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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
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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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]
! W
IR ! i
A5 9 bl ;E
______ I W
1 =
HiL 27 i ) Jz
TTRERAKTD
( H,{’ﬁu ﬁ-)
Im‘s
E(x)E(t) Ex)YEM®) |
E(x)E 1) ExyE®) |
E(x)Et) Epe)yERY | -

P S HRMCLEE SR S
(b) BE& I NS R AG AT ERE R |
~EE

Hor, p, RORFEA & A8 KA 1 0w 1WA 6 1
We Ry m] 2 o] B RCE AE [ JLE R B T

5 kAR OB IR o SR 4 AU [ W ad
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TR AT BE S AN RE S, B I R 0 R AT i
REPE 0 Ol G ik b TR] ST , AR SCHRE AR A i 1 5
A 3 A AR 2 1 A A ] A R 0 1 ME A R
ST

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

i 8 R 2 B AT DU DI S #E
Rl /D AN AH S AR o ELAOR 1, A SRR il
JEBE W =0, LURA O R R 10 BT ik EL A 9 B T g
Bk o RIS PO B4 (+) " B4k 5 Al A i 7
B FAE . FEVIZRB B AR AL soft max pRi%K
Xof i) b p, EA TV — AR AL B LS H 2K o0 A A5 A
HEHL R B ) B3R M po= o/ Wilh i R 2k
TH , DA SR 2t IR mT fi Bk

i1, ICERKEE

WA AR () ST ) REARK, B
BOARZE 0 CLIP S 28 B+ VRIE ( + ) BIZRAER G (+ ), 4L
TS a;

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

1. R SCA A 38 B+ VRBOCARE S 1A R

hi=E«(t,);

2. PR R AR

3. FUFHFNGHRER G () FRHER IR ¢,

4. FUFHEIRSHD S E ) RIREGHRA LR .

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

6. A A OO R RIS 7] & p,s
7. AR DOMAR SR IES S,
8. mme/ MU R :
Loss = Loss, + Loss,,+ a*Loss.;
9. 1FENRIKI Sy 3, FATIRREEE 7= {2}, 27, - 12" }s
B E R A R B E B AR SUEE T
Xof L2 2 T ) — SOt AR 2R R R SO 9K Bl i BR 2
K53 25 3 5 | T R A o A B i Y T i AR A A I
Yro BARBUCRBANTE
Loss,=~—log z\:pfq,v (7
Horfr, p AT R RS RL () SRR 53 5 g, M I 2R 3R 2
R R FH0AG HE  RERINZRm R anda ik 1 PR
FEAR SO, TR ZRA5E Y ] 3 2o $ 0 — BObE 2k
A3, i 4o i . BARR UL, 45 @ IG5
P () TETI SR B, A% SC 3 T 40 44
SR IR By A — B 2 SR K

N

Loss,=— > (q!*log q7) — log iq} gi (&
i=1

Horr, g F gl 3 52 UG o, A [) 3 i A A A S0
By o AR B A — B AR R R A 2
8] A5 RH T ) TR TR R A B i 34 A = ) Bl
PITSTELE M . B RV 5 #om T BB A
Ko ARG, CLIP B A b i KGR G i s, I et
fill B AFTYIZRA SR EHGY 2 A WU 2 5
WRBEK X TR = a] . Frfs miil m & ¢, € R*
281k soft max H—1J5 - FLE & 2w [0 {E AT i B
FEAJE T2 TR SO B A5 BEME R . IRl Ky B
1A B A T/ BSOS ) o AR SRR 1 D) 3t A 5
AL AT I S) R RIS e . AE SE PRl kAR
T ZrAs R mT DL 4k AT A JC W SRR i
M a7 Ak U 25 3 B2 . O 35 0 © A A AL 25 2 1Y T i
R

4 LIGHSH

AT E e Al R AR A S iR L Bl
Jo R S I 45 SR AT TR AN S BT » RS 45 2 A
P 5 ok .
4.1 HIEE

R T IR VAR AR T A R S AR SCHE S A
HAREENEIEE LT T80, J-£ 1dh
ST T AR AR A G THE B

FLART & A SCE e T = AN I R
A% 3R 28 56 ofE B0 s 48 - CIFARI0™, STL10™Y 1
ImageNet-10-"", X SEHCHfE 42 18K 35 A ] 14145 RS il
T SR, BB AT R0 e A R A 5l UG R AT 55
LRERERI. ZJa . it PR A ] A R
PS5 & 44 5B N T BE ) 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 2 Fh B 4418 X
PR AR SO G s 8 IR R R 3 5 o SRR 4R
RESISC45"™, i 55 T 2 F b B 3R 355 R R 4275 ¢
L5 SR 1853 EUGHEAG S A SO A 2B s 5
A B A B SORE SR . NIRRT DO E]
JIEHR 0 TCPE 5 2 fui 1] T4 45 TG 0% 2 A 25 4
Yy S RRAE A B A RLRE B B8 RREE  ne R 42
“HEET T NI TAF . IXSERAERE NS DREIR A FE A
PRI T8 S 5N B  H s — 3. A
P2 o 3 T 2800 44 Bk A i) i K BRIE 5 B vk BT
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12 I S/ A N

2026 4%

IC*E(Ours)

cartage
semitrailer

foight ner | s

truckingrig il heavy-duty build el

prime mover | 1 SO RIEE R cab and engine compartment | FEARREELY

truckler headlights and taillights

IC*E(Ours) Large language model(LLM) 1C*E(Ours)
grating hexagonal pattern airstrip
honeycomb cell-like structure airfield

plain weave symmetry tarmac

grid metal natural or artificial auxiliary airfield
compound eye open space within road surface
hexagon tessellated arrangement runway

Large language model(LLM)

large, motorized vehicle
cargo area
four or more wheels

A Il e i Y

IC*E(Ours+LLM

large elongated body
cab section

cargo bed at the back
four large wheels
cargo-carrying space
a driver

S
FEANRLIE 1)

Large language model(LLM)

long, flat surface

paved or hardened surface
marked boundaries

wide width

location at airports or airstrips
lighting systems

KI5 AN AR A A O SCA A &

A I B SCASH A% 38 R TN AR B R A4 A A 42
K17 “ R ENHLAE R E S .

PRI 2 S 1 S D] A R e
B T 25 22 455 25 A Y CLIP 78 R S i 1o B v o 56
FEBRAY R 5 bR DO IR ARV B SCRHDL Y
A [ e 7 IR ) 4 SRy B FE AR S o X RRIL ] B
SRAT TR 10 S AT R 28 T REAS SRy s 2
Ao FLU TR S B A B G A R ) AR s
AR Z BN HE/R 18] (prompt) B FZ IR , 451 40 371 H 1R 5]
R EERIE " 4E . X SR A (i A 7 ]
GEOAT W 24 FRUEA T ARRE B i 5 DT AR B2
AHUEAZ R Tt S M p s . XA
55 WoBH 5 | T 1 A R S SR I 55 Th AT B
FEN AT 2 HH: v B AR P 2 bR 28wl T Tk
T T A AR » A B SCAR I TR 25 5 1 L5 52
BR BRSNS — Sl e 5 34, an &l 5 i 210 65 AR
R .

M Z T A SCHE A9 TCPE 7 I SR 2 b 44
FTE SCARABLBEA L BEAS LU JC W i 7 X3z 4 5 [
15N 75T BB A DT SRS . 2T IR T T
ARSI XoJ A5 S SRSl Sl 1 3 7 AL B AT T X S 3
TN AR R BN 55O I . #E 52 B v
o AR SR B L 8 ) R RS S ] R AR R R A
BAREE L TCPE W] Ry AR A B i B im s B 1) 47 3
PEALTE LYl s e #b 78, NITTZE Z2 B0 R A 55 h
Jo 05T 5i ) A A R E S S . e Ah AR SO
() s SCAS AR A AR T A B A b AR — 350 AR
TS R R s FE ) B S e DRG]
AR B R L BT SRR VR A RS L A T A
) B AT B TR AR TR A K. & 29
T RS S B A A A e AR A 1] A TR 2

AR I o DA R T LU, AR SRR Y A0 AT 20 P g
SR EL A R R AT R L BEAE R B Y
Hite b

K2 TREIEEEE B &R B

ik CIFAR10 STL10 TmageNet-10
Pt ] 39 14%0 518

eI ImageNet-100 DTD RESISC45
HiJ i) 745 3675 1431380 398

4.2 EIEE

A SR MY RT R R 3R 2 T ¥ (Interpretable
Image Clustering with Concept Embedding, IC*E) 3
F Python i 5 #1 Pytorch HE42 52, i A4 52 46 1)
75 B % Nvidia Geforce RTX 2080 12 GB Y I 55 &%
AT X A 2 BSHE AL CLIP AR, AR
G — TN VIT-B/32/E K £ T R4, %
T CLIP B AUA 5 O 28 B R M ES RESTE L3RR
e 71, S BHEREA I G B P R R URES AU R 2L
BERHGHE TR . BRSO BRI e 5 )2
AT A P T A o 2 P % HL A 4 AR A S
AMEEECH MBS Mg 2 pzE 4
TR 28 AE I B T A e A R B S 2 SIS A AR
s [a] , Ho W 46 A AR Y Zhoad 72 e 32 23R 1 2 0 DA
g O] A R . AL ] Adam PSR AT S BOR
B WA 2] FEBE Ry 1e-3, BN HE AL B 512 5K &
B BRNE S B E N0, 1. Z 26 F CLIP $E4t
{14) 755 JOT H e 7 BE ) AR AR AR I e B0 R 50 %8
BRI A SRAS AR RS AR fE . O TR & (5 R
M TP, 3 s SO SR B A5 B 76 3. 2 T R i Y
VT AR S H L F V43 5135 o 100 #1120, FRAE R
BB F AR — B0 LA IE Ty 1k 1 & 5 i
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PEo X T REEA RV A SR = Fp £ AR
BVERETEM 5 b1 - RSSUERH R (Accuracy, ACC).IH
—Ak H {5 B (Normalized Mutual Information, NMI)
DA % 2 Al 0 (Adjusted Rand Index, ARD) , X
SEFR PR AR (BB RN RIS REAR AT

X TSR () AT i R, AR SC FE A F L
1AL JF 51 A 2O & 20 B (Number of
Effective Concepts, NCE) & & f# R 7 15 M. A
PR 45 R AR E Ve 5 Geit al Sk, g S e 1
AT 5 I 4
4.3 ¥tEFHE

R gE 4 7 v ICPE M R « AR SCHEAS AT
AR AT T RGPS IR S
TR RIEAIL AT T XL X ey ik A
UL =26,

(1) FEF ResNet 5545 RN 45 1R B R 271k

%27 B % JH ResNet-18 8% ResNet-34 /£
J R FFE SR S, IF 256 4 2S00 B AT 55 sl 4 A 24
TR A Be AR MR A CC™, IDFD™,
SRL"“", SCAN""F1 SPICE 4

()T P G 2478 KB B TR R Tk

T 1R 2 R CLIP 45 KB 0 1 75 A 7Y
AL S B 24 5T 4%, I VR G5 i 25 S 80
TEMEEEA E RN SRR IR U A TR R A5 R . X
R BAEZ AR5 TP UG B 8T ARER LA
$5 3 SIC™, TACY', CPP™/HI DXMC"*4 . S/ F
P38, AR SCOR 5 — B0 CLIP B S0, 1442 1B J S

PSR o3 s 5 L FBril 255

(DHEL Tk

Sk R A 1T Hb VAl T AR Y 1 R S P, AR
SCHR I AT RATR PR R 2R TR E AT X L CLIP
(K-means) 1 & 1 2 X% CLIP #4545 15 &3 14 %y H
HEAT K-means B 28 ANl FH AT A 450 40 1) Y11 2556 w6
Pre-model £ 2 AN FH A SCHE H 1 001 2500w ik A 7
AT , 27 TR TR, W5 22 50 30 3 3T Hiy |
SRR IEAT

ZJa N iE— 56 ICPE i nl 7 R v 5 i
P A SR T 5B B B 4y IR SR AL,
TAC™ HI DXMC™, # & 7 W F B2 7 48 K IC°E
(TAC)FIC*E(DXMC) » T4 56 fir$2 5 1 5 3A
RAAWRIEBCRE )] . F65 WAEATRE LT
LT A W
4.4 HEEFHESH

W 3PN S ASCE HETE 34 12 A8 H A Bt 42
VAL T TR R RR I S U TR R L
FEEAT T RGEXS . LI Es SRR, RBIL TR
2% £ T W 2% (Ul ResNet-18 8 ResNet-34) [l K 25
ik A CC™ IDFD™, SRL™AE , 7R3 R RIS HE 1
AR s DU HAE UG 53 S5 v ki S o3 A B 4+ 1
BEsE b, HotERE 22 o m il B . R4 SCAN-YHI
SPICE"™ 45 J5 il i 5] AT AL T T 4511
FRIEREIRRE J1 , (H ph AR A S5 R4 A DGE T87 B, AT LA
F AR R EE G R REUR AR K e S
FHIAE K,

R3 EDAT ZEREEE 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
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L
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Eitd 2026 4F

5 FIRTTEEAR G AR SR I L T I 4k 2
FRAS KBERY () 7 i e 2B 2 T R B 8 2
REOLHA . It . B3 % CLIP A5 (1400 5 G B 2% i
H 4T K-means 25 (F 3§71 CLIP (K-means) ),

TE STL10 Ml ImageNet-10 ¥ 45 4 I 24 s
THEYE R REHGE . #e— L, SICT, TAC™
IR AE VRS, CLIP nf 2% 9 3 A b 31 1 Tl
RN RBSL 2 456 25 K BT 55 B i 2
X R HEAT RO, 0 2 BT T BB , B IE T 5 R
TERERY AR JRAAT 55 T B A Rk . SR, I 265 108
HARI SN SE 5615 B (U SCAS AL AR 3 40 5|
FUNRad . M2 T AR SO H I B 2507 1k
SR A 14 i S Wk ) e — B ME 2 0, TE TR 5 I SR
TR 7E =AM B4 B T 5 2 /iy de ft A1
ML T A RARE R . Al IE L AR SO e 7 Fol
RS K IC?E (TAC) Hl IC’E (DXMO) #k— 2 1
HE T AR5 2 0 B RGeSl Rk, ] o gk 4R
BT EA RIS o DL TR ARG E

Shy it — 25 B UF T 4 5 v AE LS b s v () 3 Y
8 71 A SCHE B o3 8088 4 TmageNet-100, 80 #f
I3 8 K05 4 DTD Al i 2 K% 3 50 50 JE 500 46
RESISCA45 L@ IF T XF thS2 i, S 25 S an 3k 4 iy
TRo BTG AT TR RIS Ak
JE W 5 T T B g KA R A i AR S R
TEHCH AN AR B AT LA . SR Ha]
DLW EZ R , A 37 VA ImageNet-100 B84 | i3
PUET TAC ik, RE A T2 8 £ 5K
2 B — B 2 TR 1 25 3 55 v AT BEME L
A BT IR R AR 19 58 4043 4 5 1 TACY TR
G 5311958 2 A g A [ DX 4 T LA R AR
oo RE WML ICE ik B R , Bets
5 TAC G2 R (il A, T 52 B BE I 2 — 25 48 71

x4 EZ/NEEAMHIES EAREERE(%)

. ImageNet100 DTD RESISC45

s ACC NMI ACC NMI ACC NMI

cC / / 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 76.2 515 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% B A4~ HAT 8 5t e ¥ W 35 19
R4 b AR SO R B B A O . X
15348 TR RO 5 I, e — e B LTt
TR ST A B AR S A PR
AT BRI R A X AR R RS A5 R . BRI A X
J7 1k B FL AR ARAE i A7 A5 4 USRI 7
RIS S ik T HAE Z b soh iy A
5z Ak
4.5 HEEAEREST

A BRI RITERE AR Z T LR AT A
SCMNIE SUAE % )23 TRV SR 2R 25 S 04T T Ak 34T
WK 6 Fir s, A SCRE/R T ICPE J5 iy £ i R R A
AR AT R REIEE . v DOWER B, BIRYRE S Bh {2
B N8 SO — Sy s . il 72
A G rh AR 2 S B RIHLY A s T AR
Sl 55 5 288 b 5o YA G A s 72 ML 1E ) 5t
b U T AT B A B A v SRR B M s A
SOREHRAE T X T MBI IR AL RE A 4
G = S Tl i S WU 2oy A R S 1 8 B A €
SRR ICPE AMUAE R K B2 I 2 A 03, [a) it
REAS DL B RIS 5 IR 208 0 0 i B SR 2R 4 2R
AT ik 2 B T T SR AR () T g Rk

2L Hh, B 7 SR T [R]— 285 R R AR X
I Y SRR LS IR . Horh, (A i HEAR R A 1E 1
R 53 (RS 17210 30 A T AR e A iR Tl o AR A
MEIHRT LU H 6T [l — 28 AN Rl R A L 1B AY g
BE AR 25 11 G N 2t H A I (LI A 22 55 1 T e
TEE B —E AR A3 RE . BeAh i x4l
TR o FEAS (1) AT fig P25 A7 40 B 1 DA R Y
R MERIZWE R . DIBR R 428K
TV REFE M REAS R 5], 55 AU DA PR v 4 B3 2 g
B7CHIIPAERAEE UFER . RS TEE
X5 REEYIE S ALIZ MR S bR T 57 4
o PPN T REVR TR XTS5 4t A8 Y ek B G
T T2 T R AR S S, A i SRR B AT
Ak, REAS 17 I 48 /s B W A S it — 20 5 | AE
B IHLEN B2 ROBE TR ORGSR BRI TR . 7
Bl 8 b AR SR T Il ZRisi A 5 ICPE Jr ik e & ]
TREMASEEH . AT LOREE R, 76 %
TE R B AT T TCPE D7 ik i A9 308 X
Y 15 D T IO 2R A 0 RS RO 4R L A
T 7 3 35 4 T ] B A [R) B, S8 T X TC AR R AIE
WA SRR i — DB AR T AR el R i e i vk 5 46
FRE IR -
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Pred: truck-Conf: 1.000-Jogit-35.28

a dirver ———— 4%
atraler ——— 27
iraffic ——— 77
IGNSPOFILION — % 32
four large wheels ——— 319
il four rubber fires S——— 7]
CAMgo — 25

other features 11.24
) 2 4 o b I 12
Concept Contribations

Pred: honeycombed-Conf: 0,365-logit: 10,01

honeycomb. 400
honeycomb tripe M—————— 57
beeswix M— (.57
walr S—().57
tesscllation (.57
crepe ruber f—0 46
lattice w0045
other featurcs ——— ] 52
0 1 2 A 4 5
Concept Contributions

Pred: numway-Conf: 1.000<logit: 11.85

tanmac 'J 38

road surfce _ 247

other features. | 0,00

0 2 4 [
Concept (mlmblumns

Pred: truck-Conf: 1.000-logii: 35.28
o dirver ——— 45
o trailer ——— 22
1 (T p— 3,77
IANSPOration — 3 32
four large wheels p— |0

CATED — 7,35
other features | 11.24

[} 2 4 3 8 1 12
Concept Contributions

Pred: truck-Conf: 1,000-logit: 34,10

front cab section —— 5
4 trailer p—— 25
1 diver —— |
four large wheels m—— 3 75
RANSPOFtion — 21
cib section —— 3 05
headlizhts and wmillights — 44
other features - 567

0 2 4 6 8 1
Concept Contributions

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

-
i

4200
primue face 618
a rookeeper | 573

mamnial — 5
long, Nexible il 25
clawed fien) E——— ()]
sharp claws m— .20
other features S
0 1 2 i 4 ] [ T £
Concept Contributions.

STLI10HdR 4k

Pred: wrinkled-Conf: 0.995-logit: 28,53

walinscol M—— 43
Tilter papcT —— 2 55
rafl paper — 2 0
linen paper — 54
masking paper — 2. |
oilpaper m— | 80
roofing paper m——"1.06
other features § 11.06
0 2 4 6 8 1 12
Concept Contributions

DTDH#

Pred: bridge-Conf: 1.000-logit: 31,98
bridge whis | | 5
causewny | G-
1ol bridge |G 5
fMoating bridge M .27
other features | 0,00
1] 2 4 6 3 |1} 12
Concept Contributions

RESISC45 4 42
E6  IRIRIZEHERE AT L AT ff BEEd

Pred: car-Conf: 1.OM-logit: 40.10

Tront grile —————— . |
a license plale ————— 03
front and rear lights ———— 5 4
a lar windshicld & 4.1
headlights and tailights 156

headlights — 3 27
adriver —— 0
other features 8,66
(i} 2 4 6 8 U]
Concept Contributions

E
)
Ist Preditmck, 10,655, 2nd Pred:car, 5.771
cab section —I 1.83
el slation  ——————— ] 55
zular cargo section 153
front cab section —————— | 52
cargo bed at the back 0,74
atrailer _=l1_£»$
IRNSPOCAtonN  j— (), 55
other features | 23
] 05 1.0 1.5 0 25
Concept Contributions

K7 MREZE ﬁ$ﬁﬁ%7%%ﬂﬁi@ AR UPSEARGR UL A 1S UE )

338.6
i 350

3153

3132

2923 291.5

40 A\ A

A AN C&‘J
a%c\.\e\ ¢ ?5’6\6
W (@

= Pre-Model = ICE

A I R ] T RIS A B R H

AN

&l 8

4.6 HELNIE
R ZGEVHAL BT B 7 v A% OGBS M g
518 SCR] il BEPE Y TR A SCBOHH TS0 T — R
THFl S50 . IR ZIOHRS FE 5 i R Jo 1 W 4 2 T, 9
TEAS BT RAE B AR VERETh VR
Bk U, £ 3R 5 AR SURIR T 751 AR XT
FERCH 5 R R BB RS M AR Y A8
[ Tuwgﬁgmmuﬁ%ﬁ%aﬁﬂﬁﬁﬁ
B F RGNS A TR, O ROZ IR AE
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Bl

2L
&

Eitd 2026 4F

AL R 5 LA TR TE S (B 25 R Y 2 3R, i A
TUTE QR SRS G — S5O A8 [ s B {8 ) T 552 B e
AFAE T8 SO0 5 NIAE —%E FEJE L HISS 1 Rk
FORBVHIBIRE ST o BRI 3Kl 45 K 1 24 TR A R Ay
KT W AR R T . DAt R A
AR B BTRR AR SCHRE TR 3. 3 M A A
PRERHE S A F F 13 B0TAG A8 & FAE (9 1 X 5%
JithE o BT A SO AR A Bl E 2 R AR 551X

K. SCEAERRN] PR A R RS T A
APREE T IO G AR A5 KR 5 SRS L L ]
S 5 5 1 SRR L Bl T AR SO A AR
A RS A R R Z RSB T R P . B
Ja B9 R T8 K BRSNS AR B 25 A LA
X RS AT R RS2 . S5 R ER L X SR 1 A TR
AN TR E b 24 BT B T n] A B U AR ) A 2 —
ARE T BTG B S A

FRF AT 0/1 AL VC RS, I3 R F1 45 x5 AEERITREERRAZMN(%)
BAE R R ERE M B B . FER 5 BRI SR b ik STL10 DTD
TEAKURAE 13 5T T F1AMRC 2 AT A0 —8 % & & %
w/ o cluster 49.1 46.7  86.0 18.5 25.0  98.2
U ot g 2 A 1 — B s T B
SR T PR 5 R AE 2 ) 1) — Bt 5 T SR 2B wioconcept 9.9 949 2.3  49.7 6L6 L6
AEABE U] 3 A7 TP T R SORS B L X AT R DTk IC2E 97.5 94.6 86.2 5.5 62.0 97.5
XA R o AN A SCA XS HE 1 A FH 3001 A58 80 Pre-model  97.9 950 /  50.0 624 /
(Pre-model) 5 f5 2% A f# B RS ) (IC?E) (4 3% {7 g IC’E 97.5  94.6 / 51.5  62.0 /
Pred: truck-Conf 1 .000-logit; 3528
adirver — cab section machine
atrailer —— cargo bed at the back transportation
affic cargo-carrying space a driver
four large wheels a road
four front cab section a trailer
fou front grille cargo
headlights and taillights fuel station
TEY large, elongated body tires
0 12 rectangular cargo area traffic
side mirrors traffic lights
IC3EJy 24 fil B A A Rty ] AR RR RS ICE A 2 i 2 bt g i o S0 A ik
Pred: ruck-Conf: 1.000-logit: 29.43 Pred: truck-Conf: 1.000-logit: 65,07 Pred: truck -Conf; 1.000-logir: 112,14
tail fin [ ¢ 25
trod 1
dirver | © (¢ E>
trol tower | 500 adriver 287
ather features |0.00 '.Idmu_- = ;:.
other features | 0,00 caves m 259
other feaneres .71

10 15 0 0 10 20
Concept Contributions

TR 4 2 e S 4 2

a0

Concept Contributions

T e A e B o £ A 2

40 S0 6l 70 [} 20 40 (1] 1) 100k
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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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