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EAESR, ETREYINITSERBFARITFN (No-Reference Image
Quality Assessment, NR-IQA) fEZMNFREHESE LS TR EMM:EE,
SR, XRBANEERERA, SHER, MUTEESGRPEE, %
TRAT R E A Z IR shig s BJCHMt, NRX— /R, FAHEE—D
SEM BB R NR-IQA %L B7E ECCV AIM UHD-IQA BEEZEMEE
UEEFIMNALE _FiXRE | HATRIL (state-of-the-art, SOTA) TE&E, RN L
RN SOTA BBRLEYIE 5.7 %, ZARTER MG SCBRKE, A5 353 AITE
ERABEEGAESIEEEG Eilgs, M sssim A R E R
HITZALRE ], AR A EAIAE Z R E B & N RIEARNE, BATEIIZR
HREPH—SFIAZMEE SN, BAEREA, ATREAFREREAN, #
JEHE M Kolmogorov-Arnold M4 (KAN) HAERSRIZ EEFINL (MLP)
TR, E2DMFIREIESE RN T TR R BRI H, SRER
BRI, Y https://github.com/nasimjamshidi/LAR-IQA,

Keywords: JEEFHM - IQA - T&Z# IQA - BIQA - i - &#E

1 55


https://github.com/nasimjamshidi/LAR-IQA
https://github.com/nasimjamshidi/LAR-IQA
https://github.com/nasimjamshidi/LAR-IQA

LAR-IQA 3

EG R (Image Quality Assessment, IQA) {T55E & ARRFTEA]
HEBRE, EESTRHENR T RA SR RERASREN T mZ— T
2% 1QA (NR-IQA), XFFE IQA (BIQA), XRIEMRIERA SRS HEBR
AMEELEXTAEO T, R CEBR P E, BGTrTReEIIREMEE S (K
an. B, MEREAR), XIBZES UM, NRIQA TEfdsg. Wi, BEyr. 18
T, AWK, P A RNS TG 55 & AT AR 2 R R E, FREAE
PE AP ARRANZS (user-generated content, UGC) E1{G# &, FH1E
Instagram. X. Flickr KB V-6 L&, EESRT, HPHEENER
AIRET AR, MR CREMNUZREES) . BRRE, Bt RRRL), 80X
LRERHE . HEeIMIRESAEENEIR, HiEtis SO EaitHES 5
P (BREigsR, E4g REOREE. BEWISE), RHEFH IR ) 21X FEIRY
DAL ET =

NR-IQA WJ— KRBk, BERIFHED, B, BHEK EELR RN
75, &4 NR-IQA BRELER R, SAEM, ERBEFEERR 20,27
30,8314, 45, 47,49, H—7H, ESANETIREMZMLE (DNN) FIBRIREE
W, HmE AR E R, EFRK (3,5, 11,85,89, 46,48, MRET AEIZ
BSHRI 1QA 771, TEMBERISCAYRiGAs FERR A T Transformer 58 7448
¥ [43,51), SEERUREREREEIRK, HEPAEERZEBLN TN TS,
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— LT NR-IQA 7574 LA Transformer fEAE T M [11,46,48], KHNE
FWFFEFIH Transformer REN NR-IQA fREEEEGFAVREAE, MIMHI R WA, 3H
EEIER, AT, T Transformer WIRTISEE R K, JIGMIEBAFEE
AR R SRIR, XIRE T EATEIRIIFE & LRERE, ok, HuiE SR
(Vision Language Model, VLM), JiHJZ CLIP [32], £ NR-IQA LHUS T &
FH, 4 NR-IQA EEHUANE [2,12,89], CLIP HHELER A LB BIFm
FEEE. BRBMERZILEE)), REARURIE RIIEEIREPEIEarNRE, i,
BADFARAET VLM FIZRM4, T@E TS — D E S5 B
HEHEIBER—BRMS, DEAEIBRRST Y 3840x2160 B RN — XA
FTEATRIREN (Multiply-Accumulate, MAC) JBEIRECKHETRE 1,

1.1 wsEk

AXEGRERE, ZACRENTIBEIEM S T ok, T HEZE—RIT,
HRE AL,

DNN K75 EREMB T S AR MR |, WS SR &
Bt B%TIE, RANEMRER MobileNetV3 [16] /ENFELMLE, 5 H AR
T DNN B9 NR-IQA 777% [2,8,85,89] tHEL, FRAIIMLESEE D, BAEHEAR,

ZALREST.
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MZR—rliZLl) NR-IQA B, FERfE R — (£ T & R R = B
s RR, EAA THEZABIINZG, B R Eok
IREIX R [2,8,11,89]c A EEA M B I ) s TChRERdE Ll
95 [3,24], XACEG G BLMISRICERT 2 AR TEATINON LR A5 22
X [EITS, ZNGRA R R ——NME SR E SRS EIZ, 5
—MERERKERIESE B, BN RMIZRBERHSER, 72—
T2 s AR

XKL SRR EAE AR, filan, [12) R TIEX., 2%, HARA=A
A%, FEENNm 8RS, [EREFRED. Mtz T, BIT2EMEH
W SCZRKE, BN GRS ELNERFRRER TIE, B ERISE NS
3K, FATHRH MobileNet [16,22,88,50] fE MR & T R G 4miges, J1Kik
NR-IQA B8R4 8 X I,

BEMESRE.

NRTHR R RTIR SRR, BAERE R LIRS : XSl 2k
(X R A R EFI AR E) . BLKAN 1] /EAEIASL, PORAEH GRS A
EAENE
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Bz, AR T — M AR R E NR-IQA B 75 MR, RN F)
MERE &R ER LI LRI, B0 ZE o T

BAHRHEREL G ERMD IQA 3L S, & HAENFEBEERESE LilZ,
DA SR 2 2R R BARVERITZALRE o

BATELEL 7 & R SAAE S 7y SR BRI RIS T84, itk
IR

FAMR T —DUHRSLER, wUBTR TR e KAN 5 MLP, #EFRAIATAL,
XEEMEZT R FEEH L KAN 5 MLP BCRIIBTR.

BAHRH — R R, A REGESRZEZER, DRI IQA
PP R

FRATIH 7T 1R8] —NME KR #F ECCV AIM UHD-IQA kikzel moshirgafn
MR R T SRR I MERE [13), RIS T SR AT R AR,

I

3 https://codalab.lisn.upsaclay.fr/competitions/19335
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ACHAEAELNT: 5 | T LS ERERRITN, URAKRSHE
SRR A THCRI T 0, 9 B TiraiA B 1B, R & T
[50 J SF556 BR Ao L2075 55 [ 20 e s B st 3R, AR TR BB 55
SOTA HIXTHITI; 5, % ] Wkgsesy, BMAAMTRIINE L,

2 HIERIAE

2.1 ESHREIGHREIT

ZAER, FIRE TIFZ NR-IQA #8: \NEAIET BAR RS (Natural
Scene Statistics, NSS) MIF TRHEMIES 71, BIETIREYESINGE, BE)
IERET MBS EA (VLM) BB, £45 NR-IQA J7 B T RFE R H
HORTIRI R, QU R, 455, MR ss, XETEMAF TR ER
WERgiit (NSS) FHERIEMEIG TR 20,27 80,83, 40,44, 45,47, 49]. FAiM, X
LEEWRRERE, BT F TREREAL X E&F ZMEERRINEBIZEE A
(EEN

R, ZIREMZMZ (DNN) FEHENE PSR, FERRH T
AR RNXBIRE. ZILRETE R NR-IQA J5i%. 2T DNN K575
NG O RE G2 AR, E&8IRBIER RAEIE TR AR
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J& [3,5,16,48], FAMM, ZERT AT HEHREMEAR, EMMEEEIgREdE_ Bl
A, LR ONZREIRHREIEY) FKE; X — R MBI
RIGRAAE, 1E40 [11] Fridiend,

HL—LE BES A (VLM) £ IQA USRS 7k, B&5E005
A G RERIENEGRE BI. BT VLM ERMEIH 515 S RASSNER
MUBEHESE IR, BATREMER) B N SO BIIRNA A B4R R, 15 ER
S5O ) RS S, HelIfeE IR g, HAHWrEES AR08
e M, TN IQA SR B T AR ZEESEA (MLLM) [43,51], H
KB T EGINET DNN 755, A, S2MNYIZRECE AR IRIR, (I
F VLM 1 MLLM RRRIH B & A

2.2 BEEZHFBIEENZIL
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YRR DE Transformer (VIiT) 8¢ CNN ‘B T4, 78K & EIRMT0
MER, AReRIEXTHT R Rz, FLETTEMAX L SIIMmIZR B,24]), »—
L 22 A U 1 EGEGR R SRR 26]. AT, BTEMEEE
EAEEA N MW, SFBIREBEDRE. £ 26]) Nk, 1XE(w2EHE
PEoyMERE . FIRAIT R, S BARERE B MIES, TR
PRI IIMRR, I AMNE A — 25 22— U HAE B A B IN — TR T A0 4R AT ER
5, PN e B R, SoRRSTRIRE (WIS MER, X% mE
S ERE S H R B A FEMRA EPE 25 2 2%

PR IREERR A, AR T AAEATTIE,  BIAHE 3w 22 20 AR R
6], SBURHFIRARAEITTRE (MSE) #ik—HARIE R IR T W w2
SR —EEEEN MOS WHER [11]. mFMIMEIER, H2ZAESIIZGRTT
X, IR SAEZ P AELME RIS LI, HEgtrxms, 80
BARGEAR (E— D A IRAZ AT S BAR(E S5, IXRERE D o SOMBE R R F 2
BNEIRES BRI TR ZE, EEGRIRD IR ELFRZ L, ERAERS, K
MEFIZLEMZ A A TS, B2 AL KAN KN TR R,
M—/NERE KAN AU R HR AR &K,

2.3 Kolmogorov-Arnold M&% (KAN)
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[]

DAFEE A F 200 MLP PERIEISL [7,12), ek KAN 1) fEh MLP
(g — R AR T oK, MLP 20 SAEMT, KAN WARR, SikimA
A S B REAEELTE (5], ERRE, MLP fHHERSERL, W
o(w.x +b) i o; KAN NRAETSHIL B REARIOA ¥ SIS, ¥
KA d(z) = silu(z) + X, ¢;Bi(x), Hrh B BEEE, ¢ RATVIGIRHSSH,
EIX—HEH, RGN silu(z) 5B SAVIZIIRES S BARD,  o(z) B
K ATREREIEER, Fl, KAN BAEMS S0 L1, TR —
TEERBH AR, XM BB B AT 2 ST RS BB, XS IR T T %%
(RS RERTAT AR, ZETRMIAO TAERR, F KAN %t MLP SKIRBHRT TR0
B, PGS ] .

3 FiHesiik

AR EREIT A — MR RS, FRINRIERRNEE (MAC) &M=
e, i, BAMERGSEaT RN 2], BAHRE — MR-
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Authentic IQA

Downscaling

Cropping Synthetic IQA

Regression

Pre-process Pre-trained Latent Dowr_w-
Image Encoder Features sampling
El1:

PRIz, GRS BSK (Authentic) 7337
FIGH (Synthetic) 433, FiAM43HELL MobileNetV3 [16] MRS EHGARATES. M
Do SARBAVRHEDHE IS, (EN PR EIEEEE KAN (ORI, HH R i i 1%
TR w8

19, BIECROY R AR LA, WE | iR, S5 LS — B
F— N EET R NImATE Gdmidas. T KAN T RTBEBSREE W 7
SHVFHEF PR TR o W0, DD SCRCE AL AR, o378 SR
BREERSE FIIZR, B8 —A KAN [ il Eg &, 548
B BIgRoenln, B0 MG RO KRB G R as O & X T SR,

3.1 BRI
id b
E . B0

0

ATARMER T EANATFIN IQA BUESE: WA SEMKE (KADID-10K [Ld).
TID2013 [B1]), PUMEESKE (KonlQ-10k [15]. SPAQ [0]. BID [§]. UHD-
IQA []), AR RN & & R 5 BIEKET PIPAL [@]o S5 Pt £ R S RO ME O
[l
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1 ATAERTH IQA BdESEMR I,

SR FER KR RAEEG KERE El

e gt e e TIPEER
KONIQ-10K [15] 10,073  HEK 10,073 - 1024 X 768px
SPAQ [9] 11,125 B 11,125 - CIE
BID [§] - H¥ 585 —  1280x960px to 2272x1704px
UHD-IQA [13] 6,073 B - - %27 3840x2160px
KADID-10k [19] 81 B 10,125 25 512 x 384px
TID2013 [31] 25 =1 3,000 24 512x384px
PIPAL [1§] 250 AR + HiE 29,000 40 GES

NPT RRIIMERE, SRR =i ARV - 7 2 Yo 00 B i P ) 0 B /IR 2R
KAM (SRCO), PAKMEHT — BRI S/RIBLLMAHR R (PLCC) MIETE

IRBRAR RS (KRCC),

3.2 HEmiste

ENRH B, ARG 7 3R A T AR 7%, B X
W, B AE NSRS B4 /N8| 224x224 2R, 1£ UHD-IQA Bk 45/ %
384x384; MEMIH, EBRERIFEERSN, JEEHIE, Hn 2 b
Z/NEg, RENELBIEENRESHNEARS RN, BgmE)
BYIMEE, BAERGR S HARIEA R [36,42), AMES KT ZH, 46/
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BGXEREIANTT 2R, EMHE SRR ERGRTERN, K, FHMR44E
BTG NEGR. NTEB, FATH 224 KT RS EGRIIZREAL,

3.3 R IR

[]

T REMTK, FRATFERFEE MLP Al KAN, KAN %M [1] #2452 8,
FERUE MLP 5 KAN BJECFEAFE, FAI TR b, SE—2r, PMEEER
Mg HEZEN, HRNEERE (FC) BMA: H— 2 1000 4ERHER#E]
128 4k, F_EFH 128 4ERF 1 48, FEF| KAN FSEEM FLOPs ¥ &,
BATECPERE T MLP 898 7% PAREILAL KAN B9 FLOPs—1E 128 f& T2
ZHIEMN—2 1125 MHZLIT, KA ReLU BUEH R, TENEMAN7 R RiET:
BORSENIE MBS SERE IR, B2 e Ld Hitie.

3.4 PG

L]

T BRI EEER, 1B 5 TRME R ONN ZEHIPRE ViT 2244,
1E40 [22] Ai7R, MobileNetV?2 [34] 1 MobileNetV3 [16] Z8E /D, HHEEHE
ik, ZEFahim CNN MLgiguaifess, oh, BATEHEE THnLr®shim viT
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iR MobileCLIP-S2 B8], PAKPAZRREZEFRH) MobileViT-S [25]. 7% ZUiHAYE,
U MobileCLIP-S2 J2—A> VLM, {BAE%5 [Ld 15 i S e no i b i s
24, FATIBAIERRA VLM I,

3.5 L

MSE 5 PLCC % (Laee)o

ETEERAHK (W MAE F1 MSE) f/IMETIN 73805 BAEAR S Z [RIH 40
ESR, RESSIINE MR, M2, BTSSR G PLCC) &
REGBREIHENHIKR, 5ARBIMERE [0, EATI/ENAALES,
PAHEE TR (MSE) METHRMER (PLCC) Wik BFRA S R — Pk
PR, DARRTHRRALRS

Lacc = MSE + 8- PLCC (1)

R EMERE (L) o

IEAEGRIET NSS BRI /RN [U,10,23,87), TEARRIERZSRIF
B4, REBEIRAME R MG T R P, TSR TR D o 2 A7 )
Mo ZEE23A T IERETE A — R 23 A AT RETE o AR R = 2 J5 TH
Rk, FAHEH—M e = R4k, £ RGB, YUV fl LAB a2 HHiF &
G, MRS E R, EEENEN, RIMNWEH=ZRRE (L,0) EXHN

MOScolor—space = Fqb(Icolor—space) (2)
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1 —
Z N(MOScolor-space - MOS)2 (3)

color-space

[]

HrAr color-space € {RGB, YUV,LAB}, ILoiorspace 2o & B 2R B HIHIA
B, ROVASEN ¢ WIGFIEE F, K Loompace T MOS, iTfE
MOS.ororspaceo HEIER, FlTRES5EM MOS Z KRS, HEitH
IMEIA €5 2 AR %, BRPE e SR T 28 2R 2 I 7 ELAR HRFE, X
— (Y RTE I R RN 25 I, BRRE— BTN R R, 427 T B
TRLELIOGREE, FHREITN 5 KR RAEEw S LE 14 5.

4 PHHTIRSEER
L]

] [

o5 l] e R R SR, 48 [ A G PR E SRR 2
GEEL FRAREAT KAN 46 MLP [E033%, 5 L] HEEEEIEN KAN (95
SRR, A BRI B BRI R T 4 SRS, R e
ek, 8 d TEREMRARR, &5, $ L] Taa LRk, i
AN GEIS X E 5%, 8 [Ld T AR (SRCC. PLCC.
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az.

KRCC., RMSE, MAE) fIIHHEEZE (MAC) MJ/7H, HEREETE Yh)]
T EELE R

B

4.1 SN

BRI ZRFIMIALE PyTorch L. PAZK Nvidia A100 GPU 52/, A
#H AdamW ALESIIZE 100 D epoch, FIEAZSIRN 5 x 107°, WEFEN
1x 1074, BRAVEH BEAESS, SEEmR, BHEARZBAREE, @A
EUGE RS s A SKRIREGRSE, By a8 E] 224x224 B35,
XT UHD-IQA #dE%, BTEGSHRRE, BELXAHNE] 384x384, &
B SR A 12801280 AYHULEREY, HRe R P AR Y Y [ {5 g i A 55 B R
MobileNetV3, P33 RFF— 8, FREEIEES T, FA15IN KAN &5,
5391 F - BEAPRARRAAE 2 P A0 000 P 452 o

4.2 JREMIEY: MLP M KAN
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MLP 5 KAN FftEESLBERENITENE R, & BT
KADID-10K 1 PIPAL ##EE FillZR, A 10 T XRIEFM, FHREH, EM ML
B £ KAN 3EF MLP,

HiEs KADID-10K PIPAL

[\H3% PLCC SRCC KRCC PLCC SRCC KRCC

MLP 0.961 0.946 0.825 0.868 0.845 0.680
KAN 0.965 0941 0.857 0.887 0.860 0.692

TEASLIGH, FRATH MobileNetV2 IZk, FF 5 F A i3 4k o 5 — BN 7E —
/N batch PIEIGZ EIHERK MSE 5 PLCC $UERINAE G, %S REH %
B, BRSNS, KADID-10K f1 PIPAL % H B AT I A
WK, KA 10 RN RIUE, MEREFERTE 10 TR XIRUELE R EER S, B
PRGNS, FRAVEF AR MIN : &EAEE A KADID-10K / TID2013,
HYMEAIH KONIQ-10K / BID, KADID-10K I PIPAL _ERYEHESE N IR 45
RN B X REN, B KAN fEEITLE MLP HFHET, WRTFNE, &
A T Wik MLP [B1)33k: —FhZEM9HHE], 55 —&h FLOPs AHH, S /NEsH,
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#3:

MLP 5 KAN fENEIFSLEEIRE TN R, SESIE KADID-10K _Lilllg,. £
TID2013 BN [FIREHL, BESEAE KONIQ-10K EillZh, £ BID BNk, 4i%RsE
B KAN ZF LT MLP,

EJEPS
A PLCC SRCC KRCC

MLP KAN FLOPs

KADID-10K / TID2013

v 0.26M 0.64 0.59 0.45
F=117 v 2.60M 0.67 0.63 0.48
v 231IM  0.71 0.66 0.50

KONIQ-10K / BID

v 0.26M 0.716 0.673 0.495
v 2.60M 0.726 0.673 0.501
v 2.31M  0.736 0.680 0.505

&

FRATHIH T A MLP B FLOPs, }t5 KAN *tb, 3% [ Ahssumeie
MEER, T KAN MHEE MLP B, M2 7T KAN HisZLaE), Hit,
TGS R BRATR A KAN SRoE R R BT, FEURANE, AFHg
KAN 5 MLP MiEMER : MRS REOERRN 2 F 2 BEFIM MLP 1
PERE; [FIAEME, X KAN SR, FERMIBTER. FEARIXIAESE R Bt inat 5,
R, ASERE, & KAN fEREELI—E5, HBERTLAS#H MLP
SLAE Y,

4.3  BEGHILEHI L
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# 4.

AEE
BYmID A RELL S, TEATERMIRIL AT, MobileNetV3 TEATE fabr L fEMTEH
RS e

izt BT Z¥E PLCC SRCC KRCC

KADID-10K / TID2013

MobileViT-S 5.6M 0.61 0.59 0.42

o MobileCLIP-S2 B8]  35.5M 0.69 0.65 0.46

MobileNetV2 [34] 3.5M 0.71 0.66 0.50

MobileNetV3 [16] 7.1M 0.72 0.68 0.50

KONIQ-10K / BID

MobileViT-S 5.6M 0.71 0.65 0.47

. MobileCLIP-S2 35.56M 0.78 0.75 0.57
A3k

MobileNetV2 3.5M 0.74 0.68 0.51

MobileNetV3 7.1M 0.79 0.78 0.60

DA KAN fENEIESL, FATIRTE LR/ E AL T 48 B A [ & G i 2
S5imErsLieiel, AEAE KADID-10K FillZk. £ TID2013 BN, H
SERIRIAE KONIQ-10K EillZ, £ BID Eilli, PLCC., SRCC. KRCC %
REFRARIE LR | 5 RKHH, PiRIET CONN MBI FREE ViT FRY,
MobileCLIP-S2 H&E NFERTHR T WAEIEEIR, KovET VIT R8T
TWREBIEEA BRI HE RIS, i, QR —rikeEn, &
LB H 2R/ 23 AR MobileCLIP-S2 H BTG EIFIIZIb, FHATEL
MobileNetV3 HJFRIE T MobileNetV2; [Rltt, FA{E G LI A R
MobileNetV3,

4.4 BRMBR R LR
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# 5:
TEARRIERZERT, BRI EEH
PERELLER, MEREREAVEAY DU AR

oyt EiiVS B RGB YUV LAB

Lace Lrob PLCC SRCC KRCC PLCC SRCC KRCC PLCC SRCC KRCC

KADID-10K / TID2013

P v Mobile- 0.72  0.68 0.50 041  0.34 0.25 0.47  0.39 0.28
a v v NetV3 0.73 0.70 0.53 049 047 0.35 0.55  0.52 0.37
P v Mobile 0.69  0.65 0.46 0.44  0.38 0.29 0.46  0.40 0.29
H v v CLIP-S2 0.69 0.66 048 0.58 0.54 0.39 0.59 0.55 0.40
KONIQ-10K / BID
P v Mobile- 0.79  0.78 0.60 0.59  0.58 0.42 0.59  0.57 0.42
) v v NetV3 0.82 0.79 0.61 0.69 0.68 0.51 0.76 0.74 0.56
P v Mobile- 0.78  0.74 0.56 0.65  0.62 0.46 0.67  0.62 0.46
b v v CLIP-S2 0.78 0.77 058 0.74 0.72 0.53 0.74 0.73 0.54

# B4 THERRAERZR (RGB. YUV, LAB) &R HEEIITERE,
ZERRW, RN MSE+PLCC #i5% (Loee) FIEHZRR K (L,0) REFRT
BAERE, BRTE RGB (=S MEARIHE, {HfE YUV #1 LAB (W =5[H
R, SWERETEIRATE KiESE . RA VIiT ZEMI MobileCLIP-S2 [38] B &
¥, TEARFEEZA A BRI, XeFaHREF ViT SRR —
B R G EE M A — 1k,

d
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MO0S:6.05 MO0S: 4.25 MO0S:5.63 MOS:5.87

RGB

5.68 > 5.84 4.38 > 4.01 5.49 > 5.86 5.68 > 5.17

YUV

4.38>5.74 5.68 > 3.99 4.61-> 5.83 4.68 > 5.14

4.01 > 591 5.68 > 4.07 4.68 > 5.99 4.28 > 5.24

LAB

B 2: MOS predictions of the Synthetic model using MobileNetV3, trained on KADID-
10K and tested on sample images from the TID2013 dataset across different color
spaces. Actual MOS scores are highlighted above in the pink colored bar. The change
in predicted MOS scores before and after pre-training with color space loss (Lrop) across
various color spaces is shown in the blue colored bar. One can note that the predicted
MOS scores for various images across different color spaces converge, indicating the
robustness of the metric to different color spaces. f#H MobileNetV3 & B S #Y
MOS Fifll: ZARAE KADID-10K LIk, FF7E TID2013 BEEAIFEFIEIR £, B
AR MK, BL MOS A ETTHIM R TR, EfHEeH 2Bk (L00)
IZRATG. BEERERWN MOS 7 8iEl, NEAEZER, TATEES], £EG
TEARRI GRS R T RIFM MOS 2EGa TS, RITIZIaHRN AR R ) BA B,

(Lrob) enhances robusntess and helps the model generalizes better by ensuring that the

results remain consistent across different color spaces.

E JE7R T R A MobileNetV3 HE B H MOS Fiill, A2 7E KADID-
10K LIk, 1E TID2013 BHESEAIHERIE G L, REMMEEEEELERN
REMER FFEAEER, S MOS 5EEZEAHA, HHGEZEHA
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% 6:
LAR-IQA #AIfE UHD-IQA HIBERIFSE .
ARIVIZRIZ BRI TERE HRE,

DX KAN ##

A e PLCC SRCC KRCC
B B L
v 128 0.492  0.463  0.333
v 128 0512  0.496  0.348
v v 128 0.726  0.722  0.532
v v 512 0744 0734 0545
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HIIRLE
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Jiik PLCCt SRCCt KRCCt RMSE| MAE| &#& | MACs|
HyperIQA [35] 0.182 0524  0.359  0.087 0.055 27.3M 211G
Effnet-2C-MLSP [41]  0.627  0.615  0.445  0.060  0.050 - 345G
CONTRIQUE [24] 0.712  0.716  0.521  0.049 0.038 27.9M 855G
ARNIQA [3] 0.717  0.718 0.523  0.050 0.039 27.9M 855G
CLIP-IQA+ [3Y] 0.732  0.743  0.546  0.108 0.087 102M 895G
QualiCLIP [2] 0.752  0.757  0.557  0.079 0.064 102M 901G

LAR-IQA (MLP head) 0.797  0.791 0.601 0.042 0.033 21.2M <37G
LAR-IQA (KAN head) 0.809 0.803 0.611 0.040 0.031 21.1M <37G
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# 8:

& F5IE1E UHD-
IQA TE ERITERETET, + RNEE LT, | BB, RARFIRI S E053 51 2L
FAAFT R RIZFRE

ik PLCC} SRCCt KRCCt RMSE| MAE| MACs(G)/
HyperIQA [35] 0.103  0.553  0.389  0.118  0.070 211
Effnet-2C-MLSP [41]  0.641  0.675  0.491  0.074  0.059 345
CONTRIQUE [24] 0.678 0.732  0.532  0.073  0.052 855
ARNIQA [3] 0.694 0.739  0.544  0.074  0.052 855
CLIP-IQA+ [3Y] 0.709  0.747  0.551  0.111  0.089 895
QualiCLIP [2] 0.725 0.770  0.570  0.083  0.066 901

LAR-IQA (MLP head) 0.774  0.809 0.616 0.058 0.042 <37
LAR-IQA (KAN head) 0.787 0.836 0.642 0.061 0.041 <37
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