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Motivation

U! Provide a detailed description of the given image.
ser
... To the side, there's a bottle of water, and utensils

including a whisk, a knife, and some spoons placed

inside a blue mug... GPT-4V
(b) Captioning-based evaluation.
! Is there an apple in this image?
User
Yes, there is an apple. @
A il GPT-4V
! Is there a whisk in this image?
User
Yes, there is a whisk in the image, placed next to a @
knife and a bowl on the right side of the table. GPT-4V

Select one and the most appropriate class for

each object located within red bounding

boxes from the following list: apple, orange, !

banana, lemon, pear, plate, bowl, jar,

bottle, soda can, knife, fork, whisk, scissors,
! packaged snack.

(c) Polling-based object probing.

Is there a whisk next to a knife?
User

Yes, there is a whisk next to a knife on the table in @
the image you provided.

User Provide the class names in the format: 'objl: () Object atrrlbute; relation probing:

<class1>, obj2: <class2>, obj3: <class3>, obj4: !
<class4>, obj5: <class5>', with no additional

words or punctuations.

obj1: apple, obj2: knife, obj3: fork, @
obj4: apple, objs: jar GPT-4V

Does the caption accurately describe the image:
"A whisk is placed to the right of a knife."

No, the caption does not accurately describe the
image. The whisk is actually placed to the left of the @
knife on the table. GPT-4V

(a) Recognition-based object probing. (e) Counterfactual probing.

« Grounding is not simply one-to-one between objects
and classes, but a many-to-many mapping between
objects and phrases.

o LVLMs suffer more hallucinations in multi-object task
than in single-object ones.

ROPE: Recognition-based Object Probing
Evaluation Benchmark

A dataset designed to evaluate multi-object hallucination
in LVLMs, challenging models to recognize objects in

homogeneous, heterogeneous, and adversarial scenarios.
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Experiment Setting
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Different types of instruction settings of ROPE.

©

LVLM

1
Forced

obj1: ?  soda can
obj2: ?  knife
obj5: ?  soda can

(a) Single-object.

obj1: ?, obj2: ?,
obj3: ?, obj4: ?, objs: ?

obj1: apple, obj2: apple,
obj3: apple, obj4: lemon,

objs: pear

(b) Multi-object.

obj1: ?, obj2: ?,
obj3: ?, obj4: ?, objs: ?

objl:  predicted

apple—;class

obj1: apple, obj2: Predicted
class

apple *

obj1: apple, obj2: apple, obj3:
apple *

obj1: apple, obj2: apple,
obj3: apple, obj4: lemon, objs:

pear
(c) Student forcing.

e U

obj1: ?, obj2: ?,
obj3: ?, obj4: ?, objs: ?

obj1:
Ground
apple = gruth
obj1: fork, obj2:
i Ground
knife truth

obj1: fork, obj2: knife, obj3:
fork

obj1: fork, obj2: knife,
obj3: whisk, obj4: lemon, objs:

soda can
(d) Teacher forcing.

 Single-object Probing: LVLMs are tasked to recognize one object at a time.

e Multi-object Probing: LVLMs must simultaneously recognize multiple
objects in a single prompt.

 Student Forcing: LVLMs are instructed to decode only the object tokens in a

forced format without output manipulation.

» Teacher Forcing: LVLMs generate object tokens while being conditioned on

the correct previous context.

Experiment Result

The experiments evaluate LVLM performance on seen and unseen data across
varying object distributions, such as Wild, Homogeneous, and Heterogeneous
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Frequency Count

Frequency

Frequency

scenarios.
Default Multu-Object Student-Forcing Teacher-Forcing Single-Object

Models Wild Hom. Het. Wild Hom. Het. Wild Hom. Het. Wild Hom. Het.
Seen
Yi-VL-6B 295 5.65 199 344 680 3.7 545 2625 436 019 030 0.3
Yi-VL-34B 850 1535 333 897 1630 423 1009 1975 494 022 260 0.13
LLaVA-7B 3129 6750 800 3128 6725 1122 3149 092 h 1237 3532 6235 1737
LLaVA-13B 3154 6763 1264 3149 7325 1154 3497 9425 1603 4313 8060 2391
LLaVA-34B 1995 8575 1885 5275 8520 3391 5641 9581 2531 5505 86.50 1897
8\“‘" VL 273 6.60 103 625 1600 365 1874 7150 545 873 1605 558

wen VL-C 872 1690 667 526 860 410 12,11 4775 808 2599 4340 1321
CogVLM 004 000 000 000 000 000 010 095 000 000 000 000
CogVLM-G 000 000 000 986 1350 679 2264 7545 045 1125 2265 712
Cuu\ LM-C 1289 2275 7.8 2537 4363 1203 2825 7280 1750 3016 35600 1635
LLaVA-7B* 916 1640 551 11.68 2355 936
GLaMM?* 27.11 5335 13.01 63.81 R1.75 53.40
GroundHOG* 2357 3080 2423 4480 4310 3897
IDEFICS 0.00 145 013 625 1870 064 1737 7615 1006 462 000 032
CogVLM-2 2151 3755 1731 3702 7085 1269 3710 7350 1744 21.16 3875 1365
MiniCPM-V 3475 5991 1737 3162 6280 1365 3216 6805 1679 2742 5535 1692
GPT4V=* 5380 7755 4083 . 5580 7825 41.03
GPT40*= TI27 8925  66.03 60.77 7392 5431
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Hallucinatory Factors Analysis
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This section analyzes factors contributing to hallucinations in
LVLMs, focusing on data/task-specific elements like query
homogeneity, salience and frequency of objects, and intrinsic
behaviors such as token entropy and visual attention, revealing how

these aspects influence hallucination likelihood.
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(a) Query Homogeneity. (b) Object token position. (c) Object Homogeneity.
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(d) Object centrality. (e) Object salience. (f) Semantic salience.
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(g) Training salience. (h) Object token entropy. (1) Visual modality contribution.

Hallucination Pattern

This section examines the distribution of actual versus predicted
object classes, highlighting how factors like semantic salience,

training salience, and input order contribute to hallucinations in
object recognition tasks.
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(a) Semantic salience.
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(b) Training salience.
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Adversarial Performance Analysis
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(c) Input order.

This section illustrates how LVLMs perform under adversarial
sequences, where object recognition accuracy drops significantly

for the last object in query sequence of AAAAB.
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(a) LLaVA-7B. (b) LLaVA-13B. (c) LLaVA-34B.



