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Abstract As a foundational task in the field of unsupervised learning, clustering analysis holds
core application value in many data scenarios. When integrated with deep neural networks or large
language models, the resulting deep clustering techniques demonstrate powerful capabilities in

capturing the complex structures of high-dimensional image data. However, existing deep

eh H 1. 2025-05-27  fE LR KAl H 1. 2025-11-11. ARSI 2 K FARFHF# 5L 42 (62436001, 62406019, 62176020)  [F 52 5 s i & 1T
X130 H (2024YFE0202900) « b 5T [ 4% B 2% 3 45 (4244096) . db 38 K A A 5 4 (2024XKRCO75) #7641 387 A DA 1 A 2% 4
(8091B042235)  Hfr J e A% KL At WIF 5 ik 43 (2019IBZ110) AU 5% 32 38 A 27 L0 2 3 448 i) 5 22 4 1) 5 o 05 52 40 = (RCS2023K006) % Bl
O EA P EFEALE S (CCP) & 0L, RGP~ E M K3 . E-mail: wang-xiang@bjtu. edu. cn. X%, [#H1-,
R P22 (CCP) 43 by, EBMRIE S HLAS 24 ) SRR A . |MSEGRMEIER) , M4, 202 b R L2 2
(CCE)£: B, EEMFSEAB LA . E-mail: Ipjing@bjtu. edu. en. F &1, i+, 282, R EHLH S (CCP) 24, EEMF5 40
Pl N TR, SBREE. BIHFIE 61, b EH L2 (CCF) 4 51 BT X4 AL 45 FR 43 -5 B0 A7 L 22 28 TN R i 25
BE A U b ERHE LA S (CCF)4 B, 2SR 400 o B 5 20 3240



41 FoOFRAE MR A SR Y AT AR (SRR 743

clustering methods typically rely on implicitly coupling all feature dimensions of the data to capture
nonlinear manifold structures. This “black-box™ nature renders model decisions difficult to
interpret intuitively, thereby limiting their applicability in high-risk and sensitive domains such as
urban planning and medical diagnosis. To address these challenges, we propose a concept
embedding-enhanced interpretable image clustering framework that improves the interpretability
of clustering results through a cross-modal semantic transformation mechanism. Specifically, we
introduce a novel data-adaptive textual concept generator that can autonomously discover high-
level semantic concepts from the dataset under the condition of lacking supervised labels.
Additionally, we design a concept representation alignment module and a clustering decision
refinement module, enabling the model to provide human-understandable semantic explanations
while maintaining clustering performance. Experiments conducted on six benchmark image

datasets demonstrate that the proposed method not only achieves superior clustering accuracy but

also significantly enhances the interpretability of the clustering results.
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e
8

HAKTT R Z M2 M A B2 . T L
(EEAES Ry

B i A RAIE 0, EMER2S[0], LSz n]
ff R 5 R IR bE@%—1jn1Jc,ﬁnl§I 4D IR
! WLk R
[ Loss
1
[0.1,08, ....0.1] fig ' ORI AR HES IR Mw
-F A I-—*lﬂl - 0] [0.1,08, ...,0.1]
L
2, 1 W& wT 4
I 1N
Ca) THNZ O AT H2ARA | ngsm
________ [}
]
! W
IR ! i
A5 9l ;;
______ : W
HiL 27 ik ! =
SRS
(H»{ Hﬁ-)
Loss
Ef(x)E(1) Ex)YEM@) |
E(x)-E(1) BV EI ...
E(x)Et) Ep)ER) | -

P S AL SR S
(b) BE& NS ERAG AT ERRRISHLR |
~EE
Hod, p, FORFEAR o, 18 KA b A0 ma 7 A, S8 F4

WGR‘”“%JT%?Eﬁ*ﬂi%ﬁﬁ,/\’éﬁkﬁﬂﬂﬂ“?
5 kAR OB RS o SR A AU [ W ad
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TR AT BE S ARG R, B I R 0 R AT i
REPE 0 O G ik A TR ST, AR SCHRE AR A i 1 5
T A 3l A AR e A A o] A R 0 1 HE A R
S

p=log((6TW)" +1) (6)

i 8 R 2 L B AT LU DI S #E
TRl /D AN AH S A . ELAROR 3, AR SRR Al
JEBE W =0, LUBA O R E A 10 BT ik EL A 9 B T g
Bk o RIS 07 B A0 (+) " B Ak 5 AUl A i 7
B FAE A . FEVIZRB B AR AL soft max pRI%K
Xof ) B p, EAT VA — AR AL B LS 2R o0 A AR5 A
L B ) B 3R & po= o/ Wilh 17 R 2k
T, DA T SR 2t IR mT fi B

i1, ICCERKEE

WA AR () ST () REARK, B
BOARZE 0 CLIP Si B 38 B+ VRIE ( + ) BIZRAER G (+ ), 4L
TS a;

St R (5. TRREIER 7= (1], 17, oo, 15

1. U SCA GRS 38 B+ VRBOCARE S 1A 7 <

hi=E«(t,);

2. PR AR

3. FUFHFNGHR G (« )RR ¢,

4. FUFHERSHD S £+ ) RIREGIHRA LR .

hi:El(-l"f);
5. it MESBOEEIL () IS BIREE A SRAE
61':]‘.(}11’);

6. HAE A (OB AT BLI = ps

7. AMAE AR DOMAROHEMSINIES S, s

8. H/IMEAR B

Loss= Loss, + Loss,, + a*Loss;

9. 1FFNRAKI Sy 3, MAT R 7= {2}, 27, -+ 1) }s

R R P A TR B AR SR T
Xif Ll 27 20 o g — B e R B B Bl Y SR 2k
Rl 3 45 3R 5 | R i A iR 1 AT i R A AT
Yk, HARBR RN

Loss,=—log Z\:pfq,v (7

Hor, p Ryl i REREHL (8 SRR 53 ¢, T 2R R 2K
RS Ot o BRI R ANk 1R .

FEAS SO, $H0I 25455 Y ] 38 2o 00— SevE 41 2%
AR B] L W 4 R . HAORUL, 45 @ BUS 5L
P () TETI SR B, A% SC 3 T 40 44
PRIKEN Y — B2

Loss,=— > (q!*log q?)— log iq} gt (&)
i=1

Horr, g F gl 2 R o, 1 A [ 38 i A A A S0
By o AR B A B AR RIS R A 2
B A5 AR T ) TR TR A Y B i a4 A0 = ) Bdis
PITETELE M . B RV 5 2om T B B A
Ko AR CURG CLIP B AL p i KGR G i s, I et
fill B AFTYIZRA SR IEHGY 2 A WU 2 5
WRBEK X TRy asal . Frfs fi il ) & ¢, € R*
281k soft max H—1J5 - FLE & 2w [0 AT i B
FEAJE T2 £ TH SURER B A5 BEER . [RII, Ky B
1A B A T/ U 2 1) o AR SRR 1 D) 3 A 35
iR AT I S) R RIS e . AE SE PR Al It AR
T A mT DL 4k BRAT A JC W SRS T ik A
M a7 Ak U 25 3 B2 . O 35 0 A R A 25 2 Y T i
R

4 SIGHSH

AT E A Al R B A S S iR L Bl
Jo R S 45 SR AT PR A BT » RS A5 2 A
P 5 ok .
4.1 HIRE&E

R T IR VAR AR T ks A R S AR SCHE S A
HAREMENEIEE LT 7880, £ 1Hh
ST T AR AR A G THE B

BT & A SCE e T = AN Iz R
A% 3R 2 36 ofE B i 48 - CIFARI0™™, STL10™Y 1
ImageNet-10-"", X SEHHfE 42 18 35 A ] 14145 RS il
e SR Re A R0 A R A 5l UG R AT 55
LRERERI. ZJa . it PR A ] A R
PS5 R 44 Sd N T BE 1 AR SCHIA T =4
HLA7 k0 0 AR BT 4R RS o 2B 4R
ImageNet-100, M ImageNet H1 B HL 4 H 100 4~ 51
g 1, s SO SR 4 DTD™ 40 3 25 B 4418 X
PR2E 0 H AR SO G s 8 BG5S RR 4R
RESISC45'"™, i 55 T Z Fi b L 3R 355 R & 4% 75 5
15 JER T 343 USR] S AR SO vk A 2 A B i 4
1 A B A B SORE SR . NIRRT DO F]
JITHR 0 TCPE 5 2 i 1] T4 45 ETAG0) 2 AA 25 4
Yy S RRAE A B N R B B8 PRZE  ne R 42
“HEET T NI TAF . IXSUERAERE NS DR IR SR A
PRI T8 S 5 N B A — 3. A
P22 F o 3 T 2800 44 Bk A i) 1 K BRIE 5 B vk BT



750 it " ¥R 2026 4
1C?E(Ours) Large language model(LLM) IC*E(Ours+LLM
cartage large, motorized vehicle large elongated body
semitrailer cargo area cab section
freight liner o four or more wheels TR cargo bed at the back R
truckingrig ?‘:’U i H‘ d':;f'[r;' heavy-duty build il f'f:: i four large wheels ii(_ﬁ'. 1&443 [I;J
prime mover [ ‘BCHLRIERY cab and engine compartment [ #AIREZAY cargo-carrying space BRI
truckler headlights and taillights a driver
IC*E(Ours) Large language model(LLM) IC*E(Ours) Large language model(LLM)
grating hexagonal pattern airstrip long, flat surface
honeycomb cell-like structure airfield paved or hardened surface
plain weave symmetry tarmac marked boundaries
grid metal natural or artificial auxiliary airfield wide width -
compound eye open space within road surface challon at airports or airstrips
hexagon tessellated arrangement runway lighting systems

KI5 B0 AN R RO A A O SCAS A &

A S B SCASH A% 38 R 0 AR B R S A2 HE dn- 4E
K17 “ R ENHLAE R E S .

PRI 2 S 1 D DR A R S e
B T 2k 22 A5 25 AR CLIP 76 R d i i B b o 56
FER A R 5 bR DO IR ARV B SCATHDL L Y
b [ T ) 7 IR ) 4 SRy B FE AR S o X R IL ] B
SRAT I T 1E S AT R 28 T REAS SRy s 2
9o FLU TR S B A B G AR ) AR s
AR Z BN /R 18] (prompt) BYFZ IR , 451 4 371 H 1R 5]
R EERIE " AE . X PR 23 A (i A 7Y ]
GEOAT W 24 FRUEA T ARRE BE i L DT AR B2
AHUEAZ R Tt S M ek . XA
55 WoBH 5 | 3 1 A R S FE GRS Th AT A
FEN AT 2 H H v B AR P 2 bR 28wl T Tk
T AT AR » A2 B SCAR IR 25 5 B A5 52
R FARAS — Sl e 5 3, an &l 5 (i 210 65 AR
H R

ML Z T A SCHR A9 TCPE 7 1 F SR 22k 44
HTE SCARABLBE A L BEAE LU JC W i 7 X3z 4 5 [
15N 75T BB A DT SRS . 2O IR T
TRE TR XoJ A5 S SRSl 5l 1 3 7 A B AT T X S 3
TN AR R R BN 55 I . #F 52 B vy
AR SR B L 38 A RS S 1] R AR R R A
BAREE L TCPE W] Ry AR A B A B im A or B 1) 47 3
PEMALTE LYl fn e #b 78 . AT ZE Z2 A0 R A 55 h
Jo I 5T 5i 1) A A R E S S . b AR SO
Y] by SCASABE & PR AE A B R AR B DR — 3 A
T SE KA — R s TE ) B S e DRG] 1
(AR G R T BT SRR VR A RS L A T A
) B IR B MR AR TR A K. & 25
T RS S BB A A A e AR A 1] JE TR 2

AR I o DA R T LU, AR SO Y A0 ARE 20l P g
SR EL A R R AT R BEAE R BRI Y
Hite b

K2 TREEIEEE R &R B

ik CIFAR10 STL10 TmageNet-10
Pt ] 398 14 %0 518

Bl e ImageNet-100 DTD RESISC45
HiJ i) 745 36 75 143138 398

4.2 EWIZE

A SCHR MY RT R R 3R 26 T ¥ (Interpretable
Image Clustering with Concept Embedding, IC*E) 3
F Python i 5 #1 Pytorch HE42SZHE , i A S 46 1)
16 Hic %5 Nvidia Geforce RTX 2080 12 GB Y IR 55 %%
AT X A 2 BSHE AL CLIP AR, AR
G — TN VIT-B/32/E K £ TR %, %
T CLIP B AUA 5 O 28 B R M S RIS TE L FRIR

H BB AN Grad B P R R4 L O 5 2
BERHGH TR . BRSO BRI e 5 )2
3 0 A P T A P 2 P % EL A I 4 AR A S
ARSI ECH MBS . Mg 2 pzE 4
TR 28 A8 s B T A e A R B S 2 SIS AR
R [a] , Ho W 46 A AR DI Zhad 72 e 32 2 3R 1 2 0 DA
i vl A R . AL ] Adam PSR AT S BOE
B W HG A ) Z% o 1e-3, ML B 512 7K &
B ARIE S a BB N 0. 1. Z25 T CLIP $24it
F14) 755 JO H e 7 BE ) o AR AR B AR I e B R 50 %8
BRI A SRAS AR RS E AU SR fE . O TR & (5 R
1T, 3 R SO SR A B A5 B 76 3. 2 T i Y
U ARFE I Z L NV 43 BB R 100 F#1 20, FFAE
BB AL LA — B0 LA IE Jy 1k 1 & 5
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PEo X T REA RV A SR = A £ AR
HVERETEM 5 b1 - RISUERH R (Accuracy, ACC).IH
—AkH {5 B (Normalized Mutual Information, NMI)
DA R %~ A8 H0 (Adjusted Rand Index, ARD), X
SEFR PR AR (R B RN RIS REAR AT

X TS () AT i R, A SC A F LA
1A JF 51 A ZOBE & 20 B (Number of
Effective Concepts, NCE) & & f# FERI 7 15 M. A
PR 45 R AR E PE 5 Goit al Sk, g S 1
AT 5K I3 4
4.3 MtEH=E

YR T4 7 v ICPE M R AR SCHEAS AT
AT RS AT T RGPS IR S
F IR RIERIL AT T XL X ey ik F A
UL =26,

(1) FETF ResNet T34 FH N 45 1R BE R 27 1k

%27 B % JH ResNet-18 8% ResNet-34 /£
H EURFFE SR S, IF 256 4 2S00 B AT 05 sl 4 A 24
TR A Be AR MR A CC™, IDFD™,
SRL"“", SCAN""F1 SPICE "4

()T FI G 2 A5 78 KB B TR R Tk

Ty 1R 2 R H CLIP 45 KB 0 1 75 A 7Y
AL S A 24 2 T 4%, IF VR G5 i 25 S 50
TEMEEEA F BRI SRR IR U A TR R A5 R . X
R BAEZ AR5 Th UG B 8T AREF LA
$5 3 SIC™, TACY', CPP™/ I DXMC" 4, /A F
F B, AR SCOR R — B0 CLIP B S0, 442 1B J S

PASTERR 3 B s 5 L FBril 255

(DHL Tk

Sk B A 1T b VAl T SR AR Y 1 R S P, AR
SCHR G AT RATR P R 2R SR E AT X L CLIP
(K-means) {4 & T 3 X% CLIP #4545 15 &3 14 % H
HEAT K-means B 28 Al B AT A 450 20 1) Y11 2556 w6
Pre-model £ 2 AN FI FH AR SCHE H 18 001 250 s a0 A 7
AT , 27 TCRFR TR, W5 2250 30 3 3T Fty |
GRREAT

2 Nk 56 ICPE i nl 7 R v 45 i
P A SR T 2B B B 4y IR SR AL,
TAC™ HI DXMC™, # & 7 W Fp 81 7 A8 K IC°E
(TAC)MIC*E(DXMC) » T4 56 fir$2 7 1 5 3 A
RAABRIEBCRE )] . F65 WAEATRE LT
T A W
4.4 HEEFHESH

W 3PN S ASCE HETE 34 12 A8 H A Bt 42
VAL T BT R RR I S U TR R
FEHAT T RGNS . LI Es SRR, RBIL TR
2 £ T W 4% (Ul ResNet-18 8 ResNet-34) [l K 25
D5 i CC™ L IDFD™™, SRL™4  FE AR BRI
AR s JCHAE R 53 A5 v ko S o3 A B2 4+ 1
BEsE b, HoERE 22 M B . /R4 SCAN-VHI
SPICE"™ 45 J5 il ik 5| AT ZALHI 2 T T 4511
FRIERIRRE J7 , (H ph AR A S5 R4 A GE T87 B, AT LA
TR R 2 E G S, REUR A R B K e S
FIHIAE K,

R3 EDAT ZEREIEE LHRE MR (%)
. CIFARIO STL10 ImageNet-10

ik ACC NMI ARI ACC NMI ARI ACC NMI ARI
CC 79.0 70.5 63.7 85.0 76.4 72.6 89.3 85.9 82.2
IDFD 81.5 71.1 66.3 75.6 64.3 57.5 95.4 89.8 90. 1
SRL 90.3 83.4 81.7 81.8 72.4 68.2 95.9 90.2 91.2
SCAN 88.3 79.7 77.2 80.9 69.8 64.6 / / /
SPICE 83.8 73.4 70.5 90.8 81.7 81.2 96.9 92.7 93.3
SIC 92.6 84.7 84.4 98.1 95.3 95.9 98.2 97.0 96. 1
TAC 91.9 83.3 83.1 98.2 95.5 96. 1 99.2 98.5 98.3
DXMC 92.8 84.7 84.9 98.3 95.8 96.7 99.4 98.2 98.6
CLIP (K-means) 73.9 68.5 59.3 94.5 92.2 89.5 98.2 96.9 96. 1
Pre-model 92.9 85.0 85.1 97.9 95.0 95.4 99.1 97.5 98.0
IC”E (Pre-model) 93.0 85.0 85.1 97.5 94.6 94.5 99.2 97.7 98.2
IC’E (TAC) 91.5 82.4 82.2 98.4 96. 0 96.7 99.3 98.1 98.4
IC*E (DXMC) 92.0 83.2 83.3 98.3 95.7 96.4 99. 4 98.1 98.6




752 it A

Pl

L
&

Eitd 2026 4F:

5 ER I ARG T AR R 2SR A T I 2k 2
B RAEAY Y I A7 2B 5 L Bt o 2 1k
et . D, X CLIP AR it £ 5 2 i s i
H 47 K-means 28 (£ 3 CLIP (K-means)) ,

TE STL10 Fl ImageNet-10 ¥4 4 I O 24 g
THME R BRI . #E— 4, SICT, TACH
GIIEAEURSS CLIP gmfidh 2% i 56 il b, 13+ 17 mr il
RN R B2 456 25 B BT 55 B i 2
XPRERY AT RO o AR T T RIAYPERE B 1R AR
TERSAITE R BAT S5 Th A ROk . SR, X 467 158
B SN AE 505 S CAnSCAS A SR 2 i 48D 5 1
UGt e MICZTE A SO A I 2507 1%
SR A 14 i S Wk ) e — B PE 24 0, TE TR 5 I AR
BRAITH L 7E = A4 S T 5 S ET L A
MELEFO RIS RIS A SO i P A
R AR R ICPE (TAC) il ICPE (DXMO) 3 — 2 5
WE T ATy vk 0 8 B R S T ek, o] Joag e
BT A RIS v DR TR A B

Ry e — 20 B UE BT i T kA LS 3 5 b (R A
B8 71 A SCHE B o0 088 4 TmageNet-100, 20 #f
I3 BHE 4R DTD Ml 12 J& G 3 5 o J 80 46
RESISC45 It 1 X bb S5, 52 5 25 B an 3% 4 fr
TNe RIS TAL GG R 28 I R BE R AT IR ARG
FE WL 55 T 5 T Il Sho R R 1) 7 v A S B
VS AR B AT LA . NS R Ha]
DI 3] A ST 72 7E ImageNet-100 £ Pa 45 3%
BUET TAC ik, RE R A T2 8 £ &K
Z 0] B — B A TR 1 25 7 55 v AT REME LA
A BT IR REAS 19 584343 25 5 1 TACY Bk Y
S 3458 2 K iR 1] DX 43 T B ] AR
P REWI, ICPE J5 i B4 R AP A1 . BB %
5 TAC G2 Rl 5 AT 52 B BE I 2 — 25 48 71

x4 EZ/NEERMHES ERREERE(%)

. ImageNet100 DTD RESISC45

s ACC NMI ACC NMI ACC NMI
ceC / / 25.0 353 29.1 40.4
IDFD / / 36.8  47.3  70.2  74.1
CLIP 56.0 70.1 45.4 55.8 66.4 72.5
CPP 57.3  70.6 50.2 57.7 70.1 73.8
TAC 73.7 79.5 50.1 57.6 67.2 73.0
DXMC 60.8 77.6 44.9 56.2  66.0 73.1
IC’E 64.2 76.2 51.5 62.0 82.6 84.5
IC’E(TAC)  75.0 80.4 51.3 589 67.2 72.9
IC’E(DXMC) 64.6 78.2 47.6 58.2 66.2 73.1

£ DTD 5 RESISC45 3% A4~ HAT 8 5t e W 35 19
R4 b AR SO R B B A e .
1548 TR RO 5 I, e — e LTt
TR S TR B AR S A PR
AT BRI R A X AR R RS AE R . BRI A X
J7 1k B AR ARAE P A7 B 4 USRI 7
RIS Ik T HAE Z b soh iy A
ok 5iz Ak
4.5 HEEIARERES T

AP RBRITERE AR Z T B R AT, A
SCMNTE SUME )23 TRV SR 2R 45 S 04T T Ak 34T
WK 6 FIr s, A SCRE/R T ICPE J5 i £ i R R A
AR AT R REIEE . v DUOWER B, BIRYRE NS A Bh {2
B N8 SO — Sy s . il 72
A G rh AR 2 S B RIHL A s T AR
Yo ln 55 5 288 b 5o UIAH G A s 72 ML 1E ) 5t
b U T AT B A B T A e SR B M s i
SUREHRAE T X T MBI R AL RE A 4
DGl = S Tl i Sl WU XS R S T 8 B A e €
SRR ICE AMUAE R K B - 2 A 03, IR it
REAS DL B ARSI IE 208 0 0 i B SR 2R 4 2R
AT i 2 B T T SR AR () AT i Rk

2L Hh, B 7 IR T Rl — 285 R R AR X
I Y SRR IR . Hoh, (8 i HEAR R A 1E 1
R 53 (RS 1721 €0 30 A T AR e A iR T o AR AR
MEIHRT LU H 6T [l — 2R B AN Rl RS L 1SR g
BE AR 25 17 A5 PN 2t A (LW A 22 55 7 T e
T B —E AR A3 RE . BeAh i x4l
PR R o FEAS (1) AT fig MR 25 S AT 4B R DA AR
R MERIZWE R . DIBR R 428K
TV FE MR A R 5], 55 AU DA PG b 4 B B 2 i
B7CHIIPAERAEE UFE R . RS TEE
X 5RO ALIZ MR L b T 67 4
o PPN T REVR TR X S 4t A Y ek B G
T T2 T R AR R S, A i SRR B AT A
A, REAE 17 W48 /s B W A B S it — 20 5 | AE
HIHLH B2 ROBE TR SRl SR dR At TR . 7
Bl 8 AR SR T Il ZRisi A 5 ICPE Jr ik e & ]
TREMAVESEE . AT LOREE R, 76 %
TE R B AT T TCPE 7 ik i A9 30 X
Y 1 D T I SRR A 0 DR AR RN 4R L A
T 7 38 35 4 T ] B A [R] B, S T XU R AR
M)A B4R i — DB AR T AR el R i e i Mk 5 46
FRE IR -
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338.6

& 8

Pred: truck-Conf: 1.000-logit:35.28

Pred: monkey-Conf; 1.000-logit: 34,70

a dirver ———— 45 4200 121
A trailer — 7 primate I':M:;: 618
traffic ———— 77 a sookeeper | 573
IRNSPOFALIOnN — 2 marmal E— 5
four large wheels — .19 Tong. Nexible 12i) m——2 54
g four rubber tins M—1 7 clawed foal — ()]
CATEO — 2 35 sharp claws I|— 1.26
other features 11.24 ather features i L
o 2 4 o 8 1] 12 0 1 2 3 4 5 6 7 .
Concept Contributions Concept Contributions.
STLI0¥ 4
Pred: honeycombed-Coni: 0,365-logit: 10.01 Pred: wrinkled-Conf: 0.995-logit: 28,53
honeycomb 8 400 walinscol Me——
honeycomb tripe —— 57 filter paper —— 05
beeswiy — (.57 krafi papcr ——
wafcr m— (.57 linen paper ——— 54
tessellation p—.57 miasking paper — 2 1Y
crepe ruber - 0,46 oilpaper —1 50
lattice w— (.45 roofing paper me—| 66
other fcaturcs — 13 other features 11.06
o ! 2 3 4 s 0 2 4 6 8 10 12
Concept Contributions Concept Contributions
DTDHHE

Pred: umway-Conf: 1.000-logit: 11.85

road surfce _ 247

other feamures | 0,00

0 2 4 6 #
Concept Contributions

11

Pred: bridge-Confl: 1.000-logi: 31,98
bridge whist | | (.5
causewsy | (4
toll bridge |G 5
Noating bridgc MM .27
other features | 0,00

0 2 4 3 8
Concept Contributions

10 12

RESISC45 &4 4
E6  IRIRIZEHERE AT L 0 AT fif BEEd

Pred: truck-Conf; 1.000-login: 35.28
o dirver ———— 45
o trailer ——— 4 22
1 (T p— 3,77
IFANSpoFation — 32
four large wheels p— 310
gl four rubiber tires — 0 7|
CATED p— 235

other features
o 2 4 3 8 1
Concept Contributions

| Pred: truck-Conf: 1,000-logit; 3410

front cab section ——— 5
0 trailer —— 25
1 driver —— |
four large wheels m——— 3 75
TANSPOFtion — 2
cab seclion —— (5
headlights and willights — 2 44

other features

Concept Contributions

0 2 4 13 b

Pred: car-Conf: 1LOM-logit: 40.10

Tront prile ————— . |
a license plale ———— S
front and rear lights ———— 5 4
Jar windshicld & 4.1
and tailights 156
headlights —— 1 27
adriver —— 0
other features

866
0 2 4 o E 10
Concept Contributions

Ist Preditmeck, 10,655, 2nd Pred:car, 5.771

cab section —— ] 5

fuel station _I 1.58
lar cargo section 153

front cab section ———— 52

cargo bed at the back 0,74
atrler =l1_f-$

IFANSPOFALION  p— (), 5%
other features | 2

1o 1.5
Concept Contributions

0 0s

BT AR R SRR R A mT A I Al (2 O HEA SR IE B Kl 0 2T G I HEA U AR 3 1)

3153

313.2

2923 291.5

o ) Nl (%]
o N N o° o
\{‘\a%c “\‘b%é‘& ?S‘,

¥
» Pre-Model = ICE

A IR 2] T R ISR A B R H

4.6 HELEIE
R FGEVHAL TR 7 v A% OGBS M g
518 SCA] il BEVE Y TR » A SCBOH TS0 T — R
TH Rl S50, A ERISRS FE 5 iR o 12 W 4R 2 T, 9
TR B AR B AR RIVERETh /R

Bk U, £ 3R 5 AR SURIR T 7RSI ALY
FERLH 5 R R YT S BB RS MR 1Y AR
o FTROREER], 5] AMEEX SR  BEALAE S 45
B F RGNS A TR . ORI AE
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AL REH B AT X3 SCAS [A) 25 46 A0 240 5, (A5
TRUTE AR A5 T A 2540 — BOME A [ st B0 1) T S B
A FAE 1 SO 55 T — 5 FREE 1 HI55 T F#AF
FORMAANGE 1o SR 3K Pl 45 F4 P 2 A RS Ay
KT BEM BT . ik b A
AT R 1 BT R A SO TS 3. 37T R A A A
ARBRAERE S L ] B 1200 A & e iE 13 %t 5
Jiik . AR E A SO AR AR B A& R AE 5 4R
PR REVEAT 0/1 —(EARVC AL, 1 & R F1 4y
B A R RE R B . RS 5 P A SRR
FEABAEAE L3 BT T F1ar8k . R HAa R
ST SURR S 5 R FRAE 22 1) 1) — E0rE s i R 2
AR U] = A7 T 4 T SR NG B, F T A A m ik
XA BR oAb A SCA T T AU A FH 1501 A
(Pre-modeD) 5 f5 24 0 fif BEBL AL (ICPE) 1) 3% {4 14 RE

Pred: truck-Conf 1.000-logit; 3528

 dirver ——

R SLEAERRN] L PR A TR R T A
APREE T PN G AR A5 KR 4 SRS L L []
S 5 5 1 SRR L Bk T AR SO IAAE R
A RS AT R R Z RSB T R P . B
Ja B9 R T8 K BRSNS B 25 A LA
X RS AT R R SR . S5 R ER T X SR TR
AN TR HE b 24 B T B T n] A B U Al ) A o —
AR T BTG B S A

4 [ E:
Concept Contributions

IC2E Ju 22 fil B A 2 R At ] R ik 40

Pred: truck-Conf: 1.000-logi: 65.07

Pred: truck-Conf: 1.000-logit: 2943

i v N 15 2%
a irver [ °.%

other features | (.00
other featwres |00

10 15 20 0 10 20
Concept Contributions

M e M 0 4

1

3

Concept Contributions

TR o A A B 4 4 LA

x5 AEERIEEERERFM(%)
. STL10 DTD
Jrik —
ACC  NMI F1 ACC  NMI F1
w/ o cluster 49.1 46.7  86.0 18.5 25.0  98.2
w/oconcept  97.9  94.9 2.3 49.7  61.6 1.6
IC’E 97.5 94.6 86.2 51.5 62.0 97.5
Pre-model 97.9  95.0 / 50.0  62.4 /
IC*E 97.5  94.6 / 51.5  62.0 /
cab section machine
cargo bed at the back transportation
cargo-carrying space adriver
four large wheels aroad
front cab section a trailer
front grille cargo
headlights and taillights fuel station
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Background

Image clustering aims to group images according to their
underlying semantic content. Due to the nonlinear and complex
structure of image data in high-dimensional spaces, traditional
clustering methods based on shallow features struggle to capture
intrinsic semantic patterns effectively. Recently, deep clustering
has become the dominant approach by leveraging deep neural
networks to learn hierarchical feature representations that project
complex visual data into a low-dimensional embedding space,
improving clustering accuracy and robustness. However, the nonlinear
entanglement of features in deep embeddings often leads to a lack
of interpretability, limiting their use in decision-critical applications.

Interpretable clustering has thus emerged as an important
research direction. Instead of focusing solely on accuracy, it
emphasizes transparency and explainability of clustering decisions.
Approaches using decision trees or rule-based mechanisms
enhance interpretability by providing explicit decision paths, but
they are mainly effective for structured or low-dimensional data
and do not generalize well to unstructured image data. For image
clustering, recent studies have explored cluster-level semantic
explanations, such as prototype representations or visualization-

based interpretations. Yet, these methods rely on statistical

summaries and subjective priors, which reduce the objectivity and
consistency of explanations.

In this paper, we propose an Interpretable Image Clustering
with Concept Embedding (IC’E) framework. Inspired by the
concept bottleneck model, IC’E introduces semantically
meaningful concept embeddings to align visual and semantic
spaces, enabling each embedding dimension to be explained in
natural language. A data-adaptive concept generation mechanism
is further developed to automatically discover high-level semantic
concepts without label supervision, enhancing both interpretability
and scalability while maintaining strong clustering performance.
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