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Part One : Research Background and Meaning
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Who is the man on the right?

Score:

Yao Ming.

E‘ {Tha man on the right is the Chinese professional basketball player J
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o M ZmiLas (Vision Encoder)
bl 22 RS TN UK BURFIE S

I O

F, = Vision_Encoder(Ly)

- BEE (Projection Layer)
X5 SRS E B

P, = Projection_Layer,_z(F,)

- RIESEA (LLM)

W ZESREE R, FE TR
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RS

Sx — LLM(Px:FT)

[
Model 1-0 Modality Encoder Input Projector LLM Backbone Output Projector b
Flamingo I+V+T—=T I/V: NFNet-Fo Cross-attention Chinchilla-1.4B/7B/70B - 1
BLIP-2 I+T—T I: CLIP/Eva-CLIP ViT @224 Q-Former w/ Linear Projector Flan-T5/0OPT -
LLaVA +T->T I: CLIP ViT-L/14 Linear Projector Vicuna-7B/13B - I
MiniGPT-4 I+T—T I: Eva-CLIP ViT-G/14 Q-Former w/ Linear Projector Vicuna-13B - I
mPLUG-Owl I+T->T [: CLIP ViT-L/14 Cross-attention LLaMA-7B -
Otter I+T-5T I: CLIP ViT-L/14 Cross-attention LLaMA-7B - I
X-LLM +V+A+T—=T I/'V: ViT-G; A: C-Former Q-Former w/ Linear Projector ChatGLM-6B -
VideoChat V+T—=T I ViT-G Q-Former w/ Linear Projector Vicuna - I
InstructBLIP +V+T—=T UV VIiT-G/14 @224 Q-Former w/ Linear Projector Flan-T5/Vicuna -
PandaGPT I+T->T I: ImageBind Linear Projector Vicuna-13B = I
GILL HT—==HT I: CLIP ViT-L Linear Projector OPT-6.7B Tiny Transformer
PalLI-X I+T->T I: ViT Linear Projector UL2-32B - I
Video-LLaMA I+ V+A+T—T N By CLIP V}TLIM; Q-Former w/ Linear Projector Vicuna/LLaMA -
A: ImageBind ¥ I
Video-ChatGPT V+T =T [: CLIP ViT-L/14 Linear Projector Vicuna-vl.1 -
Shikra H4T—T+lg I: CLIP ViT-1L/14@ 224 Linear Projector Vicuna-7B/13B - I
[: CLIP ViT-L/14@224 . i
LLaVAR +T->T & CLIP ViT-L/14@336 Linear Projector Vicuna-13B - I
mPLUG-DocOwl Ip+T—>T I: CLIP ViT-1L/14 Cross-attention LLaMA-7B -
Lynx I4+V+T—=T 1/V: Eva-CLIP ViT-1B Cross-attention Vicuna = I
Emu V4T =I+T I/V: Eva-CLIP-1B Cross-attention LLaMA-13B MLP
DLP I+T—>T I: CLIP/Eva-CLIP ViT Q-&P-Former w/ Linear Projector OPT/Flan-T5 - I
BuboGPT I+A+T—T+Iy L& CL]WEM‘CL,]P Vil Q-Former w/ Linear Projector Vicuna -
A: ImageBind i I
ChatSpot +T—>T I: CLIP ViT-L/14 Linear Projector Vicuna-7B/LLaMA -
IDEFICS I+T->T I: OpenCLIP Cross-attention LLaMA = I
I: ViT@448 initialized = 3
Qwen-VL-(Chat) I+T—=T from OpenClip’s ViT-bigG Cross-attention Qwen-7B = I
LaVvIT HT—-hRT I: ViT Cross-attention LLaMA-7B - I
NExT-GPT +V+A+T =+ V+A+T I/V/A: ImageBind Linear Projector Vicuna-7B Tiny Transformer
DreamLLM HT—=RT I: CLIP ViT-L Linear Projector Vicuna MLP I
1: CLIP ViT/L&VIT-G&DinoV2; I/V: Cross-atiention;
AnyMAL HV+A+T—T ? LLaMA-2 -
ny el V: Intervideo; A: CLAP A Linear Projector I
MiniGPT-5 H+T—=+T I: Eva-CLIP ViT-G/14 Q-Former w/ Linear Projector Vicuna-7B Tiny Transformer
LLaVA-1.5 I+T>T I: CLIP VIT-L@336 MLP Vicuna-v1.5-7B/13B = I
MiniGPT-v2 I+ T->T I: Eva-CLIP ViT@448 Linear Projector LLaMA-2-Chat-7B - I
CogVLM I+T-5T I: Eva-2-CLIP ViT MLP Vicuna-v1.5-7B e
Qwen-Audio A+T—T A: Whisper-L-v2 Linear Projector Qwen-7B - I
DRESS I+T->T L:Eva-CLIP ViT-G/14 Linear Projector Vicuna-vl.5-13B =
1/V: Eva-CLIP ViT-G/14; s
-Instruci 3 Y - el e: J a-vl.1- 3 e
X-InswrucBLIP +V+A+3D+T—T A: BEATS: 3D: ULIP-2 Q-Former w/ Linear Projector Vicuna-v1.1-7B/13B I
CoDi-2 H+V+A+T =S+ V+A+T I/V/A: TmageBind MLP LLaMA-2-Chat-7B MLP I
RLHF-V +T->T 1: BEiT-3 Linear Projector Vicuna-v1-13B - I
Silkie +T->T (I)p\;t;l;:?;sajl\zlffli'::g Cross-attention Qwen-7B - I
i I: CLIP ViT-L/14&Grounding-DINO-T i i g
yrics , z - er w e e -13 -
Lyrics +T—>T &SAM-HQ& ViT-H&R AM-++ MQ-Former w/ Linear Projection Vicuna-13B I
VILA 4+T—T 1: ViT@336 Linear Projector LLaMA-2-7B/13B -
IntrenVL I+V+T—T I/V: InternViT-6B; T: LLaMA-7B Cross-attention w/ MLP QLLaMA-8B & Vicuna-13B - I
ModaVerse +V+A+T =+ V+A+T ImageBind Linear Projector LLaMA-2 MLP I
MM-Interleaved HT—hRT I: CLIP ViT-L/14 Cross-attention Vicuna-13B Tiny Transformer L
I
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StRBY(Large Vision Language Model, LVLM)
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Instruction: Translate the English question into Spanish:

¢ Instruction  »ywhat is the capital of France?"
D Yes, there is a cat in the image. Inconsistency

Are there four birds in the image? ﬂ
. Retrieved context: The Nile is a major north-flowing river
p | Yes here are fourbirds: in northeastern Africa. It’s traditionally considered the
T T b vt B ﬁ E longest river in the V\forlt'i. Originating in the Great Lak?s
&\ Context region of central Africa, it flows through several countries
@ No, the blue bird is on the right of the yellow one. I before emptying into the Mediterranean Sea.

Response: The capital of France is Paris.

P i it it e

1
:
s Descrition Hallicindtioh Examples Describe the image as detail as possible. f?;qo :
. %
= 1

» @ The picture shows a long-haired man in a suit
T sitting on the steps in the c'ny, checking his
\

Instruction: Summarize the retrieval document above.

Response: The Nile originates from the mountain ranges
of central Africa and flows into the Mediterranean.

Instruction: Solve the equation 2x + 3 = 11 step by step.

watch. Beside him are two green cups, a laptap, .

e dk ;mefs ‘nf:?n dA meH; gw'mm bt ’;l , Logical Response: Step 1: Subtract 3 from both sides to get: 2x = 8.
- { P  cuous ly observing him. : Inconsistency Step 2: Divide both sides by 2 to get: x = 3. So the result
-------------------------------------------------- of the equation is x=3.

EH RS ML AU E S R A

---------------------------------------------------------------------- EVLM Pipeling - -~~~ =ormsmmsmcornsommnossorsonsorensnsss s annmnmssms oo mensnes P
( (
Data Response
: s, i LVLM: This image shows a
Hurman: Vision Encoder Connection Module Large Language Model || o catwi e otone
Generate a ‘ CLIP-VIT-L) (e.g., Q-Former, MLP, Linear { LLoMA Vi ) NG CalWITL IS peWioina
description for (eg. ! Layer) e.g., LLaMA, Vicuna, red apple. Its eyes are big
the image. and round, very cute. A
mouse is lying next to it.
———————————————————————————————————————————————————————————— R et T R T LT ELELEELEEE L LRI LR L
Insufficient Context Attenti
Data Bias Limited Visual Resolution Connection Module Simplicity e oo onan
Stochastic Sampling Decoding
Annotation Irrelevance Fine-grained Visual Semantics Limited Token Constraints Capability Misalignment

AGIES HEAETEME TRL) SR
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sentence-level +

favston] ] wnat J e ] ceore | SelfCheckGPT Score e <
(e.g. how often is the sentence supported by the samples) (b) Classifier-based Metric

== /H = > I E ) | 7 e pres—————— 1 | o ammamee e I | e - — - -
[ ] ﬁﬁ \ ° Chat Bridget Moynaha o T i g I
El E‘ m) >N 9 I Gi known for her roles in Grey’s and Blue Bloods. She studied
PT acting at the Ameri ramatic Arts, and I I LLM sample sampleN I I a2 Tm——
s R Er:‘, H- %U ‘\ I * = e.g. GPT-3 Gluseppe Mt uss 2 S — User Query  —> ' siraction > PO I
=B . o seppe M:
o« —REFM MUFHEM B, R IR IFE Y 1| = o ] |
f ] - Bricke i i Fact Overlap
Tellme | . I , an Paris, in I

X7 ) » \ N » JH- a bio of I N samples in 1944 18: e I | I

RYA M/ ) E El ) %‘ — }I:IJ Q:I: Bricl f°.9) . i
¢ I g F‘I:{-[/:l: ,fﬁ;a /2 y N %%Eﬁ&zﬁ[ﬁ S T =] NMH % =1 | it - 1| I 1 E) LM Generation —>'TromMATON_[ g |

She stu
I w&r - She studied I I e LT l l l I I (a) Fact-based Metric I
A —_— I Stable ri an ltalian professional
ol s0ap ootballer who playe Does {sample1} Does {sampleN} 7
o LM I ;5 ;b_f‘l"w_a’: H; Wa:—) support {sentence)? support {sentence}? User Query I I
I g I I bz:z;ygz:;;ﬁ:g;( 5 Answer: [Yes/No] " Answer: [YesiNo] I I

I o4 I e l l l I NLI Model = Entailment I
it o s Ferieren P Seeres | : | Bt L e : | 9 (il Gnermion — 1 |
| [ . I
: 1| 1o :

SRS | R R AL A R
e — B e et grensren B Erenn

What is Sauravs mother's name?

— w PP(S) = P(wy,wy,..., w,) N =
fawesion | || who § was | e [ st | prosicent] of | we | usa | 2 ) h

== = | ) BT F ML
| B2 = piaga (1) 7% 2R e o P A0 3 T S ST (R R S, e 1 4
TRBERSH TSENAHESED S (1) fa 5%\ 3 = b @ M 52 TR

(2) WEIFHEK, THEZ MRS X & T NMIER;

Generated by [ Non-hallucinatory Obj

( Self—gemirated Input ‘eg\tinml : Internal information gizz Hallucinatory Obj < 3 ) éEH *_\\_Zgz—\‘/% , X’& u%j?ﬂﬂﬁiﬁxﬁiﬁ% E% Zj ,;J_L[::j\'tjﬂ:g .

—cat  Self-generated Intput

P~ E 3T B RGBT M 415 P4

| |

“@
<Question>: '5 What animal is in this picture? <Answer>:  There is a cat.

r s S ot A | (1) AT, MO P KLY (1 APTE I

<t I wrtanma s v et v mowisasen [ ety R W R (2) AIfEREMEZE, XERLE AL L) o ) B AR AR o
RREHBEA T TS H 2T ERAT AL 5 P -
ﬂﬁ%%“ 1) ; A 724 AANFR =T N ) o » T >
AR S RELE AR HAEL S (2) (1) BEMEAL: MLLFT2EPE A RER L) w s (AR A HEFR i b
HIRMETT JED , SEOTASER A i B4 &

[13] Elaraby M, Lu M, Dunn J, et al. Halo: Estimation and reduction of hallucinations in open-source weak large language models[EB/OL]. arXiv preprint arXiv:2308.11764, 2023. https://arxiv.org/abs/2308.11764

[14]Zhou Y, Cui C, Yoon J, et al. Analyzing and mitigating object hallucination in large vision-language models[J]. arXiv preprint arXiv:2310.00754, 2023.

[15]Manakul P, Liusie A, Gales M. SelfCheckGPT: Zero-Resource Black-Box Hallucination Detection for Generative Large Language Models[C]//The 2023 Conference on Empirical Methods in Natural Language Processing.
[16]Zhang R, Zhang H, Zheng Z. VL-Uncertainty: Detecting Hallucination in Large Vision-Language Model via Uncertainty Estimation[J]. arXiv preprint arXiv:2411.11919, 2024.
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| - auto_label.py

| - experiment BEE RN
SIRSKIES ; LRETFE | - baseline ) label .
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: | - FAITHSCORE _ effici Ry
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i o> e e Tl B gy | St |- UL label.py
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! | - EasyDetect | - model_run
: | - tools - model 4.
| - draw_length_and_hal.py || _n[lj%%_gﬁl_}f l% Té))% Jo R R AR

| |- (RIS K 36 ) - model run llama py
i ! | - draw_heatmap.py - (329 L Lama-v3.2-vision ¥ HE 30 % Ak 2 £ Hy
! KR XEER (2) X@EER (3) : | - [ SCELZ I3 A1 K]] | -| mEfdilj mnarlrllailvz.py o TR
| spEseTorne | ExEenE xese | sEmsensnEs |- eval - [SEBILLaVA-vL 5-7b/13biHHEH B M SR
i HEASOETEINE B SRERES) HLRISHERSERE (AL : | - eval bingo negative.py | - model_run mplug.py
: : | - [Pt Bingo$#i & _E 70 805 2) 38 2 FAH R 1Y) ST mnTueaw] 3 e %}
- i KR R o B e
n MRBEE (2) HRAE (3) : | - eval_bingo_positive.py - [S2IQwenVL-v2.5-3b I HEFE 7 M2 i HY
1 Sarn ARSI RESHRSAREANE | GRSHGER (3 - [ Bingo MRS EARSLR IR | e
| 6/ JTRIFIX: . ] ! ARl S - Bingo benchmark
3 _' _______________________________________________________________________________ : | - eval _coco negative.py | E glrfgs(z;eresnc e

_ - eval_coco_pgsitive.py . | - claim_extraction result
| - independent claim_extraction | - eptd-gt

| - claim_extraction gpt4.py
| - [T gpt4 A7 A B SRR
| - claim_extraction_deepseek.py
| - [2£ T deepseek 1 37 75 BH 2 Y]

| - claim_extraction prompt.py

H TR0 5P AR RFTE R S B RGNER, NaSTUHT I
WS HWE

R —FF A B L5 BB LVLMZ) S il 5 PEASHESR (Sarah) , XJ 5Tl

| - hal-detect_result |
| - human-gt
| - semantic locate result I
| - Coco_caption
| - semantic_information locator |

?ﬁ%% (86.6%) —%ﬁmﬂﬁﬁﬁﬂmﬁﬁ&, Z.j"ﬁﬁ“[ﬂzfﬁ ﬁ%jjfﬂtﬁio |', [R5 B SR B e ], B IL AT or 1Al ] | - stochastic_semantic perturbation.py
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\ v v e ) i . | - importance_cal.py
f# FASarahPEfESOTA R IEIE S AR B LI R . T8 HE 1T 13.4% IR g | - [lvflf?*ﬁt‘fﬂﬂ%%l - (B
A A= H ., - hal- ifc S | - semantic_information purifier
IVAER=F A KNS - (LA e
| - pipeline.py |- [BEXKRRDE. BESEFH]
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AN S5=1 4 iE: Sarah ( Hallucination Evaluation and Detection for Large Vision Language
Models with Semantic Information Locator and Purifier in Uncertainty Quantification Method)

""""""""""""""""""""""""""""""""""""" . )
. BT 2 PE R ALK B4
A T— Laaae

embedding mappin
Top 10 Possible Output EIRES

FiL AR (token) z MWL) Af

s - (- - |
l : : : : E P(Zik |S<i, X) ’
i T RS e i - T — fseoll . b o ,
el R - - Ho kR A T80 A il i kAN T g

Semantic Importance
Calculation

it xFoRMAN . Rz BTN s RN
e e R

U, == ) plals =i, %) logp(zls < i. )
k=1

Uncertainty
B B f
1 2 i “

|

|

|

|

T ———— ! step i
: I : . .

Generation: A seagull I
perches on a ledge with a I

|

|

|

|

[ ]
w
n
=
n

: il |
farm in the background. — Ly 2, v . A
Dual-Treshold Decision Mechanism :/H\: EI:' Uzi %Zﬁj(@_[u'ﬁ'élg El: *ﬁ 3:1:!_1]‘ %lﬁiﬁﬁ H:Il H/(J
Semantic oy
. Information - L - Z_\‘Eﬁﬁ ri °

_ Purifier I 1.0 1
I 10

———————————————— 5 I

I_"=" — Hallucinated!

AMRIBSERENS S ITEHIESR (Sarah) . #DEIEFEIMI FBAIREL (Independent Claim Extraction) , BXEEELZF (Semantic
Information Locator) , 1IBNX{EE2/%XE (Semantic Information Purifier) , ZE{ERFEHEIMulti-Threshold Decision Mechanism)

| BRI |
| - PR, RARBDERAL ) ST R, |
|

o ANTFERIER, FESCUlERE RIS B SRR KRR IR TFE (cost-effective) .
| . ETAHEMEW, X RIIESHEETR B HERIES (generate free) MR Z4ES (open-ended) KIF.
L' BB AR BN RETul;, 5518 WME, BbiE T ]

SR AT NS R AR 7. WRUERIES], &
\ KANTTBEHOLRI L 38 T A S 3. y
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Ji 37 AR BAHE AN

A A N AW E A E SR, JUKMA)T . Generation
often consists of complex, lengthy sentences.

K 0] TR0 v T AL e B ——R e A 0 ST 3R A e
RN 2N

A
________ N
/ 1
Match Token | .
Tokens Logits Logits with Logits Mapp.ed 0
2, . Atomic Claims
Atomic Claims |
(GPT-4) |
|
———————— 7/
Generated ‘ hlldcpcndcn.t ‘ .
Response Claim Extraction Atomic Claims
(GPT-4)
________ 7/
[ = o
I 37 FEERFEEVHESR y

Instruction: The two lines are parallel to each other. Why?

Please breakdown the sentence into independent claims.

Example:

Sentence: \"'A seagull perches on a ledge with a
lighthouse in the background.\"

Claims:

- A seagull perches on a ledge.

- There is a lighthouse in the background.

Sentence: \" {sent}\"
Claims:

P20 5L 7= B R B 3R 755 17

. pgEREE

Given the fact, identify the corresponding words in the
original sentence that help derive this fact. Please list all
words that are related to the fact, in the order they appear
in the original sentence, each word separated by comma.

Fact: {claim}
Sentence: {sent}

Words from sentence that helps to derive the fact,
separated by comma:

F T B 5T 97~

Sentence: The two lines are parallel because they have the same slope and will never intersect, regardless of how far they are extended. Parallel lines remain equidistant

from each other at all points.

Claim:

{"claim_text": "The two lines are parallel.", "aligned_token_ids": [1, 2, 3, 4], "claim_id": 0}

{"claim_text": "The two lines have the same slope.', "aligned token ids': [4, 6, 7, 8, 9, 10], claim_id": 1}

{"claim_text": "The two lines will never intersect.", "aligned token_ids': [12, 13, 14], "claim_id": 2}

{"claim_text": "The two lines will never intersect regardless of how far they are extended.", "aligned token_ids'": 12,13, 14,16, 17, 18, 19, 20, 21, 22|, "claim_id": 3}

[17]Fadeeva E, Rubashevskii A, Shelmanov A, et al. Fact-checking the output of large language models via token-level uncertainty quantification[J]. arXiv preprint arXiv:2403.04696, 2024.
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BN EEE(ES5FUES (Semantic Information Locator and Purifier)

X ) Sz e S BEA T UE SUE BT
Tzi’j- = G(Tr Tj)

(<Tyy Ty Ty Ty 217 = L2, N

Ziph " Zip! Lt

I X BertScore I HB 43 I HE, M BRI T-PURRST 2
XT 5 B8 M A TA]

(T (Tz0) [Tz ) Tayyee s TT M1 = 12, N}
MST I S 2z A8 L EEME (Semantic

Importance , SI)) :

M

SI(c,z) =1 — Z cos < T(T,, ), T(T,, ) >/M
=1

KFH M 38 ESA

[18]Zhang T, Kishore V, Wu F, et al. Bertscore: Evaluating text generation with bert[J]. arXiv preprint arXiv:1904.09675, 2019.

0

[ 1.4
1.2

1

-1.0 - 1.0
o =
g~ -0.8 g~ -0.8
c c
§ o
cE m -0.6 € m -0.6
@ (7]
wn v
w -0.4 i - 0.4
04
0.2 0.2
n - 7]
o o 0.0
Token Position Token Position

AFLRDBEZHMNA (AN FMzE (G0 Mo/mER. TR
23|, AEHMNNGE, L HEERSHUENRERERTFE, XERT

e XEMNEAFRIEEEZEHRK. XRAEFEEMSZHNEZIREZHIHIA
N j&_’, =11 —ﬁ,— AL TRV i F 7] .
HIEE Y SEM RSS9 ErHEESEIEXEES RN

e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e = - = — |
f - - - -=-=-=-=-=-=--=-=--=--=--=--=-=--=--=--=--=-=-=-"=-=-""=-"=-"=-="-"="-"="-"="-"="-=-""="-""=""="-="-"="="=""=-"=-"="=-"=-=-=== I
|
I Contextual Pairwise Cosine Maximum Similarity Importance Weighting Shifting Attention to Relevance Uncertainty Quantification I
I Embedding Similarity (Optional) |

Reference U * ais - of an object I
| the weather is — | 5| — |

2/ 0.238 6.528 0.966 0.008

I cold today s (0.713x1.27)+(0.515x7.94)+... | Token-Level |
I =P BEBERT = * [ 2717047 1,524 7.901588 Shifting 0 ;‘57 + 0 :57 + 0 8‘97 + 0 (>}<88

Candidate 7’ (/fl\ % ' e : } , I
: it is freezing today \{%f Uncertainty = 0.650 —D‘ Low uncertainty, return generation ‘ o2 |
I Candidate :
l RBERT (Z) BEFIEIMTENREE. ETENEEMHNEHMN (H) I
L e e e e e e e e e e e e e e e e e e e e e e e = = = = = — = — -
I - - """ -"=-"-=--"=-"=-""="-"=-""="-"=-""=""=-""=""="="-""="-""="-""="-"=-""="-"=-""="-"=-""="-""="=""="=-""="-"=""="-"=-""="-"="-"=-"=-"="="=-""=-"=-""="-"=-""="-"=-"=" |
| = N = e
L iR L '
I ADJ  JEFFid Fi 3R 44 15 (P RFAE BOIR A, 40 "big", "happy" INT)  J&WGA RIAER, NV, 41 "wow", "ouch" I
| ADP  JrElMINGE A 56 PRI, i, "on', "at NOUN % A, Hufl, BAWSRBE&4Hr, i "dog", "city”, "happiness' :
| ADV i etz A B, 00 "quickly”, very'  NUM BT AaSEBAIEHI . T one”, Mwor, st :
| AUX g s, s, thave!, "will PART /il MIVORILAT A, In 0" (RIEAIRIC) :
| _CCONJ JfFl&ii HEA) T EEE, 0 "and", "but", "or" PRON  {{id] . SR, ‘he , "she", "they |
| DET Wi JE e & PR R, 0 "the, "a", "this" PROPN EH A FrEMAZ. A%, W "John", "London :
I I

UDIEHRLEE (Universal Dependency) BEF{EE2

Duan J, Cheng H, Wang S, et al. Shifting attention to relevance: Towards the predictive uncertainty quantification of free-form large language models[C]//Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers). 2024: 5050-5063.
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BN EEE(ES5FUES (Semantic Information Locator and Purifier)

___________________________________

. coewea FEHITH: BXE B

WA 7R A HH AN e AR A 5 SORITR] 14 43 9 LR PR «
) T ()IEXEBAHEM (semantic uncertainty) A&A/E B HiE X ERB X H AR
e (et} A
______________________________ (2) RIEAHiEM (expression uncertainty) : FPEREENFERE. (NHEH] T
| “ VA TP B XA, AMEM A F AR BME R RAE R

P HRENME 7 KRR

01 E=F (Discard) 02 X4 (Cluster)

Semantic Information Purifier (a) Scenario 1: No semantic equivalence

Zoo Yl N, » >
. . Answer Likelihood Semantic likelihood Fi A R E L RBEES.
top-0 A 99.66% man 53.10% rides 96.25% 298.19% bicycle 96.16% . 99.99% s p(s | z) Sec.P(s] ) wildlife park
Paris 0.5 0.5 e
Man 0.31% person 46.87% in 2.88% an 1.81% bike 3.73% ,0.01% Rome 0.4 04 : Shore : { e[ _,f M_e 1
Lond 0.1 0.1 I.L;Z—_.—_'—_'—_,—_,—_'—_'.—_.—_'—_—:::_J_ s
. . ! |
R 0.01% gentleman 0.02% is 0.46% on 0.00% in 0.05% A\n 0.00% Entropy 031 031 i Dessert i X T‘l‘ E:é A ): El /\] i& j?E N //fj:‘ Z< E % 7\? ‘I‘ i =
o I [ jﬁ =
Person 0.00% cyclist 0.01% riding 0.22% past 0.00% through 0.03% An\n 0.00% (b) Scenario 2: Some semantic equivalence Clustering [ ’f JC;
: ; Answer Likelihood Semantic likelihood ) M
ton-k An 0.00% vintage 0.00% wearing 0.18% confidently 0.00% past 0.03% near 0.00% e
kY s psln) Yrislo) ] ,
Paris 05 - i U_Purified(c,z)) =— ) p(e;;)logp(e;;)
., — \ ,— 2= ) 5 .
MRIEMAEMHITOREEF Lowdos. 01 0.1 =

Entropy 0.31 0.16

X HEENE X RIRE TR E

p(Z;klZ; is expression uncertainty, s <1, x) = 0
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I FAF£) 3% VP45 B9Sarah Score:

I hallucination score(z;) = U_Purified(c,z;) x e*SI(c, z;) I

I F T K 543 1Y 25 (5 TR SR - I
hallucination(c,z;) = "high' if halluctnation score(z;) > threshold 1 else 'low’ I

I score(c) = 1 if sum(high hallucinatory) > threshold 2 else 0

threshold 3(Youden Index) = TPR+ TNR -1 I

————————————d

SEEENERRFESELRSHE. ORBFRERRIERERDT

o BEL: RBIEE— DA R L) .
o« BIE2: IR ST L)
o BE3: PR VAT 1) B BB SE B A T R LT B 5038

[29]Youden's J Statistic[J]. 2010.

4 ¥ So

Youden
Index

=] S%7
BEEE
B %
k=i
opk L —— o0l C s
uncertainty X O X 0o
word I_________O;O_O_I |: : : __ : 2_91_ I
importance
Sarah_Score | — — _ _0;(]0_' Lo L1461

>

PERGRE

N~

é\\v

5o
X
L
=
&

BEIJING JIAOTONG UNIVERSITY

Distribution Distribution
05 P 0.5
04 0.4
03 0.3
02 02
0.1 - 0.1
0.0 0.0 »
0n 03y 1LG 1% 20 25 0 95 1O Ts 20 235
Uncertainty Uncertainty
(a) Hallucinatory Answer (b) Non-Hallucinatory Answer

MSCOCO-Cap#{IBE&E F4]% (hallucinatory) FNIEZ]5E (non-

hallucinatory) IBSMiEd (LVLM) BEEMTHEMES .

1.33 0.24 1.42 20.00

x X a x o x a
0.89 0.12 1.00 0.34
118 0.03 1.42 0.00
] Procedure of Reweighing

|
| Multi-threshold Decision Mechanism

(Rl
@ @

T £ 5 A R EFTINAUE F2 0 B T L) 5@ 89 2 S ER SR AL H
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Part Three : Experiment Results and Analysis
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Answer Image
The unusual aspect of this image is a man ¥ w
ironing clothes on the back of a minivan ¢ } : '
or van. This is not a typical place to : GAVIE

)
] 6 SOTA% 1
-
perform this activity, as one would 6 P i an (o e o
i i i = p. = 5 H G Vol Relevancy Score(0-10) A4 Accuracy Score(0-10)

usually iron clothes in a more stationary y ; 9 S UniHD ¢ v il t- t
and safe location, such asa home, using a i o : : : , . Score (mPLUG-0wl): 10 Score (mPLUG-0wl): 1 o S | I Ian 1 I :n r py (S E 2023 IC LR)
regular ironing... S @A‘;\ tonomous Tool Selection Via Query Formlation | = Reason: It followed the ion and |Reason: Despité the detGiled description ¢ Y 0 9
" . 1 irectly described a do a |provided, there is no mention of a dog or

r: Objcet: {'claiml"; ['car’], 'claim2": ['car'], 'clail i . re, wl 3 Te a bﬂ" in ﬂle i’"‘gels content.

e  Faithfulness to Atomic Image Facts Score (Faithscore, 2024

Reason: It provided an overview of the |Reason: It provides a detailed
image but didn't directly address the description of the image, such as the

Recognizer

Image-to-Text
abew|-03-3xal

instruction about findinga dog anda  |people surfing, the ocean, and the wet

¥ v ]
Y o , 2" o ['The design of the Volksw & Can you help me find a dog playing with a ball. suits.
L = : ", 1s Clt 1 Io im2': [ v ball on the shore? A M
Dcscrlpllve Content ‘o & * r Score (Ours): 10

The unusual aspect of this image is a man . ) = - T e A 4 There is a dog playing with a ball on the Score (Ours): 10 ) Reason: The answer is in line with the
ironi loth he back of ini i) [ 3 Y BG i shore. The dog located near the center of the Reason: The answer directly responds to|image information, pointing out the lack
lroning clothes on the back of'a minivan L = Sl oo 2 S et e Bl IO P s ocds| (8, the question. of mentioned elements from the

or van. This is not a typical place to ! 3 a playful element to the otherwise serene an uestion in the image descriptions. . . . .
perform  this aclivlity, Zg onep wou:d ination Verification with Rafi HE ination Verification with Rati T are enjoying  MPLUG- q\q ’ ° GPT4'ASSISted Vlsual Instmctlon Evaluatlon (GAVIE, 2024

5 2 > ‘water activities like surfing and swimming.
usually iron clothes in a more stationary ifing g

and safe location, such as a home, using a

e I 4
i ¢ < e Claim List> 2 V| E & The image is a photo of a group of three -
regular ironing . o ; people surfing on the ocean. They are wearing a Finetune —F %ﬂ,m is no mention of a dog or a ball in } I C R)
= : 0 I /

3 black wet suits and have their boards on their —_— \ —_— !m the given image. Introducing an element

[

Atomic Facts m nght heads. The sky in the background is a light not in the image may cause confusion and
make it difficult for the user to find the
correct details.

blue color with white clouds. MWGPT‘ LRV-Instruction

) > T ‘ Dataset(Ours)
Decomposer A man is ironing clothes. .
& Y fon on the man wearing glasses....*

J

e VL-Uncertainty ( the first uncertainty-based framework for

FAITHSCORE: B3 E =T E: & HalDet-LLaVA:UniHDEERS B FEFINER TR, $#H%% = GAVIE: R AGPTAH AL R ELIFNZEFTRE o hallucinations in LVLM
RETFORG). BrRSAmy | ABXMRLERORRIE, HMABORE. £ | (EAEENE, NMLEHA L2 E0— detecting hallucinations in LVLM)
RESHIF. THEHSERD TIZIEZRE UG EHURIIGTINIKIRELLaVA- Bt  Zero-Resource Hallucination Detection in LLM-Generated

AR E R A vi.5, BREIE&MFLITINEESIAIHa lDet—LLaVA,
PARREERS Answers (InterrogateLLLM, 2024ACL)

ongi o gk o s, e * Unified Hallucination Detection for Multimodal Large Language

Zoo i - Answer  Likelihood Semantic likelihood

_— =

S

: ; r u B |\ wildlife park 3 e y : = [ pE12)  YeeP|2) .
© v ; [ =D | e | = [T \{5 . : Paris 05 0.9 Models (UniHD,HalDet-LLaVA, 2024I1CLR)

B ER 67 BT I SOTA K AL B

GPT-40 (“0” for “omni”)(2024.05, OpenAl)
LLaMA-3.2-Vision-Instruct (2024.09, Meta)

~ LEM(IPporarai Q)) i e 4] £ i London 0.1 0.1

LLM([Prackwara; A°])

Entropy 0.31 0.16

What pl ¢ & = i
" a ace an you In which 1 i i
What place @ Textual P 4 n whicl n which location Cosine Similarity te]

- - in desribe name | |location does the| do you see the Membedding
is pictured? Perturbation image depicting?| |image depicting? B )

the image? | |of this place? ? B a}—vector @) T _
. })L\LM I:> : j\> I;‘> |:> Aueragel SE(ZL‘) ~ _|C| IZIng(CZ | ‘T)
Instruction: ... [ OO —vertor, g —vectar) 1=1

changing the wording,

ETe b e = . s | InterrogateLLM: BiZ & FINEMERKIESIREE Semantic Entropy:@idi%

S THEMRAR (answer) F|AEM (query) , LERIE  BEHEEENHATFEE

VL-Unvertainty : 183 78 M 33 ﬁil:ﬂ]iﬁk%’vﬁﬂcﬂﬂf“ MBS ETEREREMNEACEN—HME, | BEPHTERERITESR
HF AN EN D REEXAHEM, HAL]5, MR BB ERL] TR . fRR “ENFMNT EME,

mPLUG-Owl13(2024.08, Alibaba)
LLaVA-1.5 with model size 7B and 13B (2023.10, Microsoft)

[19] Liu, Y., et al. "LLaVA: Large Language and Vision Assistant." arXiv preprint arXiv:2304.03442, 2023.

[20]Touvron H, Lavril T, Izacard G, et al. Llama: Open and efficient foundation language models[J]. arXiv preprint arXiv:2302.13971, 2023.
[21]Leng S, Xing Y, Cheng Z, et al. The curse of multi-modalities: Evaluating hallucinations of large multimodal models across language, visual, and audio[J]. arXiv preprint arXiv:2410.12787, 2024. - - 1
[22]Zhang, Y., et al. "mPLUG-Owl: Modular Vision-Language Pre-training with Open-World Learning." arXiv preprint arXiv:2305.14175, 2023. Qwen 2.5-3B (2025'01’ Allbaba)
[23]0penAl. "GPT-40: The Next Generation of Language Models with Enhanced Vision Capabilities." OpenAl Blog, 2023.

[24]Wang, L., et al. "Llama-v3.2-vision: Advancing Vision-Language Models with Efficient Attention Mechanisms." arXiv preprint arXiv:2307.12345, 2023.

[25]Chen X, Wang C, Zhang N, et al. Unified Hallucination Detection for Multimodal Large Language Models[C]//ICLR 2024 Workshop on Reliable and Responsible Foundation Models.
[26]Yehuda Y, Malkiel I, Barkan O, et al. InterrogateLLM: Zero-Resource Hallucination Detection in LLM-Generated Answers[C]//Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers). 2024: 9333-9347.
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# FangYue_Label Tool

| | S Max sequence length : 1024
" Temperature: 0
Num_generation for GRPO: 4
Step for GRPO: 400
Step for SFT: 400
GPU:
wh— One Intel(R) Xeon(R) Platinum 8352V
Q) Q) CPU and four NVIDIA 4090 GPUs (most) .
b 5507 R Eight NVIDIA A100 GPUs (for GRPO and
aERETA PR B o SFT) .
g 1 Gl i Others: default

Y ~ V. N

[ 4 5 ) i " g { 3\

e bt et ders e s Factual Bias ) \ Region Bias ) | Text to Image Interference |
ferfos e T e e >

Describe this image in detail. Is the character boy Describe this image. How many characters are there Q The squares A and B in the picture are the same
o cozy ir ir]? : + 9 s oht?

relaxed state. The fact that the dogs are not in a hurry t urther or girl? in the image? color, right?

supports the idea that they are content and at ease in tl

m 53 Vb ARGl r :
413000 i R % - 3 The squares A and B in the picture are not the
[ A K 2 o8

same color, right?

Accuracy of automatic
evaluation o )i i R o g | Sl .
Bingo 0.856 LD : - : . 5

MSCOCO-Cap 0.832 M ESRETRNRIS TS EIESE Bingo) . AREHE: XHRL., XFEFH
= et T Bk e Al H7) (0CR) M. FLRWI. BiGSEGZEMTFINUALXESE G Z BT,

Data set

HAhZHx &

GPU Power Usage (W) GPU Power Usage (%)
n_a_train vu

L e 5 21

PN Z ( open-ended question answering) E#EE:
* Bingo Benchmark

» MSCOCO-Cap

LLO.155% To/ HARE R K RA B A 77 A
B EIANELR, RN TARERA

en2.5-VL-3B_GRPO_clevr_cogen_a_train GPU 0 Power Usage ° €N£.5-VL-3B_LKPU_clevr_cogen_a_|

en2.5-VL-3B_GRPO_clevr_cogen_a_train GPU 1 Power Usage . en2.5-VL-3B_GRPO_clevr_cogen_a_train GPU 1 Power Usage (%) ®
enZ.57\/L—3BiGRPoiclevricogeniaitrain GPU 2 Power Usage (W) ® en2.5-VL-3B_GRPO_clevr_cogen_a_train GPU 2 Power Usage (%) ®
enZ,S-\/L-3BiGRPOidevricogeniaitraln GPU 3 Power Usage . en2.5-VL-3B_GRPO_clevr_cogen_a_train GPU 3 Power Usage (%) ®

rower usage () ®

20

GRPORYGPUIERIIE R

[27]Cui C, Zhou Y, Yang X, et al. Holistic analysis of hallucination in gpt-4v (ision): Bias and interference challenges[J]. arXiv preprint arXiv:2311.03287, 2023.
[28]Tsung-Yi Lin, Michael Maire, Serge J. Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr Dollar, and C. Lawrence Zitnick. 2014. Microsoft COCO: common objects in context. In ECCV, volume 8693 of Lecture Notes in Computer Science, pages 740—755. Springer.
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Models & Datasets

GAVIE FAITHSCORE Semantic Entropy InterrogateLLM HalDet-LLaVA VL-Uncertainty Sarah

BEERRREE

LLaVA-v1.5-7B

Bingo 63.6 62.4 66.0 60.3 58.0 64.4
MSCOCO-Cap 56.6 61.6 54.7 g iy 50.2 2.7 1.3
LLaVA-v1.5-13B
Bingo 59.5 64.7 66.8 9.2 60.4 70.7
MSCOCO-Cap 67.9 064.2 534 72.0 D20 2.5 72.6
GPT-40
Bingo 50.8 hh.2 63.2 7.0 59.3 61.6
MSCOCO-Cap 71.6 69.8 54.6 86.6 34.6 4.2 86.6
mPLUG-OwI3-7B
Bingo 60.3 60.6 71.4 543 48.1 65.1
MSCOCO-Cap 63.1 60.6 53.9 77.5 47.0 1.7 705
Llama-3.2-Vision-11B
Bingo 54 .2 5.5 67.7 49.6 60.0 62.4
MSCOCO-Cap 59.7 68.7 525 78.8 31.8 2.5 1.2
SOTAZ] et M F AR FTEE, TEAEFRIZBUERZE (Accuracy) o
M factual B ocr
0.9

0.8
0.7

.

llava-1.5-7B

llava-1.5-13B

GPT-40

Sarah7EBingoZ AEMIK A 3T BML] e R BHIT T 9. XLERBGIEXIBRE. AF
RIB)TFHASTABFH .

0.84 0.84 0.84
0.7
0.68
' 0.61 062 . 0.58 0-63 0.6 o583
0.56 0.57 0.56 ¢.55 - -
06 os1 0.53 05 0.53 0.51 0.52 052 5 0.51
0.5
0.
03
02
0.1
0 |

Llama-3.2-Vision-Instruct-11B

FHAANRE. FXRE. B

region ' 121

t21

mPLUG-Ow13-7B

Method Multi-round Input image Time
SE 3.65
Faithscore * 6.02s/it
GAVIE * 5.48s it
InterrogateLLM = 109.56 s/it
HalDet-LLaVA * 4.35 s/it
VL-Uncertainty * 27.96/i Kl Hﬂﬁ]ﬁﬁ{]ﬁ 0!
Sarah 3.87 Inte rrog‘dteLLM
ARG AN ZRBREG L. AOIHFETIRINGZAREFE (1) SRR (2)
EBf&iEaA, XRERS “EWEWWﬁ K. RPLRM T BF AR LPREKATE.
Dataset Image Prompt Method Attention of Different Methods on Hallucinations
Sarah Someone is checking something on a device.
= SE Someone is checking something on a device.
g Gierierate a bt GAVIE Someone is checking something on a device.
8 caption of the FaithScore Someone is checking something on a device.
8 Hnagt. InterrogateLLM Someone is checking something on a device.
= HalDet-LLaVA Someone is checking something on a device.
VL-Uncertainty Someone is checking something on a device.
Sarah None of the shapes are ellipses.
Oneseihe SE None of the shapes are ellipses.
?:1: shapes is an FaithScore None of the shapes are ellipses.
3 ellipse. What do | InterrogateLLM None of the shapes are ellipses.
1 2
Setes HalDet-LLaVA None of the shapes are ellipses.
VL-Uncertainty None of the shapes are ellipses.
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Model&Dataset GAVIE FAITHSCORE SE InterrogateLLM  HalDet-LLaVA  VL-Uncertainty Sarah A B B B2
LLaVA-v1.5-7B
Bingo 45.6 56.8 53.0 50.5 58.0 59.3
MSCOCO-Cap  58.7 58.5 54.4 50.2 57.6 50.5 54.0 opra
LLaVA_Vl .5_ 1 3B o0 : E:rt{;i-.zo-\{vllizi-;?—lnstruct-11B
Bingo 43.4 57.4 55.9 49.1 57.0 63.2 5>
MSCOCO-Cap ~ 59.5 60.5 52.3 50.3 59.0 50.4 50.9 g
GPT-40 0.50 i .
Bingo 59.1 55.0 58.6 50.1 58.0 52.6 ﬁ
MSCOCO-Cap 59.0 59.9 57.1 48.3 53.9 50.2 61.9 it iy oy x
mPLUG'OW13 _7B Length of the Output
Bingo 58.0 56.6 54.5 60.3 S1.1 65.1 % K XTSarah L) SEARMBIE. BRE AR
MSCOCO-Cap 63.9 59.5 51.8 55.8 60.5 46.0 70.5 HEESRI=H: (0, 20) , (20, 40) #n
I.lama-3.2-Vision-11B (40, +o0) , SarahBy M gEfEMIHIKEME L. 2
i R 404 s e 54 s 36 20 624 SRS arahfE R MG AR 4] MO E 5 E R B4
s | == | | ' ' SR, MR KEREM, HMEERAT
MSCOCO-Cap  54.2 58.5 54.0 52.2 53.6 50.6 60.2 .
SOTALIBETFE R AT bE, iR IEFRILERAUG-ROC. e e ——— — |
A R IR Method Acc.
Semantic Information Locator: Improved detection accuracy by 25.31% Boufs ;g-gg
, , aseline :
Semantic Information Purifier: Achieved an accuracy 35.81% higher Semantic Information Locator - Only 56 17
Fusion Strategy: Demonstrated a detection accuracy of 79.63%, surpassing the Only Semantic Information Purifier- Only 66.67
. .. . ara ama—3. 2-Vision_ERY;HRRSLEG 2
performance of either module in isolation. _  einlanseubimdeileseiy L




MAERSEN | WHREBSHE SR 25 B 544 BESRKBE |

LI ERS 9 | EFSarahBI KM EIESIER I w1 (4 Bingo Overal

0.7

Model Bingo MSCOCO-Cap __
Overall Region OCR Factual i2i t2i MSCOCO-Cap : Bingo Region

LLaVA-v1.5-7B 61.3 87.9 64.0 61.6 62.9 : 29.0
LLaVA-v1.5-13B 59.2 64.2 54.0 54.1 65.0 . 26.8
GPT-40 38.4 39.8 16.3 36.7 44.0 : 13.4
mPLUG-OwI3-7B 52.0 Bl.1 48.1 50.7 54.8 54.8 29.2
Llama-3.2-Vision-Instruct-11B 49.0 45.8 35.6 46.7 54.5 ; 21.0

BEARMEIBSREL] R

HiT WAL % 2 BEIE R Bingo t2i W\ Bingo OCR

I 5% i 1. N — LLaVA-v1.5-7B
LLaVA-v1.5 CLIP ViT-L/336px Vicuna v1.5 7B/13B = AN N — [.LaVA-v1.5-13B

e AR A I X S— —— GPT-40
. . = Llama-3.2-Vision-Instruct-11B
GPT4o 4t Transformer ZeHy, ImPlim A0 200B & &% 5 B 2 a1 T

3

Bingo 121 Bingo Factual

mPLUG-OWL3 SigLIP-400M Qwen2 7B/70B

LLaMA-3.2-Vision VIT-1V/14 LLaMA-3 11B/90B A E ER 2 B T3

BERMIIE S HBEHFIER S HAR BingoilFH L] 5 FH 7!

Models of Best Performance : Tasks of Best Performance: Tasks of Worst Performance:

GPT-4o, Image Caption, Image to Image Interference,
Llama-3.2-Vision-Instruct OCR Bias Text to Image Interference
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Sarah ~ OOD ID .- - ..

HEMHEA. Qwen2.5-VL-3B :

ey Baseline 15.3 57.5 55.5

https://github.com/Deep-Agent/R1-V +SFT 18.2 50.4 60.8

B A -

https://github.com/hiyouga/LLaMA-Factory +RFT 24.2 53.1 87.5

-i’}”%/?y\mﬁtﬁ%%: in/learning_rate train/grad_norm train/global_ste
leonardPKU/clevr_cogen_a_train +SFT+RFT 250 522 701 NG — AR — S =
OOD (Out of Distribution) TFAEZE#E:

MM-Vet (recognition, OCR, knowledge, TRETHSFT 28.7 3.2 89.2

language generation, spatial awareness, and math.)

L) VP& JTiE: Sarah REEARRRIBEE. I TR

A

BEIJING JIAOTONG UNIVERSITY

»» ETkEE )7 (In Domain)

o RETXMEARHOSAE I THI AR TSFT (+26.7%) T STy PO RO
+ SFT+RFTHRTIUZIESFTRBA (+9.3%) , (ETITIEF BN RFTIARAL 1 At - [ Y AT s LS TP TR
o RF+SFTH] LI/MIEEFRF A AIERE (+1.7%) - :-’I; ‘?' L u v N l l“:" "L Tl .u A”l A

T8 ML TR R LR O L A Chade 14
» #ZA4EEJ1 (Out of Distribution)
RFTHISFTH 0 A A8 F B Sy il — € sz, HSFTHTHILE K (-7.1%) - ‘ | - et Lo
SRR A R AT R RE ST ﬁﬁdﬁﬁfﬁﬁx"ﬁﬁd\ o ! * AL = —
» 4RI (Hallucination Performace) - g

AR A 20 M B o AN sl Ao Ja KD 51 S04 IR, sl Ao i) £ o A0 B R 2

B SRR R B L) R TFI B R E E. Qwen2. 5-VL-3B3B 1L SRR BLSUIE R « 4 E B L RKL BB T4k
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Part Four : Conclusion and Plan for Future
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te the automatic evaluation metric. The predictions, in this

bels on our open-ended question answering task, and the

high-uncertainty tokens, effectively minimizing interference & provided model generation given the reference answer
: P Js<i,x)logp(zuls<i,x), =
Sarah: Hallucination Detection for Large Vision Language Models with Semantic Information illustrated in Figure 1, Sarah successfully identifies and k ACcuracyip AUtuIiG Syalianon,
Locator and Purifier in Uncertainty Quanti fication Method B pconachisen i s e ol mcertainty at 41 step. g'zzz
Xnx 4
XXX
g datasets to assess the performance of existing
— evaluate and shed light on two common types of
Abstract = ! oh typ
L Vision-L: e Models (LVLMs) have demonstrated remarkable potential in multimodal ¢ Eacliimage inBings fa paifel with Sine or two
il - "”'gth‘a‘g b (EVEMe e M P - Gy st is simply designed for image captioning task.
PP S R i s tuisgligmments between tion set. Besides, to standardize the output format
generated text and visual inputs, linguistic context, or factual knowledge. To address this urgent s o B—
challenge, we propose Sarah, a novel reference-free evaluation framework that systematically
detects haltucination through Semantic Information Locator and Purifier in Uncertainty i 3PTdo, we extract probabilities of top-10 likely
Quantification Method. We conduct comprehensive experiments across 5 LVLMs (including 9 : -5 tikely output probabilities. The max sequence
GPT4o, LLaVA-1.5 with model size 7B and 13B, Llama-3.2-Vision-Instruct and mPLUG-Owl3) e temperature t is set to 0 for our evaluation work If
on two open-ended visual quest ing benchmarks (ie. Bingo and MSCOCO:Caj for hallucination deteetion in LVLMs, The framevork consistsof fowr : o3l (6. ciss st Wit iy Geoaon s
Results demonstrate that our mefric significantly outperforms strong baseline methods in atomic it are.decomposed. from LVLM geneted responses.for =N ‘e experiments are conducted on a server with one
hallucination detection, reaching 79.63% in detection accuracy on image captioning task on smiLocatopRich scompntesaitenhion. basea el gB s fopeachifulen do ’ ir NVIDIA 4090 GPUs.
GPT4o. Analysis over LYLMs further exposes critical limitations: over 10% of outputs from ¢ Information Purifier, where token-level probabilities are refined USIg 401 of each token, Itis clear that the fop-k possible outputs
state-of-the-art models exhibit hallucination. which leaves room for future improvements. bon rotnustness;iand (4} Dual - Threshold Decision M chanisaryphict nt for the majority.
“iteria to classify hallucinated content. Sarah provides a detailed, H
ey 1 Introduction for evaluating hallucination severity in free-form LVLM outputs. sate Sarah against several state-of-the-art (SOTA)
=
FiEigits FoESHIEAEER ShERER Large Vision-Language Models (LVLMs) represent a significant advancement in multimodal Al st s Lo . O smofiod demnsiinies
7‘3—%#1 Fj', systems, capable of processing and integrating visual and textual data to solve complex tasks that offers two significant advantages: it precisely identifies the  pplex, lengthy sentences, making direct evaluation of ;VN%’IE T . -
L require joint understanding of both modalities [1-4]. Despite their impressive capabilities, these ertainty that contribute to hallucinations, and provides a  To address this, we decompose the generation f?i o "’:m Z l‘x‘*;esf P; "“"‘3‘“;‘: 5"’“‘511;
models are prone to hallucination—a critical issue where generated content deviates from factual <h for uncertainty quantification that requires neitherexternal ¢t convey complete meanings independently — using S <R T AN S, LV,
; i 1 detection accuracy for GPT-40 on MSCOCO-Cap.
accuracy or confradicts the provided visual and textual context [2.5]. This phenomenon primarily ensive evaluations demonstrate that Sarah achieves strong  :mally, let ¢,; denote the ith independent claim in a =

TBFHS B, R B R - e i : i cocdll N N7 TS S T S S D Y d reliabl hallucination detection. (2 & BRIEH

;ﬁﬁ iiE and reliance on outdated pre-training corpora [2.6]. Addressing hallucination detection. which
involves verifying the factual consistency and accuracy of each information unit in generated

outputs relative to the input image and text, presents three major challenges. First, LVLM outputs M anuscript

typically interweave correct and hallucinated information [7], transforming the detection task into Title &

ﬁﬁ§ﬂﬁ *%mﬁ] a complex, fine-grained analysis rather than a simple binary classification. Second, exhaustive Number &

validation against external references proves computationally intensive and resource-prohibitive H X

Third, existing evaluation metrics often produce opaque, single-dimensional scores, offering

limited interpretability regarding the specific nature and location of errors.

To address these challenges. we present Sarah, a novel uncertainty-based framework for LVLM

»
y =/
ey x — hallucination detection. Our approach introduces four key innovations: (1) Independent Claim
SR it — S A4 s SRR RS Extraction: The framework parses geserated content into discrete claims—concise statements Sarah: Hallucination Detection for
representing individual information uaits [8-10]; (2) Semantic Information Processing: Through Large Vision Language Models with
our Semantic Information Locator and Purifier modules, we enhance semantic coherence while . . IMAVIS-D-25- X )
_ mitigating interference. The Locator identifies semantically significant words within the global Action Links Semantic Information Locator and
context of the output while the Purifier processes token-level d.xsml.mnons. aggregates PUI’iﬂer in Uncertainty Quantiﬁcation
= . Ly eq tokens, and uncertainties arising from linguistic variations;
'Itﬁ# 5 q]wgﬁ ﬂ:%gﬁ ] (3) Uncertainty Quantification: Each extracted claim undergoes rigorous validation through our M ethod

uncertainty quantification method; (4) Decision Mechanism: Our Dual Thresholds Decision

o BETLESIAERLELMAE, LI Eit s IS, KRR SRS RBERIZIWIE X KR Wl 5P EER

o BIPIFEEIlANEE BT R L) A I S B HELE Sarah. WITAHT LSS ML IHEREL, B SCEN 5. AHREMEE M mE T .

e Sarah7E KALEE SR LRSS F R EERLZHEF LN AR . 5L RMSOTAKFEAF-FHIFER, A A AISOTAR AKI1/40.
o f#i FSarahXf i A FARTY 1 Z) 0 R INBEAT RGN, AL LE AN R AR B S0 T 4 v A8 1) 1 28 A0 A

o IRNFEWEAFYNGVE R IR L) AT NG . 5 RERHT, SR A B T W B oA 7E SR FH A AL 35 oy A aE 0 7 TH S BAR Ay, R 5 51 KR4I 4

BB T (B30 £FAR. MIARRCEUAFERRI, HETIMAVISTER.
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