.8.

Flowers Pets CLEVR
NMI ACC ARI NMI ACC ARI NMI ACC ARI
09| 8.7 714 659 799 649 607 154 248 6.7
08| 873 728 675 812 678 633 163 266 8.9
07| 8.5 717 670 800 688 628 147 254 65
06| 83 712 649 805 672 621 145 242 59
05| 85 672 638 788 66.1 609 140 244 6.1

the default value.

Threshold in knowledge construction. For threshold se-
lection, we conduct experiments by gradually lowering the
threshold from 0.9. The results are shown in Table 12. As
the threshold decreases, more concepts and attributes are
extracted, which significantly increases computational cost
and time consumption. However, this does not lead to con-
tinuous performance improvement and may even result in
performance degradation under certain settings. Consider-
ing the trade-off between performance and computational
efficiency across different datasets, we empirically set the
threshold to 0.8 as the default value.

11.3. Compatibility with traditional methods

To demonstrate the compatibility of our method, we eval-
uate KEC using three additional traditional clustering al-
gorithms beyond K-Means: spectral clustering, agglomer-
ation clustering, and bisecting K-Means. All experiments
are conducted on the concatenated features [x;; k], with
the number of clusters set to match the ground-truth class
count. As shown in Table 13, KEC consistently achieves
strong performance across all clustering algorithms. These
results highlight that the knowledge-enhanced features pro-
duced by KEC are broadly compatible with a range of stan-
dard clustering algorithms, offering flexibility and ease of



Table 13. Clustering performance of KEC using different down-
stream traditional clustering algorithms.

Average
NMI ACC ARI

K-Means 58.0 56.6 385
Spectral Clustering 570 558 384
Agglomerative Clustering 58.2 56.9 382
Bisecting K-Means 572 562 37.6

integration into diverse practical scenarios.

11.4. Analysis of robustness for pretrained models

To assess the generalizability of KEC, we evaluate it
under three different vision-language backbones. These
backbones vary significantly in architecture and capac-
ity.  Specifically, CLIP ResNet-50 utilizes a convolu-
tional network. CLIP ViT-B/16 introduces a Transformer-
based model, and ImageBind-Huge is a recent multi-modal
foundation model that jointly embeds multiple modalities,
providing a stronger and more generalized representation
space. As shown in Table 14, KEC consistently achieves
the best performance across all backbones and metrics, sig-
nificantly outperforming both the vanilla CLIP (K-Means)
and TAC. These results validate the transferability of our hi-
erarchical knowledge construction approach across a wide
spectrum of model architectures and data domains.

11.5. Knowledge construction with various LLMs

We investigate the effect of using different LLMs in
the knowledge construction stage of KEC. Specifically,
we compare several state-of-the-art LLMs from diverse
providers, including: Claude-3-7-Sonnet (Anthropic),
Gemini-2.0-Flash (Google), Deepseek-V3, Qwen-Turbo,
Qwen2.5-7B-Instruct, and Qwen-3-0.6B. The latter three
represent models with relatively small parameters, allow-
ing us to evaluate the feasibility of lightweight deployment.
KEC is robust with open-source and small LLMs (even with
a0.6B model). As shown in Table 15, all models yield com-
petitive performance, confirming the robustness of our hier-
archical concept-attribute construction method. These re-
sults confirm that our method does not rely on any specific
LLM backbone and can generalize across different model
families and deployment constraints.

12. Constructed Knowledge Space
12.1. Reducing Redundancy Compared to TAC.

To better understand the effectiveness and efficiency of hier-
archical knowledge construction, we compare the size of the
knowledge space produced by TAC and our method (KEC)

across 20 datasets. As shown in Figure 5, KEC signifi-
cantly reduces the number of textual elements in the con-
structed knowledge, transforming hundreds or even thou-
sands of nouns in TAC into a compact set of concepts. For
example, on ImageNet, the number of textual tokens drops
from 13,278 to 1,341, and similar reductions are observed
across datasets such as SUN397 (from 4,691 to 686) and
Aircraft (from 1,253 to 120). This demonstrates that our
hierarchical knowledge construction mechanism effectively
eliminates semantic redundancy and consolidates overlap-
ping or overly fine-grained nouns into unified, higher-level
concepts. Based on these representative concepts, KEC fur-
ther explores discriminative attributes to assist in clustering.

12.2. Visualization of knowledge enhanced features.

To qualitatively assess the effect of knowledge-enhanced
features, we visualize the feature before and after enhance-
ment using t-SNE across six datasets: PCAM, STLI10,
CIFARI10, Pets, Food101, and UCF101. The left panels
show the raw CLIP visual features, while the right pan-
els show the corresponding knowledge-enhanced features
generated by KEC. For datasets with a large number of
classes, we visualize only the first 10 categories to improve
clarity. As shown in Figure 6, the knowledge-enhanced
features provided by KEC lead to better semantic separa-
bility, with tighter intra-cluster cohesion and clearer inter-
cluster boundaries. This effect is especially prominent on
fine-grained datasets like Pets and Food101, where textual
knowledge helps refine class-specific distinctions that may
not be evident from visual features alone. These results pro-
vide intuitive evidence that KEC injects structured, seman-
tically meaningful textual guidance into the visual space,
thus aiding downstream clustering performance.

12.3. Examples of the hierarchical knowledge.

To provide a clearer understanding of the knowledge con-
structed by our method, we present examples of hierarchi-
cal knowledge extracted from two representative datasets.
As shown in Table 16, the hierarchical knowledge includes
three parts: (1) Concepts, abstracted from semantically
similar noun clusters; (2) Uni-Concept Attributes, which
are representative and visually grounded features associated
with individual concepts; and (3) Bi-Concept Attributes,
which are contrastive properties mined between pairs of
similar concepts to enhance fine-grained discrimination.
For each dataset, we showcase 20 representative con-
cepts and 10 attributes for each type. For example, in CI-
FAR10, concepts such as ‘Emergency Response Vehicles’
or ‘Ecological Diversity of Amphibians and Reptiles’ are
abstracted from low-level nouns. Uni-concept Attributes
like ‘Prominent cargo area’ or ‘Beak shape and size’ high-
light core visual traits, while Bi-concept attributes such as
‘Mode of travel’ or ‘Limb configuration’ aid in separating



Table 14. Performance of KEC under different pretrained visual-language models. We report average results across 20 datasets, along with
detailed scores on three representative datasets. Bold numbers indicate the best performance within each setting.

Model Method Average Flowers Pets CLEVR
NMI ACC ARI NMI ACC ARI NMI ACC ARI NMI ACC ARI
CLIP (K-Means) | 50.5 479 284 836 704 636 559 388 275 79 202 25
CLIP ResNet-50  TAC (no train) 509 484 291 833 670 604 760 601 521 68 200 1.8
KEC (no train) 519 493 305 841 711 642 786 679 581 7.1 206 2.0
CLIP (K-Means) | 58.1 56.0 38.0 86.1 72.1 684 69.1 533 448 126 260 58
CLIP ViT-B/16 TAC (no train) 565 542 365 862 66.1 623 831 702 640 97 232 4.0
KEC (no train) 600 594 416 901 759 720 852 770 698 145 262 6.8
CLIP (K-Means) | 61.0 58.8 422 938 722 729 852 706 673 164 258 95
ImageBind-Huge TAC (no train) 62.1 596 430 893 709 70.1 857 689 656 153 246 72
KEC (no train) 648 627 475 920 728 729 884 731 714 182 262 92

Table 15. Performance comparison of KEC with different LLMs for knowledge construction. The LLMs are from different providers and

with various model sizes. The results demonstrate the robustness of KEC.

LLMs Flowers Pets CLEVR
NMI ACC ARI NMI ACC ARI NMI ACC ARI

Claude-3-7-Sonnet 86.5 729 679 798 671 596 167 268 8.6
Gemini-2.0-Flash 865 729 679 810 678 627 170 268 9.0
Deepseek-V3 80.1 659 60.6 860 727 660 16.1 260 8.1
Qwen-Turbo 80.6 70.8 624 861 703 649 160 274 88
Qwen2.5-7B-Instruct | 81.0 719 61.8 865 729 679 159 262 8.1
Qwen3-0.6B 798 69.1 602 860 71.1 657 16.1 26.7 8.2

fine-grained categories.

Similarly, in the Flowers dataset, concepts cover a wide
range of botanical categories, while Uni-Concept attributes
emphasize textural and morphological features (e.g., “Waxy
texture” or “Serrated leaves”). Bi-Concept attributes, such
as “Visual Style” or “Number of blooms,” further help dif-
ferentiate visually similar floral species. These structured
knowledge components form the basis of our knowledge-
enhanced feature representation.

This qualitative evidence underscores the semantic rich-
ness and interpretability of the constructed knowledge,
which not only improves clustering performance but also
contributes to the explainability of the clustering process.

13. Limitation and Future Work

While our proposed KEC achieves strong and consistent
performance across diverse datasets and clustering set-
tings, we highlight several limitations that also point toward
promising future extensions:

Concept quantity may not always be larger than the tar-
get cluster number. In most cases, the number of con-
cepts generated by our framework exceeds the target num-
ber of clusters, preventing overly coarse semantic sum-

marization for concepts. However, in rare cases, such as
CIFAR-100, only 38 concepts are formed. It is fewer than
the dataset’s 100 fine-grained classes. Notably, this num-
ber still exceeds the 20 coarse-grained categories defined in
CIFAR-20, which uses the same image set. This observa-
tion suggests that our method tends to generate semantically
meaningful concepts, even without hard constraints. In fu-
ture work, incorporating user-defined granularity or con-
straints into the concept construction process could support
more adaptive and goal-driven clustering.

Limited improvement for high-level or subjective cate-
gories. The improvement is relatively modest in datasets
where categories are defined by abstract or high-level se-
mantics, such as HatefulMemes. The labels reflect whether
an image is offensive. KEC may lack the precise guid-
ance needed to construct appropriate textual knowledge.
This points to an opportunity to actively involve users in
knowledge construction, for example by supplying domain-
specific vocabulary, mapping terms to visual regions, or re-
fining the concept-attribute hierarchy. Such human-in-the-
loop strategies could enable more accurate alignment be-
tween textual semantics and high-level visual concepts.
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Figure 5. KEC effectively reduces semantic redundancy compared to naive use of textual knowledge.
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Figure 6. t-SNE visualization of features before and after knowledge enhancement across six representative datasets. The left column
shows CLIP visual features, and the right column shows knowledge-enhanced features obtained by KEC. For datasets with large numbers

of classes, only the first 10 classes are visualized for clarity.

Potential for Interactive and Customized Knowledge
Construction. KEC is modularity and flexibility. Allow-
ing users to define or adjust certain concepts and attributes,
or to specify domain-specific requirements, could further
improve clustering performance. Exploring such interac-
tive, customized knowledge construction mechanisms rep-
resents a compelling future direction.

In summary, we present a hierarchical knowledge con-

struction method that opens up new possibilities for leverag-
ing textual space in image clustering. While our current sys-
tem operates automatically and performs well across tasks,
future extensions incorporating user input, domain adapta-
tion, and controllable knowledge granularity could further
enhance its applicability and effectiveness.



Table 16. Examples of the hierarchical knowledge constructed by KEC. We show 20 representative concepts, 10 Uni-Concept and Bi-
Concept attributes, respectively. These knowledge elements are automatically derived via LLMs and serve to inject structured semantic
guidance for clustering.

Dataset Hierarchical Knowledge

CIFAR10 Concepts:

Commercial and Utility Vehicles, Bird Species, Water and Land Transportation, aviation and air travel,
Automobiles, Maritime Vessels, Musical Heritage, Equestrian Sports, Ecological Diversity of Amphibians
and Reptiles, Pets, Feline and Animal, Antelope and Deer Species, emergency response vehicles, Equine
Management and Culture, Aircraft, Dog Breeds, Maritime Vessels and Shipping, Fish Species, aviation
and avian agility, Plant Ecology

Uni-Concept Attributes:

Prominent cargo area or flatbed design, Feathers covering the body, colors on animal fur or skin, Beak
shape and size, Streamlined fuselage with a pointed nose, Large and swept-back wings with distinctive
winglets, wheels or tracks on vehicles, Large hull structure with a streamlined shape, sails or masts or
other rigging elements, Bright and high-visibility color schemes

Bi-Concept Attributes:

Feathered or fur-covered bodies, Color Variation, Mode of travel, Number of wheels, cargo or shipping
containers on the vessels, Size and domestication level, representations and cultural symbols, Body struc-
ture and limb configuration, Color scheme and markings, landmark achievements

Flowers Concepts:

Ornamental Plants and Flowering Species, Yellow Flora, Berry Cultivation, Flowering Plants, Primulaceae
and Related Plants, Fritillaria, Flora of Tropical and Subtropical Regions, Wildflowers and Mosses, Wild-
flowers and Mosses, Irises and Associated Flora, Irises and Associated Flora, Goldenrod Species, Squash
and Related Plants, Dianthus, Hymenoptera and Related Insects, Phyllostachys, Hibiscus and Mallow
Plants, Native North American Flora, Penstemon and Antirrhinum Species, Arum Lilies and Egrets
Uni-Concept Attributes:

Vibrant and varied color palettes, Thick and serrated leaves, Waxy texture, a complex and organized struc-
ture, Black and white photographic style, Furry or feathery texture, palmate or lobed leaves with a more
pronounced venation pattern, ovate or elliptical leaves with a smoother margin, Large white and petal-like
ray florets, Colorful and diverse petal shapes and patterns

Bi-Concept Attributes:

Flower shape and color, Colorful and intricate floral patterns, Leaf shape and arrangement, Physical Form,
Number of blooms, Color and texture, Vibrancy of Colors, Visual Style, abstract or stylized expressions,
like paintings or sculptures
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