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Hallucinations in Medical VLMs

» Hallucination vs. Error » Medical VLMs are prone to 'hallucinations’

Hallucinations in Neural Machine Translation [1] Non Hallucination Hallucination
These mistranslations are completely semantically incorrect and also
grammatically viable. They are untethered from the input so we name
them ‘hallucinations’.

Survey of Hallucination in LLMs [2]:
LLMs exhibit a critical tendency to produce hallucinations, resulting in
content that is inconsistent with real-world facts or user inputs.

What abnormalities are Where is the pheumonia?
Survey of Hallucination in VLMs [3]: Isfn??m the lef foner
..., “hallucination”, or more specifically, the misalignment between 0 The chest X The pneumonia is
) ) ) e chest X-ra i ; ;
factual visual content and corresponding textual generation, poses a -l shows cn‘ele,c‘ras?;s in =J :°°a*eld 'b” ”}"*T';]ﬂ?
O E— ower lobe o € Iungs
significant challenge of utilizing LVLMs. the left lower lung. gx
e N e <
I Reference answer: 1 Reference answer: I
| Atelectasis. - Right upper lung area. :
E rror H allu Cinaﬁon Y et e s mm s em s e Em s Em s e e Em e - S ks mm s e mm h mm s e o s =

» Hallucinations in clinical decision-making present significant risks.
« Establishing trust in MLLMs among clinicians and patients is crucial
for their real-world adoption.

[1] Agarwal, Ashish, et al. "Hallucinations in neural machine translation." ICLR. 2018.
[2] Huang, Lei, et al. "A survey on hallucination in large language models: Principles, taxonomy, challenges, and open questions." ACM TIS, 43.2 (2025): 1-55.
[3] Liu, Hanchao, et al. "A survey on hallucination in large vision-language models." arXiv preprint arXiv:2402.00253 (2024).
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Existing Hallucination Detection Methods in VLMs/LLMs

> Recent efforts broadly fall into three categories.

(1) Supervised Detectors
(2) External-Verification Methods
(3) Uncertainty-based Methods

These methods require costly annotated hallucination
data and often generalize poorly to unseen scenarios.

ReXTrust

Data Preparation Framework of MedihallDetector P N

Multi-Task Data SFT

Traditional Medical Vision Language Task Data Q LM head Generated finding
Learn to undetstand the medical image-text piars. ‘ i ——[ There J is ] [ pneumonia ]
Language model 7 8
[}
Med-HalMark data p
Learn from its benchmark. i ho ho
% Connector .

hy
Manually annotated
Input projection

hallucination categories
Multi-head

self-attention

BSIOAPIN

Hallucination Contents Vision Encoder

Input chest X-ray(s)

Instruction: Now you are an intelligent Al assistant

evaluating the performance of a medical visual H
i language model, and you need to judge the correctness :
i as well as the type of hallucinations...... i

Instruction LVLM Answer

Can you provide a report

. of <imgl> with findings
Original Prompt Ground Truth and impression? Output projection
Hallucination detection instructi ir data Hallucination =
ana o ) e |¢?n ln. Al e Detection Prompt Classification head
Learn how to distinguish different types of
hallucinations. .
MediHallDetector [ Hallucination risk score ]

- )

MediHallDetector [1] ReXTrust [2]

[1] Chen, Jiawei, et al. "Detecting and evaluating medical hallucinations in large vision language models." arXiv preprint arXiv:2406.10185 (2024).
[2] Hardy, Romain, et al. "ReXTrust: A Model for Fine-Grained Hallucination Detection in Al-Generated Radiology Reports." AIMedHealth (2024).
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Existing Hallucination Detection Methods in VLMs/LLMs

> Recent efforts broadly fall into three categories. [ e i | C )
Answers Generation Ji...; "1. What are the people doing around the dining table? |
) MLLM Experts 2. What are the pe.ople enjoying together? . P
( 1 ) S u p ervise d DeteCtO rs BLIPZP L 3. What is placed in the background of the image?

Semantic-aligned Q-A Pairs < q;,a; > P

(2) External-Verification Methods S
(3) Uncertainty-based Methods

Cangidate ( Consistency J [Consistencnycore}
Answers ajf Cross-Checking B(a;, a¥)

These methods rely on additional sources of information,
such as other LLMs orVLMs, vision expert models, or
external knowledge bases.

Hallucination Cross-Checking Paradigm

Hallucidoctor [1]

' I Captioning |
Chat Bridget Moynahan is an American actress, model and producer. She is best i — mage Captioning
GPT known for her roles in Grey’s Anatomy, |, Robot and Blue Bloods. She studied s - A
acting at the American Academy of Dramatic Arts, and ...

. - Bridget Moynahan is American.v’ '

i
Original Image Reconstructed Image

“yellow taxis”

= L .1 Pobj
"

Attribute ;" The image shows an elderly man crossing a street ...

Hallucinated Caption

d Pret = 0.2
. . I 0 o N ’ " . "
- Bridget Moynahan is an actress. v o, ' o HIN 7_1337 Pate H ... with his guide dc;z standing by his left ...
- Ry : -0.6 : Pate =~ 04
Tell me Br!dget Moynahan !S amodel. 6607/0 ﬁ : = : There is a red traffic light'in the background, signaling ...
M Bridget Moynahan is a producer. . Alignment etining i e 3 08) |
- She is best known for her roles in Grey’s Anatomy.x

T

Bridget | - She is best known for her roles in |, Robot. v/ H :.Q!‘“"‘A :

Moynahan.| - She is best known for her roles in Blue Bloods. v/ ow
- She studied actingv’ Nl

* - She studied at the American Academy of Dramatic Artsx Knowledge

Base

FActScore [2]

[1] Yu, Qifan, et al. "Hallucidoctor: Mitigating hallucinatory toxicity in visual instruction data." CVPR (2024).

A
|
Q “ Semantic

Reconstruction
Module

emmm— | pmem——— :-, Surrounding the scene, several yellow taxis are passing .. &
“his left” . : -

Token-level Reward Allocation

ESREAL [3]

[2] Min, Sewon, et al. "FActScore: Fine-grained Atomic Evaluation of Factual Precision in Long Form Text Generation." EMNLP. 2023.
[3] Kim, Minchan, et al. "ESREAL: Exploiting Semantic Reconstruction to Mitigate Hallucinations in Vision-Language Models.” ECCV (2024).
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Existing Hallucination Detection Methods in VLMs/LLMs

> Recent efforts broadly fall into three categories.

» . ) .
_ Predictive uncertainty } These methods requires no
(1) Supervised Detectors .
- l auxiliary models, external
(2) ExternaI.-Verlflcatlon Methods o knowledge bases, or task-
(3) Uncertainty-based Methods < Embedding-level Likelihood of hallucination ’ specific fine-tuning.
Sentence-level \ j

A Notable Advancement in Uncertainty Estimation for LLMs: Semantic Entropy [1]

Lo e _____ | Misleadingly high naive entropy Low semantic entropy
LLM answers Probability ~ ° * LLManswers Probability
T Cluster T
Paris I answers by Paris
t's Pari | semantic s Pari |
User: Question Generate s rans meaning s rans
Where is the 4%_0 France’s capital Paris j France’s capital Paris
i ?
Eiffel Tower? Rome :l Rome
It’'s Rome It’'s Rome
Berlin I Berlin D

[1] Farquhar S, Kossen J, Kuhn L, et al. Detecting hallucinations in large language models using semantic entropy[J]. Nature, 2024, 630(8017): 625-630.
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Applying Semantic Entropy to Medical VLMs

> Limitation of semantic entropy in VLMs

A Sample from medical VQA hallucination detection task.

A natural adaptation of SE to VLMs
involves incorporating perturbations in
visual input during entropy estimation.

* However, medical VLMs often
overlook visual inputs and rely
predominantly on textual information
when generating responses.

» This modality preference may cause

P — —

Question What abnormalities are seen within the lungs?

1

]

]

i

MLLM'’s Answer bilateral infiltrates :
>—>Label: Hallucination I

Reference Answer pulmonary nodules ;
I

S S S R S S R S S S S R R S N S S S R R S S S S S R N S S R S S S S S S R S S S S R A S R R S S

,4 ---------------------------------------------------- \\ ,’ ----------------------------- \\

] . Y 1

i Question VLM Response Prob. :i VLM Response  Prob. i

: — |

: What bilateral infiltrates | ‘H\ bilateral infiltrates EID :

' bnormalities ulmonary edema [ | " i

i B exl s P Y Toweniropy | : pulmonary edema Eh ,,,,,,,, :

I are seen within imereryneaaizsmil Py | I

i the lungs? P 4 - :i pulmonary nodules [ ¥ i
o nlikely Y opres

i MEEEhOER eSS 4ofiuctmation I no abnormalities > Vision- |

) L ) . i conditioned |

| Overconfident hallucination due to lack of visual grounding. [y i

) )

1 I

' |

1

2
o))
=
3
overconfidence in incorrect answers, Semmmm e o oosoooooooooo 5 High entropy
resulting in inaccurate entropy b)Our{plVRSE HE -
7
i i [ ; D iy
estimation. ' Distorted Image Question VLM Response  Prob. E kallucination
1 bl
I bilateral infiltrates | Q
! What S Hom ]
) 141 | s
: abnor'mall"rleg plmohdnyiedeti S Vision-conditioned Semantic Distribution
) are seen within pulmonary nodules [ ]
i the lungs? : ities [ Vision-conditioned semantic entropy
' no abnormalrries exposes hallucination. J
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Our Proposal

» Unified Vision-conditioned Response Semantic Entropy (UniVRSE)

f s m - - — {a) Vision-conditioned Semantic Distribution (VSD) Estimation + = + = «+ = « =+ =t = ¢ = v = - -I
: VLM Response Prob. VLM Response Prob. .
! Image Question = ; = e T |
| 5] bilateral infiltrates ilateral infiltrates = (1 i) .
What = a
- abnormalities g pulmonary edema ] ——3p  pulmonary edema |
| are seen within .a ' o |] A i dules ] VLM Response Prob.I
. pulmonary nodules pulmonary noadu
| the lungs? = bilateral infilfrates
. no abnormalities | |
1 adding noise Semantic Visyal @—V pulmonary edema "
. & Alignment Contrasting pulmonary nodules
1 (=) : - | | I
» Distorted Image Question ) = bilateral infiltrates [ ] bilateral infiltrates | no abnormalities [ ] .
1 I )
. What §0 E E = pulmonary edema [ ] v pulmonary edema [ ] Vision-conditioned :
abnormalities o g — > G g .
! Bongslprid g ug—- %) 5 pulmonary nodules [l pulmonary nodules |l X a Semantic Distribution |
? © 23} -
! the lungs: : ;) no abnormalities || no abnormalities || |
. .
..................................................................... /J
r * = Image Transformation * = * = * = (b) Semantic Predictive Distribution (SPD) Estimation= - 3 ( (c) Hallucination Detection for VQA =,
! ' VLM Response Prob. II Image-Question1 Image-Question2 I
1 --p bilateral infiltrates [ ] ar |
i ! el vt ] VLM Response Prob. I | .
s k- ilateral infiltrates -
. - E téo bilateral infiltrates | | ,VSD, ,VSD, I
, > [P biateral nfitrates [ | E 2 | 1 Estimation_| -
- 3] - S pulmonary edema
| x M % -=P  pulmonary edema g 4 I I ¢ .
i QL v o pulmonary nodules [l I . ) |
I Question = [» pulmonary edema [ ] ' High ETIIEIOPY Low entropy |
i What abnormalities are seen ——» »  pulmonary nodules || Semg;n;:;;:;;ix;ave I | Oo N .
. within the lungs? | ‘ Likely hallucination Unlikely hallucination |

Zehui Liao, et al., TPAMI, Under Review,; MICCAI, 2025.
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Our Proposal

» Unified Vision-conditioned Response Semantic Entropy (UniVRSE)

Instruction

—p The image shows bilateral There is a right-sided The image also reveals a right-

I Given a chest X-ray I pleural effusion. pneumothorax. sided pneumomediastinum.
) image, generate a N S S (|
comprehens ive Question Question Question .
. f‘ad'OIOQY report. o Generation Generation Generation
o -
. b= Question: What is observed in Question: What abnormality is Question: What abnormality is
I é the pleural spaces on both noted on the right side of the noted in the mediastinum on
. ( J £ sides of the chest? chest? the right side? |
Medical VLM S .
| & ) Image l Image l Image l I
- -d
| I : y : * i
| VLM Response L‘E VSD VSD VSD
. Estimation Estimation Estimation I
[ The image shows bilateral pleural .
. effusion. There is aright-sided ¢ ¢ ¢ |
[ pneumothorax. The image also -
: reveals a nghf;_s ided H High entropy Low entropy Low entropy !
pneumomediastinum. ﬂ H ﬂ
. A O NN LW o |
| Likely hallucination Unlikely hallucination Unlikely hallucination I
Zehui Liao, et al., TPAMI, Under Review,; MICCAI, 2025.
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Experimental Setup

» Evaluation pipeline of hallucination detection Reference
Response

Image Medical VLM VLM’s HaIIucma_1t|on Hallucination
Question Response evaluation or not

\ [ Hallucination Detection :
predict

=L Method

» Existing hallucination evaluation methods and their limitations

s Stepl: Dataset Generation w/ GPT-4
Reference : “pleural effusion present” P /

[
BLEU Evaluation ROUGE-L Evaluation o—
Candidate 1: Candidate 2: Candidate 1: Candidate 2: Prompt + v Cl = I:> I:> Green Analysis
pleural effusion is present.  pleural effusion not present. pleural effusion is present. pleural effusion not present. y
' ' ' ' Candidate  Reference GPT-4

= 0.75 — 0.57
BERTScore Evaluation F1RadGraph Evaluation

[
Candidate 1: Candidate 2: Candidate 1: Candidate 2: p o=
pleural effusion is present.  pleural effusion not present. pleural effusion is present pleural effusion not present. rompt + + o=— [:> :> .
reen Analysi
S Gree alysis

Supervise

Step 2: Training (Distilling the knowledge to a small LLM) ﬂ

Candidate  Reference GREEN
B 0.75 . +*
Our Proposed GREEN Evaluation .
Candidate 1: Candidate 2: GREEN — # matched findings
pleural effusion is present. pleural effusion not present. - (f)
' ' # matched findings + > #errorgg_ ;
1.0 + 0.0 i=(a)
ive Expl ion: Pleural effusion is marked as Generative Explanation: Pleural effusion is marked as G RE EN [1 ]
positive in both reference and candidate reports. positive in reference but negative in candidate.
Error Notation: Clinically significant errors: 0. Matched  Error Notation: Clinically significant errors: 1. pleural H H H H et
Findings: 1. pleural effusion is present. effusion should be present. Matched Findings: 0. PO or ge ne ral I Z‘at IoN across I ma’gl ng mOd a'l Itl es

and clinical domains

[1] Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." EMNLP (2024).
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Experimental Setup

» Evaluation pipeline of hallucination detection Reference
Response

Image Medical VLM VLM’s HaIIu0|ne_1t|on Hallucination
Question Response evaluation or not

\ Hallucination Detection .
predict

=L Method

» Existing hallucination evaluation methods and their limitations

Stepl: Dataset Generation w/ GPT-4
Data Preparation

Prompt + + o= @ ) | Multi-Task Data SFT O
—_ o= . ditional | k Data - . . .
= =] = — el Lean o undetand he s nag 5 plr. % - Catastrophic Hallucinations (Hc = 0.0),

Candidate _ Reference oPT - Critical Hallucinations (Her = 0.2),

Med-HalMark data
Supervise Learn from its benchmark.

Step 2: Training (Distilling the knowledge to a small LLM) ﬂ . Attribute Hallucinations (Ha =0 4)

u?— Halucination Contents hmx’m
promee Q ! ‘3::\ — ' C—) Green Analysis e s e » Prompt-induced Hallucinations (Hp = 0.6),
language moded, and you need to judge the correctness . . .
candidate Reference GREEN as well as the type of hallucinations..... i Mlnor Ha"UC|nat|0nS (Hm = 0-8), and
llucination detection instruction pair data
# matched findings Learn how to distinguish different types of *  Correct Statements (Hs =1.0)
GREEN = ) s MediHallDetector
# matched findings + ) # errorg;g. ; "
i=(a)
GREEN [1] MediHallDoctor [2]
poor generalization across imaging modalities ambiguous or subjective
and clinical domains evaluation principles

[1] Ostmeier, Sophie, et al. "GREEN: Generative Radiology Report Evaluation and Error Notation." EMNLP (2024).
[2] Chen, Jiawei, et al. "Detecting and evaluating medical hallucinations in large vision language models." arXiv preprint arXiv:2406.10185 (2024).
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Experimental Setup

Limitation of existing methods

» Evaluation pipeline of hallucination detection Reference
Response ’
Image Medical VLM VLM'’s HaIIucine_1tion Hallucination
Question Response evaluation or not
A\ J
\ ( Hallucination Detection dict
| Method predic

» Our ALFA, ALignment ratio of atomic Facts, a fine-grained hallucination evaluation method

Step 1: Factoid Decomposition Step 2: Fact Matching D Instruction-answering fact T
[ Instruction ] [ Instruction ]
Matched claim. Number of matched claims=m.
Reference VLM Reference VLM
Answer Response Answer Response D Hallucinated claim. Number of hallucinated claims=nh.
iti S ic Ali
l Decomposition l crente fenment Extraneous claim. Number of extraneous claims=e.
Atomic facts At i i * +
omic claims
Fact 1 Claim 1 m
eee Ratio of matched claims &, = o
Fact 2 Claim 2 ’
Ratio of hallucinated claims ap= L3 @p serves as the
Fact k+1 " n, hallucination label.
LR N ] LR N ] [ X ] LN ] _ e
Fact n, Ratio of extraneous claims &, = n_z

Zehui Liao, et al., TPAMI, Under Review; MICCAI, 2025.
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Experimental Setup

» Evaluation pipeline of hallucination detection

Reference
Response *

Image Medical VLM VLM’s HaIIucmaﬁon Hallucination
Question Response evaluation or not
\ \\t( Hallucination Detection _
predict

i Method

> Evaluation metrics of hallucination detection

T « AUC: the probability that a randomly chosen correct answer has been assigned a higher confidence / lower uncertainty score than a
randomly chosen hallucinated answer.

l - Area Under ALFA Curve (AUA):

@ ‘Mean a4 score at X%': mean a;, score of the model on the most-confident X% of samples identified by the respective uncertainty

method.

@ To summarize the ‘Mean a; score at X%’ from 1%-100% (interval=1%), we compute the AUA -- the total area enclosed by the

mean a;, score at all cut-off percentage X%.
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Experimental Results

» Comparison results and ablation studies

Performance of ours UniVRSE and other baselines Performance of ours UniVRSE and other

on Medical VQA datasets. baselines on Medical VRG datasets.
Method CheXpertPlus IU-Xray
Method RAD-VQA SLAKE Path-VQA MIMIC-Diff-VQA AUCT | AUAJ AUCT | AUAJ
AUCT | AUAJ AUCT | AUAJ AUCT | AUAJ AUCT | AUAJ FPh :gl?ig’@emma“;?:g [26 o —
MedGemma-4B-it [26] VELT - . . .
AvgProb 40.87 40.98 4329 24.04 [ 4821 40.23 49.04 3731 AvgEnt 54.16 47.10 53.97 17.11
AvgEnt 59.21 26.94 56.58 25.86 52.40 39.65 50.89 40.35 MaxProb 45.30 55.10 44.96 21.16
MaxProb 41.06 38.16 42.35 26.36 48.44 39.87 49.27 37.16 MaxEnt 54.49 46.86 54.80 17.22
MaxEnt 58.83 27.05 57.30 22.76 51.66 40.59 50.39 40.72 Cross-Checking 56.16 46.54 56.47 17.77
Cross-Checking 64.64 24.75 65.50 18.17 54.01 36.86 50.44 41.89 RadFlag 56.53 44.53 56.12 16.09
RadFlag 70.15 23.00 67.43 16.85 56.48 35.11 52.51 40.60 SE 36.79 44.61 37.78 15.07
SE 71.87 24.79 67.93 17.44 57.19 34.88 52.42 40.76 | UniVRSE 58.96 44.71 63.06 12.38 |
[ UniVRSE 76.25 18.22 69.56 17.67 59.17 32.98 52.04 4042 | S 47151;“’3"43"‘;153 3[;1[' - -
LlavaMed-7B [27 vgPro : : : :
AvgProb 357 55.94 49.97 52.4[2 ! 4548 64.45 41.10 70.67 AvgEnt 55.32 94.27 45.33 94.44
AvgEnt 54.76 50.08 50.78 51.07 55.59 55.94 48.68 63.78 MaxProb 48.31 95.41 43.81 95.30
MaxProb 41.71 55.18 49.75 51.91 48.94 59.97 40.71 69.76 MaxEnt 56.26 94.13 58.11 93.83
MaxEnt 56.02 51.08 52.18 53.41 53.01 60.02 49.20 64.51 Cross-Checking 5391 94.07 7240 90.32
Cross-Checking 59.32 50.00 54.59 49.57 61.89 52.16 54.82 64.41 RadFlag 55.70 94.13 69.65 90.44
RadFlag 69.46 40.72 61.00 45.64 61.56 52.77 56.10 62.42 SE 60.19 23.97 75.70 20.14
SE 72.90 40.54 66.75 43.79 63.73 50.60 56.31 62.34 | UniVRSE 62.52 9308 | 78.06 89.03 |
[ UniVRSE 74.31 39.02 68.16 42.07 66.18 48.72 58.13 61.05 |
HuatuoGPT-Vision-7B |28 . . .
AvgProb 3528 48.00 49.58 42.66 = 45.99 62.08 46.89 65.04 Performance of ours UniVRSE and its variants.
AvgEnt 66.73 29.91 47.64 44.96 54.26 56.28 54.90 66.66 _
MaxProb 34.20 47.13 47.35 44.28 46.14 61.45 46.61 64.17 UniVRSE . AUC 1 | AUA |
MaxEnt 69.01 29.28 52.07 43.92 55.42 56.47 56.05 66.32 Image Transformation | Visual Contrasting
Cross-Checking 66.44 33.70 63.64 33.59 56.98 53.71 58.54 60.94 X X 71.87 24.79
RadFlag 78.44 23.19 69.28 30.29 57.81 54.04 58.11 60.23 v X 71.94 24.16
SE 79.02 23.52 69.60 30.42 60.78 52.96 58.34 60.51 X i 74.37 19.70
[ UniVRSE 81.17 22.05 70.89 29.06 62.89 51.18 60.71 5919 | i v 76.25 18.22
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Experimental Results

» Analysis of ALFA eval.

Step 1: Factoid Decomposition Step 2 Fact Matching ALFA scores of three medical VLMs across four
[ Instruction ] [ Instruction ] VQA dt VRG dat t
Reference VLM Reference VLM and two alasets.
Answer Response Answer Response
l Decomposition l Semantic Alignment VLMs I Om T I Ch ‘L | Qe ‘l’
Atomicfacts Atomic claims * ' MedGemma-4b-it RADQX?? 35.26 17.68
Fact 1 Claim 1 LLavamed-7B 27.81 52.64 18.05
Fact 2 Claim 2 HuatuoGPT-Vision-7B - i?(;O 32.98 14.52
ey | s | % [
Fact n, HuatuoGPT-Vision-7B 40.11 45.01 14.76
Path-VQA
C] Instruction-answering fact. Contextual fact. Ratio of matched claims @y = — MedGemma-4b-it 9.19 40.08 49.95
. . "z LLavamed-7B 5.63 60.72 31.94
Matched claim. Number of matched claims=m.
atehed claim. Number of matched caims=m Ratio of hallucinated claims = —- HuatuoGPT-Vision-7B 7.65 60.69 31.62
C] Hallucinated claim. Number of hallucinated claims=h. n2 MIMIC-Diff-VQA
C] Extraneous claim. Number of extraneous claims=e. Ratio of extraneous claims Qe = n% MedGemma-4b-it 18.69 38.27 40.32
LLavamed-7B 8.81 67.88 15.73
) HuatuoGPT-Vision-7B 12.92 65.46 17.38
Accuracy of GREEN and ALFA evaluation on ChexpertPlus
subsets of Rad-VQA and Path-VQA datasets. MEdLGemmg-‘;g-it 235-9273 gg?g ;g-gg
avamed- . . 2
HuatuoGPT-Vision-7B 23.94 30.13 51.41
Dataset RAD-VQA Path-VQA TU-Xray
Modality Radiology Pathology MedGemma-4b-it 46.26 9.55 4423
Acc. of Green Eval 93 76 LLavamed-7B 2.64 71.57 25.76
Acc. of ALFA Eval 99 93 HuatuoGPT-Vision-7B 34.48 21.28 50.43
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Motivation

» Limitation of uncertainty-based methods

MLLM VQA Generation (a) Uncertainty-based Methods
Input Image Question
(What part of the lung Distribution of K sampled answers
Q is the pneumothorax .
logated in? Leftupperlung I —1 ;i Entropy 1. Uncertainty-based methods
Label: No Hallucination Answer . ) L
28 Tottupperiung. |\ Lot lower lung J Likely assess the predictive
= = — Hallucination ! .
Reference Answer Right upper lung | | uncertainty of a VLM for a
Left upper lung. . . . .
(b) Ours given image-question pair,
B s Primary Question Primary Answer rather than evaluating the
What part of the lung _.[ = ] correctness of the generated
is the pneumothorax @ Le upper lung. answer
l “located in? ’
| Verlflcahon
@ Semantic Question .
N Consistency Visual Loglcal Loop Verification Genercmon 2. These methods necessitate
o]
Hallucination ~ <"eck additional inference
What ab“°rma"ty procedures, typically K or 2K.

is present in the
left upper lung?

T
Pneumothorlax. 4—@ . '

Verification Answer

Verification Question
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Conclusion

» We propose UniVRSE, a unified and model-agnostic framework for hallucination detection in medical VLMs
that explicitly enhances visual guidance in semantic predictive uncertainty estimation.

» We propose V-Loop, a training-free, plug-and-play hallucination detection framework that verifies the factual
correctness of medical VQA responses via visual logical loop verification.

» We introduce ALFA, a fine-grained and objective metric that evaluates factual consistency and enables

automatic hallucination labeling across VQA and VRG tasks.

[=]

[=]
T

Code
Email:
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