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EffRF* v 72 a ERRRVICEITZILFE—RILKHRE
EEBETILDT-8D Preference Optimization

FERT BATL) ML AR AR

S

AWFETIX, BERF v 7Y a VEREZZAZ BT 3, B
f7® Multimodal Large Language Model (MLLM) D145
HEZHWE T2, BFEO MLLM X, LIZLIZARMPE
FEHTA2EMEREZIEL e THIRE DBEENENT
WhWnWky I arvEERT AN 5. £ IT, Kif
ZETIE, MLLM XS 2§ F v 7> a VAR 2 868
T27DDIVL—LT =T RRET L. KIL—LT—7
WEBEF D MLLM 12X LT, KB DLk preference
data ZYERL L, HEIf%F v 7> a VAR 2 HEEFHEHR
&% FW T preference optimization 2175 . EHER IR >
F— 7 TaHliZ T o 724ER, RE7L—LT7—27I12L%
238 % 4T 5 7= MLLM (387D fully open MLLM & FE#g L
TEZ L ORET LA 2R E2ET.

1. [IL®IC

Multimodal Large Language Model (MLLM) &, &K
T 4 7 AT EEEGIRE R SR WISAEICBWTE
LWHEZZRITTWS [24). s DETHADIGRAIEK
WY, MLLM O~ LVF & — XV EiEHERE B X UE
RBENICIEER AAELESRD SN TWS. Kz, ASIEh
ARG BREE TR T 2HGF v 7Y a VAR
DWTHREN E W MLLM I3 F A&V, LrLl, i
50 MLLM 1%, UIEUIEEIR e oBEEDToIcffizh
ROy 7o a AT 30D ENIET 5.

BEF D MLLM (20§ 5 W& * v 7> a > A pgER b
% HBEJ & U7z preference optimization 1%, KB TZi%
* v 7 a3 VEED preference data DBINETH 3 /=D
L\ [7]. Preference optimization WZiFE+ /74 > 7
BOo7F—Xty NORETHED, 418 THBT S LS
2, ZOEH5RT—XEy MIFERIHMEFEOT Xty
b [23, 19] DA % & ZRRMESCHBE OB TR+ T
HB. FDi=d, %< D MLLM %D & 572 preference
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optimization 217> TE 53, LIFLIZABIEEHRT
THHE RIESED LD 5.

Z 2T, AR TR OZ R preference data %
ERR L, B v 7> a YAEBITHT % BEEHENE Polos
[23] & I\ T preference optimization 2179 7 L — A7 —
%R E L, MLLM OF v 7> a Y AERMREZHNET 5.
ZAuz & h, MLLM 2B ARMOFEHE T 2 &AW TGERE
B0y 7rarzeENTELX5 18R EZAONS.

REFEOHHMEILLTOED TH 5.

o KHIBIZEHRRRN U TAERLIZME X v S a vh
%, MLLM B & Tf Polos 1230 %, preferece data % 1E
%3 % Automatic Preference Data Creation (APDC)
EYa2—LEEATS.

o \MoEFERMLIFY T arvihEMT 2R
12, Polos X a7 % MW T preference optimization
%475 Preference Optimization for Image captioning
(POIC) EY 2 — L ZEAT 5.

2. MIEHRE

AWZEE, BEFED fully open MLLM 12517 5 B ¥ v
Tva VERR A ONREREEZ HNE T5. AXZX 2T
i, 5A0NEBICHLTEX Yy Y a vy EREEY
FyFrarviERT AR ROONG. EXF T
Yavii, ¥—rOEERIT ZHEBICHAT 5 2 LICHE
HEBEE, EXxvy 7Y a3, il cURicE AZHA
zHRMFI e ZHRNE L TWS.

M1 OE§EBEGZ N, EX*yF>ar LT
1 “A dog chasing a red frisbee in an open field.” ¥, &



% 28 [O] ERODEEH - BED VRIS UL

Disirable

Polos  CIDEr  scorel"")

tDesirable caption

"Two dogs are running in the yard near a ball." 87.32  133.21 92.67 ]

+

A_Undesirable :

("Two dogs are playing."

Collection

"A dog is walking in a backyard." 7221 114.3 62.00

"A blue dog and a white dog with a ball." 52.66 76.31 54.22

Finetuned
MLLM

Undesirable caption
+

61.84  105.05 48.56 ‘

‘ Caption generation

Automatic Preference Data Creation

Preference Optimization
for Image captioning

K2 #E7L—1av—270OBRXN

¥ ¥ 7> are LTIk “This image is taken outdoors.
At the bottom of the image we can see the grass on the
ground. In the middle of the image a dog is running on
the ground to catch a frisbee. In the background we can
see the plants.” ¥R T 2 Z e ifFEI 3. K& RS
DANFEGETH D, HANIEBRF ¥ 7> a Y yep TH
5. %7z, AW, fully open MLLM %245 Z & ZHite
bl

3. BEFE

RIS TlX, fully open MLLM QOHE{R ¥ ¥ 7> a V4
FREEN A L ZITS 7DD 7L -0 T -2 % RET 5. &K
ZL—2n7—=27F, BEgFy I a a0t 2 3B
REZEHALT, KTO [7] 2k L7zdDTH D, EMD
fine-tuning 2AJREZ MLLM XX U TR HEHATE 5.

2 CREFEOMBNZRT. KITRT@ED, %
7L — 47— 27 13FIT Automatic Preference Data Cre-
ation(APDC) ¥ & Of Preference Optimization for Image
captioning(POIC) D FIZ 2 o bR I 3. R 7
L— 27— O AITEEGE e TH 5.

3.1 Automatic Preference Data Creation

Automatic Preference Data Creation & ¥ 2 — )L
(APDC) &, KHIELEGHICH L TEREF Yy > 2
YEARL, BEFHMEREZHWCRa 725352t
T, preference optimization {2V % preference data % 1E
K$%. Z ZT preference data t%, desirable & ¥ 7 =
> ¥ undesirable ¥ ¥ 7> a v DRT7TD I BT, %<
@ preference optimization TlX, B+ HF ¥ > FILIHED
preference data SWETH % [7]. —77, HADHIBRD,
ZHELEGRBI XYy a2 E0ZEDE S RT—X
vy MITEELRW. 22T, APDC TiZ, MLLM % H
WTHy Fraredml, BERMEREZHW:2a7
WCEDWT, KEBREGRECN S % preference data %
ER S 5.

APDC T, @img ZASIL, BEIRITHF S preference
data ZH 13 %. £3, MLLM ZHAWTHx vy 7> a V#f%E
AT 5. ZORIC, 920 MLLM [6, 1, 26, 3, 10, 25, 27,
5,0 BT 5. 72, WHFBROMBICHES S, MLLM
WANI$ 2707 e LT, HXF ¥ 7> a YIiZid “Pro-

vide a one-sentence caption for the provided image.”, £

XF v 7T a VIZiE “Describe the image in detail.” % f#
B33, /2, FRILOEDIZENSDF ¥ T2 a VITE
ENDERFRRERICICEI L 7. KT, ElEh%
Fx 7Y a TN UTHIRMEREZ HWTR a7 265
T3, BxXFy T a izBnTix, ABOFHIEE OHEE
e < HEFRIFRE D35 W Polos [23] 3 X CVFTHI R EE % i
U TR %175 BEETFIE [17) TRIFRERPBLATHS
CIDEr [21] 0t L CFHlixR 2 7 253 5. EX*+v 7
¥ a IZBWTIE, Polos A% CLIP [15] KD R E %
WTBD, 77T =2 YU EDANTEHEL TR WED,
Polos DfXbH D iz VELA [28] Z i\ 5. VELA I3FHCREX
¥y F2a >y 2B 2 AN OFHl & ORI I E.
%2, POIC IZBWTRD 5NN THEIN BT
filix 2 71230 =, FHEBITH LT preference data % {EK
5. %7, FEBIIHUTHHER 2 7ARbEWF ¥ 7
> a V% desirable ¥ ¥ 7 a v, mbEVFy T a v
% undesirable ¥ ¥ 7> 3 > ¥ 3 % preference data % 4%
T3, K2, NEBEHZEWF v 7> a % desirable ¥ ¥
T av, NHEHIEWF v 7> a2 »% undesirable ¥ ¥
7' a v ¥ F % preference data 24T 2 ERIEE nqup [
#DIRT. Zho QM2 BEGREEERCERAL, &5 np
B D preference data 4T 5.
3.2 Preference Optimization for Image captioing
Preference Optimization for Image captioing €3 2 —
W (POIC) 1F, ANFIOEFEZRML7F vy 7> a vy EEMN
T 572012, FidDHIE TR preference data % W7z
preference optimization 2475 . AR DEF % KM X ¥ 3
2 FRIC RLAF [12], DPO [16], KTO [7] REDH .
LAL, ZHs3ERIIESBENDA EICERZBVTY
570, ZNOEREREEAT 2720 TIEAMDELT T Kk
Lexy 7o av2EMs 2L 57FB e LTEARHIT
H3. D7, POIC T KTO 4Lk L7 KTO-IC %
HBAT 5. KTO-IC %, ¥+ 7 a > HEEHlREZ W
Te A a 7ITED SHERBENC X D MR E 7L N AT
ERMUIXy Toa v RENRT 2 X5 RFEEFETDH 5.
KES2—ADANZ2ODF ¥ T ary BEUy,
572 % preference data (y1,v2) TH D HINFBRTH 3.
T, BEFy TP aryllHTEHiiRay S, LR
DEIREHT 3.
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R1 TRAMEALBYIREFEER-—R I A Y FEOERNHBHER

nocaps

Flickr30k LN-Flickr30k

Fik P P-S B@4 C M P

P-S Ba4 C M P

P-S Ba4 C M

LLaVA-1.5-7B

-pretrained [11] 66.87 85.36 23.94 5791

26.81 69.50 84.11

5.98 2349 17.60 58.34 86.08 3.82 8.72 12.51

LLaVA-1.5-7B [11] 70.94 85.30 31.74 105.61 31.34 67.59 84.35 19.28 80.34 27.35 59.10 84.79 1.72 4.58 15.26

Pangea-7B [27]
RETFE

72.47 84.88 46.48 117.16 30.41 75.20 83.62 29.94 82.36 24.52 59.67 85.59 2.22

74.36 86.10 42.99 121.10 32.84 64.63 85.55 30.24 90.97 28.43 64.50 87.94 5.23 11.15 14.94

0.30 16.72

. Polos(y) + Ac2pCIDEr(y), if y is a short caption
VELA(y) + )‘CZmCIDEr(y)v

otherwise

Z D ¥ Z Polos(*), CIDEr(*), VELA(*) &, #1241 Po-
los 227, CIDEr 227, VELA 227 #5183 288CcH
5. 72, Ae2ps Aeam &, FREN Polos A2 7B KU VELA
A7 % CIDEr 237 DEADF 21T D A 28—%
FRA=RTHB. RIZ, ylZit3 3 preference optimization
HEHRIOE TV e B ENRDE T LD TR E N % Gl
T BEMMBEEL 7o (2, y) = log(ma(y | ) /meet(y | 7)) & EFR
F5. ZIZT, met BEY mp lE, preference optimization
BEHRTDET NV RN RDET VDO I TH 5.
F/z, TR MR [20] 1B 2 AR OEKELEEE K
M 257012, B 20 = KL(mo(y' | 2) || 7oty | 7))
PoDRMEIEA AT, 20X, may|z) BXY
mo(y'|x) 1%, HNZERRIK Y TERS NIRRT SHERY
i THH ZNZh preference optimization #HATD E T /L
BRORHEENRETVOR NN THS. BBy €)Y
THYH, Y ZETorRLRHNOESGEZRS. LrLl, &
FEDICmy 2oy ZRETH TV I7T 52 I3BHEN
ThWd, KTO [7] L[RAKIC 2o ZEBT 5. R, S,
WCHED ZHEERE 2 LT D X S ITERT 5.

{MU (5 - (ro(x,y1) — Zo))ﬁf Sp(y1)>Sp(y2)
v(T,y1,Y2)=
A0 (5 . (zo —rg(zx, yl))>, otherwise

TITB, Mgy, A &, ZRZIIEKFEEEICES CEA
P DAL )R=0%F X —& desirable ¥ ¥ > avBIU
undesirable ¥ ¥ 7Y a VI T 2 EHADIT DA =%
TR=RTH5. £z, c ZENTFIhOIRT 4 v 727
A FEBTHS. ZhS5EZHVT, Lrroac EATD &
SIERSNS.

Lxro-1¢(z,1,42)

= E(z,y,,y2)~D [ Ay — (@, Y1, ¥2) — v(x,Y2,91)

ZZT, M E A+ AN THB.

4. RE&

4.1 RERERTE
AIFFETIX, KTO-IC IZ & % preference optimization %
175 7=1Z preference dataset Z T 5. ZD7=DHITIF,

ERBEGREB I XYy S a v BEER BT
TNRIBED preference data BVHETDH 2 [7]. EHREF v
T a I UTEMiinNEShizT—&2ty b2 LT
FOIL [19], Polaris 23] 23® %43, ZHHd EELD X5 7%
preference optimization 21T 5 I3 TH 5. L L,
FOIL ¥ — &ty FEF ¥ Foare iy tr—ar®
BLFOIL % 7> a>DR7256#%%. UL, FOIL
Xy T aviZIDF v I a VI L TL—AR—RIZ
XD HFEOBEIEITS 2 TERINTE D XDOZHMIC
RiF%. %7z, Polaris 7—&t v MME, 1 KOESEL»
BENTORNWED, EROZSEEIEICRITS. 2070,
16 ARDEBRB LU ZASIHE L7170 FEDOF v 7
Ta yEAV, 159,000 ¥ > 7LD preference data 2 5 73
% Polos FB 7 — &+t v F Z{E L7=. Polos FB 77— &
v FOERTIEICOWTIE 3.1 filcEER T 3.

ZOFT =Ry M, 119,000 3> TILOFFEFX ¥ T 3
VEEL., 2055, 79,000 Y Y IVIELF Yy ST a v
ThHh, FERY A XX 15,441 38, HBHZERUZ 2,057,457 38
TH 3. desirable ¥ ¥ 7> a >~ ¥ undesirable & ¥ 7> a
YOV ER, FRAEN1150EL 1445ETH 5.
DD 40,000 > FVIEEXF ¥ F>a>Thb, iERdA4
X 25,913 58, MHGEENZ 6,151,963 5 TH 5. desirable
¥ v 7> 3 ¥ undesirable ¥ ¥ 7 3 Y OEEHX R,
ZFNZEN58.65FEE 94.10FETH 5.

ERICBWT, JIBEAT 113,050 3> 7L, WHElE
F1E 5,950 INTHolz. TRAIEZITE, ZOX
A7 THEENZAVWLNE T —&Xty b TH S, nocaps
val split [2](nocaps), Flickr30k test split [14](Flickr30k),
Localized Narratives Flickr30k subset [22](LN-Flickr30k)
L. &7 -2ty bOY Y I, zhth
5,000, 4,500, 1,000, 1,000, 125,436 TH 3. 87X —&
FHNILFNBE S 7 A =085 X — R DOFRITIIGEE
AERHEAL, E7VOMREHIICIE T A MEGREHA L.

ARIFFETIE, Pangea-7TB E7 /L [27] 1o U THREFIERIC
X 2% T o7z, ET MK AdamW 2RV TS 4,
2R By, P, € XFNFN 1e-6, 0.9, 0.98, le-6 IZ7%
EL7 228X, =Ky ViTo7. F2, V2, 7
TrART—=07, RuyF7v v R e Zzhzh 128, 256,
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(b)

(c)

(d)

=

A white car parked in a parking lot.

A white Volkswagen car
with a cat in the back window.

A white car with a cat
sleeping in the back window.

The image features a man standing in a kitchen, preparing food. He is surrounded by various items, including a bowl, a spoon, and
a clock on the wall. A cat is sitting on the counter next to the man, seemingly observing the food preparation.The kitchen is well-
equipped with a refrigerator, an oven, and a sink. There are also several bottles placed around the kitchen, possibly containing
ingredients or beverages. A chair can be seen in the background, and a clock is visible on the wall.

The image features a man standing in a kitchen, cooking food on a stove. He is wearing a striped shirt and appears to be focused
on his task. The kitchen is well-equipped with various items, including a refrigerator, a microwave, and multiple bottles placed
around the area. There is also a clock on the wall, and a dog can be seen in the background, possibly waiting for its owner to finish
cooking. The scene gives off a cozy and homey atmosphere, with the man preparing a meal for himself and his pet.

The image depicts a man standing in a kitchen, preparing food. He is wearing an apron and appears to be focused on his task. A
cat is sitting on the counter next to him, seemingly observing the man's actions or waiting for some attention. The kitchen is well-
equipped with various items, including multiple bottles placed around the room, a bowl on the counter, and a spoon nearby. There
are also two chairs visible in the scene, one closer to the foreground and another further back. The atmosphere of the

kitchen suggests that it is a cozy and inviting space where the man enjoys spending time cooking and interacting with his feline

companion.

3 TR MEBIBI L REFEOEIH

0.1 L#&FE L7 LoRA [8] ZA L7z, & 512, Eifgz >
a—x1%, 7V —=XLTCillzEITV, 7 L0¥EAHE S
7 X — 2R e MAEERIZ Z 2K 76 15, #9962 T
HTHotz. 8FD A100(80GB) ZHWTEH 21T - 7-.

4.2 RBRER

R, HET -y MIBIZR=RF7 4 Y FELOE
BN OMER RS, Fi, FFHIICE W TERED mWEE
PRFTRY. RPRODP, P-S, B@4, C, M #1241 Polos
23], PAC-S [18], BLUE-4 [13], CIDEr [21], METEOR [4]
3. "R—=RAF4 YFHEE LT, LLaVA-1.5-pretrained
[11], LLaVA-1.5 [11] 3 X U Pangea-7B [27] ZiE&AZ. T
Z T LLaVA-1.5 pretrained (%, LLaVA-1.5 @ visual in-
struction tuning 21T HIDE TN % T. LLaVA-1.5 &
FEHERY 72 fully open MLLM T3 D, Pangea & fully open
MLLM & UL TRIBIERPFBON TS DEAL. G
iREY LT, AXRZ7I2BWTIE%M 7 BLEU, CIDET,
METEOR %W, X 512 N oFHii & o fHBEA S <,
HEFRIERI 2S5\ Polos, PAC-S & W=, 728, AKWIZET
WEFHlIRE DA Polos # EERNE X L=,

F 112”3 X512, nocaps IZB W T, LLaVA-1.5-
pretrained, LLaVA-1.5, Pangea, 2R T#£D Polos 2 2
7IE, FNERN, 66.87, 70.94, 72.47, 74.36 TH D, 1ER
FEER—=ZXF 4 DS % Polos BLUY CIDEr DA a7
DS E Pangea & S L TZ N2 1.89, 3.94 KA >~
b _EEl 572, Flickr30k 1238\ T, LLaVA-1.5-pretrained,
LLaVA-1.5, Pangea, 122 FEDIHIZ Polos A 2 71X 69.50,
67.59, 75.20, 64.63 TH H CIDEr R 2 7% 23.49, 80.34,
82.36, 90.97 TH - 7z. Flickr30k \IZBWVT, BEFIED
CIDEr 22 71%, &b RWHEERNE 5472 Pangea & L
LT861 KA AL, —7F, Polos 22 713 10.57
KA Y POWHTH o7, ZHEOVWTERMNCT I =5
Mi2AT o 7R, A B VTRl TR EYRICE T %
FHHPZBRIEADPFTELTVWEIZ I =2 HRDZLLALN
7z. LN-Flickr30k Ti¥, LLaVA-1.5-pretrained, LLaVA-

1.5, Pangea, £ R2TIEDIEIZ Polos 22 713, 58.34, 59.10,
59.67, 64.50 TH D, CIDEr % 8.72, 4.58, 0.30, 11.15 T
Holz. MEFHRIEZ, RDIBVR—ZAF74 VLT
Polos, CIDEr IZ8\T 4.83, 2.43 KA > rHEIEL 7.

B 3 ICREFEOEINFIZ RS, M3IZBENT, (a)ld
ANBEETF. A 31250T, (b), () B &
;@) ikEhzn, BEFHE, LLaVA-1.5, Pangea I & %
R ERT. EFD (c), (d) IKBWT, 2TOR—R 7
A VFEPIZH 2F DN DA% “cat” Lo TH v
Ty avEERL TV L, BEFHRTHEYNC “A
white car parked in a parking lot.” ¥R L7z, FH (c)
D LLaVA-1.5 128\ T, “There is also -+ a dog” ¥ ¥ v
TavEERLTED, WEREAEMIE->TW3. L7
(d) D Pangea t&, “There are also two chairs visible in the
scene, one closer to the foreground and another further
back.” ¥4 L, FELZVWIIERICOVWTERLTWS.
—J7, REFERZ, EHOL 5B v tr—2ar2ads
ROVl y 7> a Y ERAERL /-

5. BbHDIC

AT, BHFD fully open MLLM (281} 2 Hiff ¥ %
T a VEREZ AT DERESGEE R - 7.

RERIFZEE LT, MO RE 2T 5729012, R~
a—X—ZEHAAL, ZHBEGREREL RS &0 T &
v MK ZBMEEETV, D S22 IERE E§
Frfg & LTl LG 5 2881 & & V2RI BEfgRE ) 2 &
H5ZePFENS. Fz, AMOD preference X2k
ZHT 55, Polos IZX LT A AN Z &I preference
optimization % FMi LG 5 N7 BE D Polos ZHIH T % =
& T, ZFR7% preference DRBAIDATREICR B2 L EZ b5,
XL, JAXHHIANRIRXA -2 EBAT LT, £D%
MEr—EED 5 Z LRI NS,

HiEF
ARifFFED—E0X, JSPS BHiffE 23K28168, JST A—> > a v

F OB ERZT TEMSNIDDTDH 5.



% 28 [O] ERODEEH - BED VRIS UL

SEXE
[1] Abdin, M., Aneja, J. et al.: Phi-3 Technical Report: A

2]

8]

[4]

[5]

[6]

[7]

8]

[9]

(10]

(1]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

Highly Capable Language Model Locally on Your Phone,
arXiv preprint arXiv:2404.14219 (2024).

Agrawal, H., Desai, K., Wang, Y. et al.: nocaps: novel
object captioning at scale, ICC'V, pp. 8947-8956 (2019).
Bai, J. et al.: Qwen-VL: A Versatile Vision-Language
Model for Understanding, Localization, Text Reading,
and Beyond, arXiv preprint arXiv:2308.12966 (2023).
Banerjee, S. et al.: METEOR: An Automatic Metric for
MT Evaluation with Improved Correlation with Human
Judgments, ACL, pp. 65-72 (2005).

Chen, L., Li, J., Dong, X., Zhang, P., He, C., Wang, J.
et al.: Sharegpt4dv: Improving large multi-modal models
with better captions, ECCV, pp. 370-387 (2024).

Chen, Z., Wu, J., Wang, W. et al.: InternVL: Scaling
up Vision Foundation Models and Aligning for Generic
Visual-Linguistic Tasks, CVPR, pp. 24185-24198 (2024).
Ethayarajh, Kawin and others:
prospect theoretic optimization, ICML (2024).

Hu, E. J., yelong shen, Wallis, P., Allen-Zhu, Z., Li, Y.,
Wang, S., Wang, L. and Chen, W.: LoRA: Low-Rank
Adaptation of Large Language Models, ICLR (2022).
Hurst, A., Lerer, A. et al.: GPT-4o0 System Card, arXiv
preprint arXiw:2410.21276 (2024).

Li, F., Zhang, R., Zhang, H., Zhang, Y., Li, B. et al.:
LLaVA-NeXT-Interleave: Tackling Multi-image, Video,
and 3D in Large Multimodal Models, ICLR (2025).
Liu, H., Li, C., Wu, Q. and Lee, Y. J.: Visual Instruction
Tuning, NeurIPS, Vol. 36, pp. 34892-34916 (2023).
Ouyang, L., Wu, J., Jiang, X. et al.: Training Language

Model alignment as

Models to Follow Instructions with Human Feedback,
NeurIPS, Vol. 35, pp. 27730-27744 (2022).

Papineni, K., Roukos, S., Ward, T. and Zhu, W.: BLEU:
a Method for Automatic Evaluation of Machine Trans-
lation, ACL, pp. 311-318 (2002).

Plummer, B. A., Wang, L. et al.: Flickr30k Entities:
Collecting Region-to-Phrase Correspondences for Richer
Image-to-Sentence Models, ICCV, pp. 2641-2649 (2015).
Radford, A., Kim, J. W., Hallacy, C. et al.: Learning
Transferable Visual Models from Natural Language Su-
pervision, ICML, pp. 8748-8763 (2021).

Rafailov, R., Sharma, A. et al.: Direct Preference Op-
timization: Your Language Model is Secretly a Reward
Model, NeurIPS, Vol. 36, pp. 53728-53741 (2023).
Rennie, S. et al.: Self-critical Sequence Training for Im-
age Captioning, CVPR, pp. 7008-7024 (2017).

Sarto, S. et al.: Positive-Augmented Contrastive Learn-

ing for Image and Video Captioning Evaluation, CVPR,

[19]

[20]

[21]

[22]

23]

pp. 6914-6924 (2023).

Shekhar, R., Pezzelle, S., Klimovich, Y. et al.: FOIL
it! Find One Mismatch Between Image and Language
caption, ACL, pp. 255-265 (2017).

Tversky, A. and Kahneman, D.: Advances in prospect
theory: Cumulative representation of uncertainty, Jour-
nal of Risk and uncertainty, Vol. 5, pp. 297-323 (1992).
Vedantam, R., Zitnick, L. and Parikh, D.: CIDEr:
Consensus-based Image Description Evaluation, CVPR,
pp. 4566-4575 (2015).

Voigtlaender, P., Changpinyo, S., Pont, J. et al.: Con-
necting Vision and Language with Video Localized Nar-
ratives, CVPR, pp. 2461-2471 (2023).

Wada, Y., Kaneda, K., Saito, D. and Sugiura, K.: Polos:
Multimodal Metric Learning from Human Feedback for
Image Captioning, pp. 1355913568 (2024).

Wu, J., Gan, W., Chen, Z. et al.: Multimodal large lan-
guage models: A survey, BigData, pp. 2247-2256 (2023).
Xiao, B., Wu, H., Xu, W., Dai, X., Hu, H. et al.:
Florence-2: Advancing a Unified Representation for a
Variety of Vision Tasks, CVPR, pp. 4818-4829 (2024).
Ye, Q., Xu, H., Ye, J. et al.: mPLUG-OwI2: Revolution-
izing Multi-modal Large Language Model with Modality
Collaboration, CVPR, pp. 13040-13051 (2024).

Yue, X., Song, Y., Asai, A., Kim, S., Nyandwi, J.,
Khanuja, S. et al.: Pangea: A Fully Open Multilingual
Multimodal LLM for 39 Languages, ICLR (2025).

KA —E, FIHEMERR, /IMBIEHRERS, AZIHfLAH: LLM-Hybrid-
as-a-Judge 2D { BXHEBG X v 77> a v AT BB
RE, MIRU (2025).



