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Abstract: Reinforcement learning from human feedback (RLHF) can effectively align model outputs with human
preferences and has been widely used to mitigate the hallucination problem of multimodal large language models (MLLMs)
in practical applications. Among various RLHF approaches, direct preference optimization (DPO) avoids explicit reward
modeling, enabling more stable and efficient improvement of MLLMs’ reliability and usability. As a result, DPO has attract-
ed extensive attention from both academia and industry. However, the DPO training process still faces several challenges: is-

sues such as training data distribution shift and insufficient distinction of the factuality of instructions during preference data
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construction may exacerbate model hallucinations. Additionally, existing methods underutilize the audio information accom-
panying multi-image data (e.g., videos). As an effective supplementary signal for visual understanding, audio has the poten-
tial to alleviate hallucinations.To address the aforementioned problems, this paper proposes an instruction factuality assess-
ment and audio-aided self-alignment training framework (IFAA). This framework generates high-quality preference data
through four core modules to suppress hallucinations in MLLMSs. The specific modules are as follows: (1) Style-consistent
response sampling, which effectively reduces data distribution shift in DPO training; (2) Long-response segmentation strate-
gy, which improves the accuracy of the model’s self-judgment; (3) Instruction factuality assessment module, which con-
structs preference data with stronger factual basis; (4) Audio-aided understanding module, which enhances the quality of
preference data by fusing audio information. Finally, DPO training is conducted to further improve the model’s reliability.
In addition, this paper innovatively introduces a confidence balance point selection mechanism based on the receiver operat-
ing characteristic (ROC) curve to effectively mitigate the overconfidence issue of MLLMs.To verify the effectiveness and
generalization ability of the proposed framework, experiments are conducted on five mainstream MLLM evaluation bench-
marks. Taking the large language and vision assistant (LLaVA) 1.5 model as an example, after optimization with the IFAA
framework, its sentence-level hallucination rate on the object hallucination benchmark (Object HalBench) dataset decreases
by 43.1%, and the instance-level hallucination rate drops by 37.3%. Furthermore, transfer experiments on other cutting-edge
models demonstrate that the preference data constructed based on IFAA exhibits excellent generalization, significantly re-
ducing the hallucination rates of different models. These results confirm the applicability of the proposed framework across
various models and provide a new effective approach for hallucination mitigation in MLLMs.

Key words: multimodal large language models; hallucination mitigation; preference learning; self-alignment; instruc-
tion factuality; audio assistance
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on the tracks. ... There are visible in the scene. ...
The scene captures the essence of a train station. ...
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As an expert in answering questions based on image content, please answer the question based on the provided response style.

{Few-shot Prompts}

You should present your results in the following format:
##H#Answers:

- Answer: {answer}

#HH VQA:
- Image:<image>
- Question: {question}

PR B B 1]
£ TS

You are an expert in extracting facts from image question-answer pairs. Your task is to extract and rewrite the facts mentioned
in the question-answer pairs into separate sentences, removing any opinions or subjective statements. You should present your

results in the following fomat:
#i Facts:

- {extracted fact 1}

- {extracted fact 2}
###Question-answer Pair:

- Qusetion: {question}

- Answer: {answer}

AT — e i ).«

You are an expert in converting declarative sentences into yes-no questions. Your task is to modify the given declarative
sentences into yes-no questions. You should not alter the tense or add any extraneous content, as this will result in severe

penalties. You should present your results in the following format:

### Modifed Sentences:

- {modified sentence 1}

- {modifed sentence 2}
### Declarative Sentences:
- {statement 1}

- {statement 2}

F3  JHFIFAA YRR

3.3 RS KMEEE

SEH R, MLLMs %4 18] 52 9 2 ) 5 0 ) 7 A 12 38
I, T RE PR SCAS 2540 52 J ik LUORS HE VAL . it A
SCHRE R [ 2 87 20 S LT (factor) , DA RS AIRAR 7R )
SIXERE .

ARG AN < 51 XF 568 3.2 77 Az Bl 9 4 1% 7 31
(o, Y AT SRR A Y GPT-3.5 X6 A o i 17
AT SR I G, 6 AL M A S S 1 )
&R RSB X R R LT EA
(v BRI R B LR 3R 2 4



4566 H, ¥

2025 4F

20, R GPT-3.5 4 3 & [K - 46 Sy — i & ]
A MLLM BEAS LA /45 " T 2B A7 10 W, AT 28
TN HIE, #5032 SOR KRS 3] T4

ASCAF LG MLLM , 56T S SEPESR g i —A
factor f X B A~ Bl £ A7 = 50 VR OF A, 15 3 & 4L
P(Fact|qf, 1) BT IER PR P(Fact|qf, 1) XA —
e 5E 8] m) gq AT ELSEMETTARL J%?Uﬁj‘%ﬁP(Yesmc, gq)-
PLZEE 0 3R (19 MLLM PEAS 22X F

P(Factlq,.f)=1,(f)
P(Yes|q,.gq)=/,(gq)

Wil J | X A 25 i 15 mP %) B A R A5 A R A T
FOF-17, 45 232000 L 14 55 52 1P 291393 P, (Fact) R I
SR P, (Yes).

SR KB AETHE P(Yeslg,. gq ), 3T ROC i
S WU A5 VA S LT B & i
338 1 S A E E U N A, AR A TR 3R
AR PR BE 45 (over-confidence ) 52 i 22 7]
3.4 ROESEIMRIFIGEE

XF T 45 58 1Y x g M X, B G I GPT-3.5 FI W x,
SE R SIMEAR A . WS AR PR TR A R O ] 1Y
T X RA TR S

(D AEFPEHE A« 38 2 36 BN A fig e v Jif H B 5
A 43 B e I N A choosed AR 31 Ry, , 75 43 e IG
FA Wi 137 A7 rejected 8 E A 2 1y, ) 365 A 20 X6 54 .

(2) = SLEFE 4 o TR 1Y L SEPEAS 43 RN 52
AR LA 1 B0 LA, 3 BCAi 358 M) 17 P 25 545 40
S5 e PR O, A 3 B AR ) T 1A o, ) 3 e 2 %o 20
P D= {(y.,)}. FEFEASCK BRI SRR A F
i1 DPO Y ZRA1 45 MLLM , 5 K 5 =CUF

Pave (AlD)=p,, (Yes), Lig & Lo
Pae (Al)=p,,, (Yes)+fp,,, (Fact), [ €y,

ARSCHEH B A 1, (AR 7R A = S g 4 v [] S5 AN A
B S FE S . SEER T R B LA R 3 8 BOAS [
Yrsemg ok . Ah A SCh FSEER 4 SRR SRR 4
MBS LLB R 4 0 1, DUCREE NI SR B0 1 S5 4 43 A XoF
55 . AR SR B s h Z2 e R 80 T il 1) 225 DA S 7
FAE S B NS B X E RS, A e s SRR
ZAVBHE R LU (T8 42 AE R84 ) A
i 3 AP 4E I MM Hal-Bench F1 AMBER | 175256 .
A, AT B LLaV A-Instruct- 150K B £E |, &1 %t P dh
BTG T — A0 B A oS PEI 4 LLaV A-Creative
Description, %4 45 7] @144 i Al =5 S0 M4 2 A4 BT R,
AN K 458 o AR e e 2 i s 1 00 . 45
mE PR,

(1)

(2)

R1 RERFERME TR MEREXTLL 247 L%

§ MMHal- LLaVA-Creative
" Kl AMBER
AR Bench Description
L4l
Score | Hall. | Acc. F1 Hall.
5:0 3.14 | 385 | 82.2 | 86.2 60.4
4:1 320 | 32.1 | 83.1 | 874 59.2
LLaVA 3:2 3.16 | 36.2 | 81.8 | 859 58.8
1.5 2:3 3.09 | 39.7 | 80.1 | 84.7 57.4
1:4 292 | 434 | 748 | 78.1 54.8
0:5 2.81 | 483 | 724 | 743 52.9

"] LLAE AR 3R B 4R 40 MMHal-Bench Al
AMBER |, X 3% F A HEA T 2 SRA B RCR A 45 25 A
RIVERERR IR [ . FRATT 3 A m] BB 2 b T i il L 191
ARG F I PFIN A R EE 01 . 2EIFIN AR I T Open-
Images FIFF 5 s W BT 3@ S8R H B ARG | DI g
M mE AR AR . AN, FRATHE L 7E LLaVA-Creative De-
scription X R AT A AR F M FE A A RRER P4 13K
AT LR H A v Al g S MR A HE LB $R T fE
A RERAR G T g SR A Bl i K 3 )

3.5 ESNHBN MR AE

i) MLLMs 7840 B {5 22 (5] R WA AR SCAS A il
155 I8, B 45 R AR A 31 = A A E P b 7 =X

(@) h Video-LLaMA . VideoMAE V2 F Intern VL £
BB 58 42 20 W 5 LS B, L AU 5 N 2 R AT SCA
A

(b) 4N VITA-1.5 Al HumanOmni 55 5 A 15 48 — 45
T, T8 5 A A O ) g S R AR AR L B BT H AR
TP RS E SO, AR R TSR ST, M
AR FH & AR T A i SCAS Y Jo i DL A 20

SEE M T IS AR R T 1 5 A0 SRR AL
5 A, AR SCRIH M b 5 350 15 by R 1 SC AR AR 72

T A S N 2 A O B I SO
WE R (INREE & & 55 ) - THE 55 (CAP) 3L
A ESAE e YE S 58k S U AN
PRI B -

(1) BB fEAS . (] FFmpeg A% 5 DL ,
XFE I EAT R R AR — AL T A 3

(2) B () X6F 55 18 CARH. SR JH Whisper 47 H 215
U (Automatic Speech Recognition, ASR) , A il 7 B
[ RRR ) ) - s SO

() e 5| 18 kU8 . RPRARMT AT 24 5 R A
I B A 25 6 S B RS (AN SigLIP ) 540 4 it 5 4%+ 4 S
A BT SORILRE . AL o0 an T

(s, v,)=Sigmoid (E,.,(S)"E,. V,)) (3)
Forp, 8, R 5 i1 WUVR) 1 SCAR KRR 5 v, s I (] ¢
i MUASTT A DL BEAEAE 5 £ () 1 E, () 73 3 327 SCA ]



% o12 M X1

UhAE - A BB 2 AR - B T4 S ST 1) 5 Al By B () X 0 2 i O 5% 4567

1R GRS 2% 5 T 7R A B 5% 1 ; Sigmoid 678 AE LR M B PR
B o FORMLGE - SCARRFAEVE AL , F T8 55 i A 5 0
BT SCATR IR 5, 55 I [8] £ B REATTIT () 40 08 R ik v, 2Z [H]
FYAH DGR BN FFFEE

2 B BN 7455 5 42 VAR TR OGB4 DT
e, £ 3B BT 5 SEI IR, K AN FE AR 5 10
1B T B 0.4, 32 180 B X5 1 55 AH 5C 3 5% 1Y Hh L IXC [
9(s;,v,)€[0.3,0.5), A 7E 4l $12 2546 285 V8 7 S 114 ] ik-41p
il M S T4 . % B 5 SPECTRUM (Semantic Process-
ing and Emotion-informed video-Captioning Through Re-
trieval and Understanding Modalities ) 75 22 B 2518 X A% %
SIHTHIIES 1 — 5, W 0= 0.4 RS2 IS RS SE K A H;
(LR

(4) By SCA AR B T T A an B, A H]
GPT-4o 4 32 18 i 1) 55 WAL SR N B AR PN 28 0 B
B BT D B ORI AR S U 91 I TR — B

(5) 77 . LAJEE B s A o 491

<HBTH LS — D NEE DO RE S K
BRI B A .

<E MBI IR> BRI BAE A AR B P A
R 2508k

<HLWT & IFHR IR > 44 N BLIETEHRE 2 58 1 Eh LA
BB AR

AN, FATH T PR o 0 BB R B

C1)TEE R . @ Ge it oA 5 B e vh 73
A3 TG L IR viog SIS AL . X T JC & M iy
i AU, Whisper £ HUN 728 0 25 . M 12585 1<t
i R 00 5 8 SO P R AR Al . 4
THAbPECR A SO A G | AT B IR AT, FFmpeg
i e iy AR, 59 R DI B s (23 DUR 55 )
RS HR | 3 S TS0

Cl MR BE PRI E I . SR P A T 52 (0) R 4R
i ALY (41 OmnilMM-3B) 47 f 4 % 21 5 (b) & T
LLaVA 1.5-IFAA 7B, i i P By BEZE 45 6 LoRA (Low-
Rank Adaptation of Large Language Models) 15 2| 5% & fb
LLaVA 1.5-IFAA 3B MR . S 25 R W], 3B 462 A 7
MMHal Benchmark [ Score 24 3.05 ( ik 7B 4% # {9
95.3%) , Hall 2}y 34.9(GK 7B 1 91.3%) ,3& H] T %32 [
Y%t
3.6 ETDPOHK MLLMs X5

580 RLHF A 3 OB 3R R I 2R
s T O . A AR R [R] — i A, A2 BUAY
PP A ] W ) ol i 4%, G v 0 — S L S eV,
F—A> 25 W By, 83 b S NS dr . B
B, BRI A5 pRBUE SCH

Lp)=logao(r(x.y.)-r(x.y,)) (4)

Hf 0 878 sigmoid PREL; r AR RIS ELAY o B2 il
TR 5 7(x, ) FErR B A x RV 308 e 4 il A 80
D H P 25 i A

DPO " Sy — Fh i 500 RLHF 803, i i Ber 1
A E > BhR A R SR B 2 2B A k&
TR A AR S A (AR ) A T A AR, B )T
72 T LLMs F MLLMs 4 % 5531145 .

DPO ¥ 52 W, 22 il bR B r(x, v) AT s i O ok s
Wi 7, (Vi) G S HRI 7 (yx) X B LR L -
ZOt((yyf) +Blog Z(x) (5)
Horb BIR B Z(o) T 5 REL . T I, DPO 1911k
H R AT a4k ok LR 38 U 2k
Ly (my; o)

_ 7[0 (yc“x) —_
= Ew_ylw[logo(ﬂlog Tl P

r(x,y)=plog

Ty (¥,1x)
2
(6)
o, B SRms A8 ) Py 0 2o 8 4 S ) i 8 A 25 )
Al s Z BB r AN G B h PR R 12 5 g TP
AT 55 2 5 BB i 2 R B2 . ik H s R R L A
T e o B O A SR A A s A 1 A2 A iR A 2 )

W
4 I

A9 5 S S B IFA A J7 VA AR S8 MLLMs £ %6
(] 1 AR . T IR IR P 4 | AR SO FH AT A B o
3% F B FR AR PEAL T 2 F MLLMs 1 MERESR I
BE A, 38 33 il S 56 0 IE T T BEAE SR R A AR A R
P, I T T R 3 U o B 7E AN [R] MLLMs | 1972 4k
I
4.1 LWigE

ARATTEANA T 287 52 50 Fie et T 0 P00 e oz 0 oS
RYLL AR Gf I 2 i) AR R

PRI L E AN PEAL F8 A5 . X T B $ 3 vh i L4
W, A% 30K A Object HalBench'7 3% #E4T Al , H & %
P, A S Tess is more > 5 ¥, A MSCOCO 56:4iF 4
Bl HLEFE 500 5K 18] H, L CHAIR (A1) 7 51 X156 3% )
CHAIR, (SE 5 G 4] 56 2 ) 8 b > V- 455 7 1) £ o A%
JE AR R NN £ v 5 AR R e B M DE AL T, R
MMHal-Bench'®'. 1% 3 e85 GPT-4 84 M 80 Ay H 5 A
TARE S BERARZHEAT X E, 276 PO B (%) W] {5 B
A A AR SCHR T AMBER ™Sk Xt Z 42
KA HEAT Z2 2 BE A M REPFIN . % PRI AR 6% 15 220
AFEA AL A UAT 55 HIUBIMTE 55 AFAEEFE S AT 55 A
SCHE ORI MAT: 55 8B 43, JF B A 1R AU Y ofE A RN F



4568 H, ¥

EE 2025 4F

h %54 MLLMs 76 & 244155 o B4 L 5 32K RE 7
AR — 25 1% ] MM Star* il LLaV A Bench ™! 535 £
Bl  MMStar B4 T A RSS2 T 0
VEAFE] 1 500 4™ 1 BT b FEAS , ST RE S R T R
B 18 443 28 B S b 47 4 T PEA , AR IR S 440
250 P HEREAS , LARA AR ITAS (0 i P 5 24

(1) XF LAY | A SOKE T AR AR 15 22 Fof S 1 ASE A6 F
FE0F L, A48 32 o8 ) %) AR A 35 T Mgt i o s
DAk 04 2 56 40 il A 8 R B RLHF 9 85 5 DL K P 5
R

(a) 38 FHFEA . AR SCHEHE T 404 LLaVA 1.5
LLaVA-NeXT"“*' DL K Qwen-VL“ 1k BLA 48 3 M (14 38
FHAREAY | AR ELA AR i ) ST B [R] P RGO ke
BB BT T 38 A0, BT 3R B 25 S ik

(b)) ZIBEARACBIAY . BEHL T &1 X MLLMs £ 5[] 25
VAT LT TRAL R RL o] J A 28 . — 20y P ad Js Ab
P 0 A A A B e 0 b 2% i MILLMs f9£0 58, 31
U LURE(LVLM (Large Vision-Language Model) hallUci-
nation REvisor) :gjiﬁﬁﬁ‘i;ﬂi Y JE AL B8 5 32% L o AR A A
AR SCAR A, 2R FH I 2 A9 46 10 ASS T80 S B 4 7Y v A
LI N ZS . VDS 5] AR5 Xt g by v, A A e
TEAIL 382 X b — AN A LD B A AR AR
GE 1 22 A S0 A R R O PN 2 A SR BE B
AT f—%5 . Less-is-more > & Bk 5 KL R Ak 3 (Maxi-
mum Likelihood Estimate, MLE) [ Il 25 H #5 , {5 54 2%
SITEIE Y B0 E A N EOS , K28 11 AR i, IR F 4 4
BB i 0 1k DA SR A T 5 ) JT . OPER A e 455 751 figt
it 3 R v 3 | A RET) RT [ 0 4 L SR S DR ) i
75— 75 W A FH RLHF $ A 3f 2% i %75 In) R, 451 4
LLaVA-RLHF il i A TR T 51K 10 000 4% fi 4 %
i, I i RLHF AR 75 4F Z00s Bl 2R A | o
Je SR FH A i SR W A A A TR AR )1 2

(o) PHRARY . e B [ 2 DM R0 Ay A A 76
GPT-4V Wyt e, L4 Ak T YRR 280 5 ] g5 5
Z A A PERE2EHE .

(2)5286 5% . Ll LLaVA 15" sk il | 3
SE VA HE B PERE , TR TRAA HE 2256 HE 47 0 -l
SR T1T PO Ol = ot = R S

(3)SZIRANYY . AT XF HE B ) VD 78 e 4 5
H 700 F 2 F T #EAT I, OPERA R FH AR i HE B =
WL E . T IFAA, 38 28 fraf 35 A4 1 4 000 Xof fi 4544
P&, I LT DPO X LLaVA 1.5 ¥E4T AR b 5% . Il %k
HeE 3] R Sx 107, 20 0.1, LK /N A 8. Hdis A il
FEMF 249 52 h, LLaVA 1.5-IFAA Yl ZiFEIS £ 5 h. 528 i
J1 85K A800 80G GPU H7T .

4.2 FEHZR

SRR B R R T3 2, i CHAIR, R
FRAT S R B REAR L B D — AN LI W IR A S
L. CHAIR, FR/R LI G it 4 e 55 h
LT SE I T 23 LE . Score S GPT-4 41 13 25 X6 65 78
Wi o7 5 e ({5 B 5 20 SR ) I AT 2 (FE I 0~6) ,
Hall. Ze/RE AL B SCAR AL & LI W0 H 3 e . Ace.
AR £ 58 DI AT: 55 v BT A3 FEAS 1R HE B >R, Overall g 4%
ZISEVFAT 45 N i 4555 B A 341549

SHIBU g e M et SR XatiD O N

IFAA A SR TF T LLaVA LS A5 81 i n] 52 B, 75
TB ST SRR JLF B G I 5L o o 2 A
e I T A5 B B, AN 4R F R B A SE o o AT
B 10B LAY . H RO U0, IFAA B3k W BR AL T
LLaVA 1.5 7E Object HalBench I [t} RN <
CHAIR, Fl CHAIR, 53 5 #H XS K& 43.1% F1 37.3%. 1£
MMHal-Bench H , #& {& £] 5t 2 4 X} B X 37.1%. 1
AMBER PFIll Hv | A5 70 A i 57 0 L ¥, 3 850 B i
T, HERE T P R LR GPT-4V.

TE 454 TR 1 LLaVA Bench 5 MMStar 37l 42
b IFAA ARG BRI TE B AT 55 R R B TR
AP S AT (EME . SR8 LLaVA 15K L, IFAA fdifsisy
FE LR AN L T 0 ST $E T, 6B Oy i A
58 MLLMs 0] {5 B i [R5, BEA% PR J5UA 1) 52 =3
L5 Rk RE
4.3 o

AR TFAA BIEAESEIEAT T IRA ST, B 05 563
PLR LA A

(LB 4 0 5 R (factor) J& 5 MBS AR HE

A 110 25 S ) X ) O e BB | 2 A EAS in A
X g A 3y X A 407

SEYRF B, A MK R A B 4R T O g BOHE B 5
T X432 S S A T BEE — 25 i B R AE T {5
55 LS T T B B . R 6 R A% R A R, AR S
TP T IHRLSCS . 76 S E 2 SR M i X L T A
JE iR LLaVA 1.5 3 T 0152 S A7 A5 5 0 8 14 v
DL BB 1) 52 43 i o0 IR 7 14 O 1k . S8 48 MM Hal-
Bench 5 AMBER $&E - iff 47, HAx & &8 R —50. 7
BSUEHE A XA RIS, HA T “ K E SR 47 5 R
X A3 4 268" WiFh DPO S L B . 45 5 B /R 436 3 fF
7N AT RLUR B, A W 35 R 28 A T R AL Y £
PR TE TR R . 255 fTHH DU SR W 1Y 58 R IFAA T
RS T B AR R LT B i B ER R, SR A
PR BAT B g

BE AR, A SC & B [ 3 s 7EAS [R) 210 4 0 350 2R
FHEES . fF MMHal-Bench 7, ¥7 434 71 & 19 55 W A4 SR



%12 M X A [ FRS 5 RS R L BT A ST ) 5 A Bl B 1 £ 0 G A T 48 4569
x2 FEXLRER AT %
Object HalBench MMHal-Bench AMBER LLaVA ench | MMStar
TBET Rf
CHAIR, CHAIR, Score Hall. Acc. F, Overall Overall
VeD 7B 488 243 2.12 54.2 718 74.9 65.8 338
Less-is-more 7B 403 17.8 233 50.0 724 75.8 60.9 329
OPERA 7B 45.1 223 2.15 542 7522 783 60.3 329
CCA-LLaVA 7B 46.7 238 1.92 61.5 777 81.9 61.7 32.1
LURE 7B 277 17.3 1.64 60.4 735 717 36.9 333
POVID 7B 48.1 24.4 2.08 56.2 82.9 87.2 62.2 343
HA-DPO 7B 39.9 19.9 1.98 60.4 752 79.9 60.7 329
QWEN-VL 108 40.4 207 276 38.5 81.9 86.4 71.9 345
Silkie 108 27.1 16.4 3.19 323 822 87.6 61.8 33.6
LLaVA-RLHF 138 38.1 18.9 2.02 62.5 79.7 83.9 61.6 342
AMP-MEG 138 31.7 20.6 3.08 36.5 79.5 84.6 62.1 348
GPT-4V — 13.6 73 3.49 28.1 83.4 874 93.1 50.4
OmniLMM 128 19.4 10.9 3.06 36.5 86.5 89.5 65.7 39.7
+IFAA 12B 10.6 8.5 3.40 32.8 87.5 90.2 69.8 402
LLaVA 1.5 7B 53.6 252 2.36 51.0 735 717 59.7 333
+IFAA 7B 30.5 15.8 3.20 32.1 83.1 87.4 61.2 352
F3 TEIREETHMREST LS L %
o | RRRHRRA I | B KR | KM SR | 2 e AMBER
Score Hall. Acc. F,
— — — — 2.36 51.0 735 777
N x x x 2.44 47.8 74.6 78.1
LLaVA 1.5 N N x x 2.95 373 76.8 79.2
N N N x 3.02 357 82.2 85.3
v J N N 3.20 32.1 83.1 87.4

Jo kB3 X ATRE VR TR 3 i 2 K g R &
(Long-form QA)T:55 4 101 42 43 fif k4 K1~ A5 Bl T AR 7R
T A M P A R SR A R DT TS R RE
1M 7E AMBER P 3 H | DX 4346 4 2 5P 110 58 s X A5
TSGR0 B K J PR T 2 AMBER ) 5 K 552
PEFE A, DL BT X 24 2% 50 5| A LSRRI WAL
EA% T A 5 AR THAERR R IR XT38 .

AR S0 X Bk A AR BT ol FH A AP R L
THIAT T AR S ARE T

(a) TEA 01 5 45 43 55 4 4 5 S0P 0 Ui 24 v o] FH
GPT-3.5, HAH 53 145 43 ) o HE AR 26 il 5 )1 it A2
1) 3.6% 5 1.4%. 45554 A5 i S FERT Ry 52 b, o [
SR AN e FE I 29 6 h. KRR X A 9 R PR 780
A, AR SCR ML T 8 2 B 300 (Supervised Fine-
Tuning, SFT) 15 3| & A LLaV A-split 5 LLaVA-Fact,
22 N TAMKE 1000 AFEARGE T, HAUR 430 15 3 GPT-
3.5 98.4% 55 99.62%. PRI BE A FLAREE T DL
ERE % L IR R R

(b)) F5 M58 B OLSE 7 B e op 3 B Whisper 2547 35 40

PR, T4 5 B R 12.5%, FERF 29 12 h. (1 T
Whisper J FFJE AL, A fEHEHS B F ik 554 b, R
e A R EEE  AREE  ICR B L AR T L 3 3 i T B
L .

(2) 3 1 A Y [ P 5 A B A i G- 54k A BT L
SR F2 £t A= 1l P Al EL A IR e ) 9

H 3RS AL A B T 22 1 o AT B ) 5. R PPAl
AT, AR SCHE TR 4 kb e T ol A 3 2 R 78 ) D
T 5 31 VD B S A5 A B i % 7 ) i A R
BIFE . S LE LI, B VOD AR 5] S A A e 4
BEEUI 25 L0 B0 B BB 1 A, R BB TR o 92 4 A s
W75 3T [ 3R TR 0 D g 55000 DU RE S R R A
Fe AT BE , ELARR B A 7E Object HalBench %) 7] 2%
%] % CHAIR, 5 MMHal-Bench 4 % 1A £] 5 % (Hall.)
Febn L R E T .

(3) ROC i £ & & 15 FE B8 (% J7 6 02 5 3
B

ROC [l £ gl A1 1 805 BT a5 i 5 1 3R B i
A A SCHE T 8 A T A5 15 43 LB A R
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80 ~— self-feedback
-@- VCD
75
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65
60

1-CHAIRy/%

55
_-
S0 o7

1-Hall./%

45

4 000
Data Scale

1 : LY BEHT Object HalBench i) CHAIR #8475 MMHal-Bench ) Hall. #4547 5047 .
K4 T IFAAMES VOD M B b 45 19 DI 2R 25 50t He

6000 8000

(False Percentage Confidence, FPC) \ EL3E [ 43 b B 15
(True Percentage Confidence, TPC) VA M 3T ROC i £k
Z S PEICBE Y IE 8 11 43 LU A5 2 (TPC-ROC). 4
HRl DU T, 5 A Y A R IR AR L OR i 4
i T UINEARBOR . AR SCIA S 33X 2 PR A 12 5 s A 208 it i 2>

TR A A R, T e T UIRCR
F4 FERHBHAENRFBIENEEMERENZN A%
. Object HalBench MMStar AMBER
Tk
CHAIR CHAIR, Overall Acc. F,

FPC 33.5 17.7 33.8 82.1 86.9
TPC 31.2 16.9 343 81.9 86.7

TPC-ROC 30.5 15.8 352 83.1 87.4

(4)TFAA WSCAE A9 D 2o %oF B 2 5 o] FH 1 4 o At
SRS KA T A ) ] {5 2

IFAA B3 RBAE = A5 5 o e 1) 38 s 4 X 85 . o
U HZ AL fE J, R SCHTF LLaVA 1.5 7B AR A, 3 i
IFAA J7 i UEE T 4 000 4% 4% 54 , I %1 H DPO Jr
X T3 = AR B BRI —LLaVA 1.5 13B . Qwen-
VL 10B } MiniGemini-35B #4711 %% . [ 5 /R T 4545
RUTE Z A FE eI b o] {5 BE AR T 00 . SEIR S IR %
8 FH TR A A WA B4 i 2 5ot 50808 B8 08 A 3550 I AR AS [
MLLMs 7 Z FhPEI AT 55 B9 Z0 e R 42, 15 BH % 7 16 i
AR R LA R A R A M, BT T R A% 2R
MLLMs i 7] {5 &

(5)GPT3.5 RE S HEAEHI WG & F 5L M AE 55, Be A il
FHFF IR T G sk AR AR B 58 L% AT 557

GPT-3.5 5 A 3L fir fif HI B JE s B 780 LLaVA 1.5 1)
LLM #EH Y RE A 28058 BUHs 2 =5 SR 2 W . PPAl GPT-
3.5 W HERRE , AR SCREALIME 1 000 555 3Pk SRS 50k
o4 (NMF LR L EPBFFPEGESE A
B | R P TR BUd VAN %Kmﬁﬂéﬁﬁiﬂz
%”)i&ﬁiﬂﬂiﬁ,ﬁﬂ%ﬁ/ﬁﬁﬁ?ﬁmL 99.70%. HF354 X
ARG AT 55 R AR P T IR A 1.4%. %
3] A YRS A A AR M S R Rk vy T R BRI, AR S
HE— ] LLaVA 1.5 (4 LLM A5 il ik % — 4t 45 4

4000
Data Scale

25.2
| 14.6
I I

9.8
LLaVA 1.5 LLaVA 1.5 QWEN-VL MiniGemini
7B 13B 10B 35B

(a) JE7R Object HalBench 3&4E I (M%) CHAIR | FR#3

LLaVA 1.5 LLaVA1l.5 QWEN-VL MmlGemml
7B 13B 10B

(b) I AMBER 7 0 2% A9 A X F2 TR
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Please describe this image in
detail.

A LLaVA 1.5+ IFAA (T 48)

The image depicts a rural winter scene focused on equestrian activity. Two draft horses, one with a brown coat
and the other with a lighter brown or tan coat, are hitched to a horse trailer. The trailer appears to be an older
model, with a metal body and a wooden ramp leading into its open back area. The horses are wearing harnesses,
indicating they may have been used for pulling the trailer or other work. The person in the image is wearing a
plaid shirt and jeans, typical attire for outdoor work, suggesting they might be a handler or caretaker of the horses.
The environment is snowy, and there's a sense of activity, possibly related to moving the horses or transporting
them. The presence of trees without leaves suggests it's winter. The sky is clear, which might indicate cold but fair
weather conditions.

hiravais

The image depicts a snow-covered road with two horses pulling a trailer. The horses are positioned on either
side of the trailer, with one horse on the left side and the other on the right side. The trailer is attached to a truck,
which can be seen in the background. In addition to the horses and the trailer, there are two people visible in the
scene. One person is standing near the left horse, while the other person is standing near the right horse. The
presence of these individuals suggests that they might be involved in the transportation or care of the horses and
the trailer.

@ GpT-4v

The image shows two horses harnessed to an old, rusted horse trailer parked on a snowy ground. The trailer
appears weathered, with visible rust and wear, suggesting it has been in use for a long time. The horses are
positioned as if they are ready to pull the trailer, creating an interesting contrast between traditional animal power
and a modern vehicle designed for their transport. The background features trees and a clear sky, adding to the
rural and serene atmosphere of the scene.

N

Please create a story based
on this picture.

A LLaVA 15+ FAA (BTAR)

In the image, we see a snapshot of a local youth soccer match. The players are engaged in a dynamic play, with
one player in white chasing the ball, attempting to control it. The player in blue is closely following, possibly
trying to intercept or tackle. This scene captures the essence of a competitive yet friendly game, showcasing the
physicality and skill involved in soccer. The presence of residential homes in the background suggests that this
match is taking place in a community field, which is common for local youth sports leagues. Such fields often
serve as central gathering places for neighborhood activities and community spirit. The story behind this picture
could be about the joy of sports, the camaraderie among teammates, and the passion for the game that transcends
age and experience. It's a testament to the role sports play in fostering social connections and providing a platform
for children to learn valuable life skills through play.

& 11avA 1S

The image depicts a group of young men playing soccer on a grassy field. They are actively engaged in the
game, with some players running towards the soccer ball, which is located towards the right side of the field. The
players are spread out across the field, with some closer to the ball and others further away. In addition to the
players, there are a few cars parked in the background, likely belonging to the spectators or the players themselves.
The scene captures the excitement and energy of a soccer match, with the young men showcasing their skills and
teamwork on the field.

@ GPT-4V

In a small town where soccer is the heart and soul of its inhabitants, three young athletes from rival teams find
themselves locked in an intense moment during the final match of the season. The stakes are high as scouts from
prestigious sports academies are watching from the sidelines. The player in blue, known for his exceptional
footwork and speed, has just received a critical pass and is now facing off against twin defenders renowned for
their unbreakable defense. As he maneuvers with precision on the lush green field that has been witness to his
growth from an eager child to a formidable player, he knows this is more than just a game; it’s his chance to shine
under pressure and change his destiny forever. With every swift step and calculated dribble, he carries not only his
dreams but also those of his hometown that breathes soccer with every heartbeat. The crowd holds its breath as he
makes his move, weaving through the defenders with a grace that seems almost magical. The goalpost looms
ahead, and with one final burst of speed, he takes the shot that could change everything. The ball soars through the
air, and time seems to stand still as everyone watches its trajectory. Will it be the moment of triumph he has
always dreamed of, or will the defenders’ efforts pay off in the end? This match, this moment, is a testament to
the spirit of the game and the dreams that drive these young athletes to give their all on the field.
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