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Abstract

Large vision language models (LVLMs) often suffer from object hallucination,
producing objects not present in the given images. While current benchmarks for
object hallucination primarily concentrate on the presence of a single object class
rather than individual entities, this work systematically investigates multi-object hal-
lucination, examining how models misperceive (e.g., invent nonexistent objects or
become distracted) when tasked with focusing on multiple objects simultaneously.
We introduce Recognition-based Object Probing Evaluation (ROPE), an automated
evaluation protocol that considers the distribution of object classes within a single
image during testing and uses visual referring prompts to eliminate ambiguity.
With comprehensive empirical studies and analysis of potential factors leading to
multi-object hallucination, we found that (1) LVLMs suffer more hallucinations
when focusing on multiple objects compared to a single object. (2) The tested
object class distribution affects hallucination behaviors, indicating that LVLMs
may follow shortcuts and spurious correlations. (3) Hallucinatory behaviors are
influenced by data-specific factors, salience and frequency, and model intrinsic
behaviors. We hope to enable LVLMs to recognize and reason about multiple
objects that often occur in realistic visual scenes, provide insights, and quantify
our progress towards mitigating the issues.

1 Introduction

Recent advances in large language models (LLMs) have motivated increasing efforts in adapting
them for understanding visual semantics, giving rise to a surge of large vision language mod-
els (LVLMs) [1, 36, 42]. These models, whether explicitly trained with grounding data [69] or
without [30], demonstrate an impressive grounded understanding of visual entities. This moti-
vates a new prompting paradigm based on user-provided visual cues, referred to as visual prompt-
ing [44, 59, 26, 57, 57]. Despite their promising performances on various downstream applica-
tions [35], LVLMs often suffer from object hallucination [43, 10, 25], where they produce objects
not present in a given image.

Although object hallucination was initially observed in image captioning describing multiple ob-
jects [43], current benchmarks for object hallucination primarily concentrate on the presence of a
single object class rather than individual entities. These benchmarks either verify if an object class
mentioned in the caption can ground to an object in the image [43, 18], or probe the model about the
existence of an object class, sometimes with additional attributes or relations to other objects [25, 31].
There are, however, two key limitations with these setups as shown by a case study in Figure 1.
First, grounding is not simply one-to-one between objects and classes, but a many-to-many mapping
between objects and phrases [19, 33]. For instance, “apples” could potentially correspond to multiple
referents in Figure 1, and the model doesn’t necessarily need to recognize all of them to provide such
aresponse. Therefore, being able to produce an object that exists in an image does not necessarily
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! Provide a detailed description of the given image.
U
e ... There are also multiple pieces of fresh fruit, such

as apples, pears, and a lemon. Additionally, there

are three jars of jam and a packet of M&M's Skittles

on the table. To the side, there's a bottle of water, @
and utensils including a whisk, a knife, and some  GPT-4V
spoons placed inside a blue mug...

(b) Captioning-based evaluation.

! 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 (c) Polling-based object probing.
each object located within red bounding . .
boxes from the following list: apple, orange, = Is there a whisk next to a knife?
banana, lemon, pear, plate, bowl, jar, Yes, there is a whisk next to a knife on the table in @
bottle, soda can, knife, fork, whisk, scissors, the image you provided. GPT-4V
packaged snack. (d) Object attribute/relation probing.

User | Provide the class names in the format: 'obj1:

<class1>, obj2: <class2>, obj3: <class3>, obj4: ! Does the caption accurately describe the image:
<class4>, obj5: <class5>', with no additional User "A whisk is placed to the right of a knife."
words or punctuations. No, the caption does not accurately describe the
obj1: apple, obj2: knife, obj3: fork, @ image. The whisk is actually placed to the left of the
obj4: apple, objs: jar GPT-4V knife on the table. GPT-4V
(a) Recognition-based object probing. (e) Counterfactual probing.

Figure 1: A case study that compares our Recognition-based Object Probing Evaluation (ROPE)
benchmark with existing benchmarks for object hallucination in GPT-4V. ROPE offers an automated
evaluation protocol with controlled output formatting and uses visual prompts to distinctly ground
to objects, thus mitigating referential ambiguity. Unlike binary inquiries relying solely on textual
descriptions, ROPE challenges the model to identify multiple objects concurrently. We observe
that, while GPT-4V can identify the whisk to the left of a knife when prompted about it, the model
hallucinates a “fork” when directly tasked to recognize multiple objects.

indicate that the model is free of hallucinations. Second, explicitly instructing the model to recognize
multiple objects poses greater challenges compared to simple yes/no inquiries that contain explicit
text descriptions for individual objects. For instance, while the model can correctly identify that
a whisk is positioned to the left of a knife when “a whisk” is deliberately prompted, as shown in
Figure 1(b-d), it may hallucinate a “fork” when directly prompted to recognize both the whisk and the
knife (i.e., Figure 1a). This could be due to the common association between knives and forks, which
leads to potential hallucinations when models are tasked to focus on multiple objects at the same
time. In real-world applications, multi-object querying is crucial for embodied Al tasks. For example,
in a cooking scenario, an agent must recognize multiple ingredients and tools simultaneously to
be effective. We also present a case study on autonomous driving (see Figure 8 and Figure 9 in
the appendix), demonstrating how common associations between cars, pedestrians and traffic lights
could lead to potential hallucinations. In addition, evaluating multiple objects simultaneously, rather
than querying each object individually, can significantly save both time and resources. To enable
LVLMs to recognize and reason about multiple objects that often occur in realistic visual scenes
and to better quantify the complex phenomena we observed, this paper investigates multi-object
hallucination, examining how models may misperceive (e.g., by inventing nonexistent objects or
becoming distracted) when tasked to focus on multiple objects concurrently, and which factors cause
the hallucinations.

We start by introducing Recognition-based Object Probing Evaluation (ROPE) for assessing multi-
object hallucination with formatted output control. ROPE features an automated evaluation protocol
without black-box neural models or humans as evaluators, and leverages visual prompts to uniquely
refer to objects to avoid ambiguity and multiple referents caused by object class names. ROPE
considers the distribution of object classes within each image at test time, dividing ROPE into 4
subsets: In-the-Wild, Homogeneous, Heterogeneous, and Adversarial. For instance, we investigate
scenarios where all tested objects belong to the same class or where each tested object represents a
different class. We conduct an in-depth analysis of the hallucination behaviors of LVLMs of different
scales and training data (e.g., whether grounding data and conversational data are used), and provide a
comprehensive analysis of potential factors that lead to multi-object hallucination. Our main findings



are: (1) LVLMs suffer from more hallucinations when tasked to focus on multiple objects, compared
to focusing on a single object; (2) The tested object class distribution affects the hallucination
behaviors, revealing that LVLMs may be following shortcuts and spurious correlations; (3) The
hallucinatory behaviors of LVLMs are affected by data-specific factors, salience and frequency, and
model intrinsic behaviors. These findings provide key insights for the development and application
of LVLMs, suggesting for more balanced object distributions, diverse annotations, and enhanced
multi-object instructions in grounded LVLMs. We hope this work takes a step towards LVLMs that
recognize and reason about multiple objects that often occur in realistic visual scenes.

2 Related Work

Large Vision-Language Models. There is a growing trend to harness and adapt the powerful
large language models (LLMs) for multimodal understanding beyond text [50, 1, 64, 40]. Especially,
visual instruction tuning has gained prominence for its competitive performance with a comparatively
moderate amount of data and computational resources, leading to a variety of Large Vision-Language
Models (LVLMs) [30, 29, 9, 74, 12, 55, 61, 21]. Grounding datasets have been shown to benefit
vision-language pre-training [32, 24, 33]. Researchers have developed a family of grounded LVLMs
focusing on object grounding to bounding box [39, 8, 70, 3, 62, 68, 38] and segmentation masks [20,
67, 56, 41, 69]. Of the large space of LVLMs, our work is most related to visual prompting [57, 59]
and object hallucination [43, 10]. The paragraphs below describe the two lines of work in detail.

Visual Prompting. LVLMs demonstrate their grounded understanding of user-provided visual cues,
giving rise to a practical and user-friendly prompting paradigm known as visual prompting [57, 59].
Early work on visual prompting in vision-language models can date back to tuning-based methods [2,
60]. Recent studies show that LVLMs demonstrate zero-shot understanding of user-provided visual
cues (e.g., a red circle) [44, 59]. This observation allows prompting LVLMs by editing images
directly in the pixel space, e.g., by adding visual marks or visual text [26]. Starting from Set-of-Marks
(SoM) prompting [57], several training-free methods have been introduced [23, 58, 51]. Recent
work further enhances visual prompt understanding by additional visual instruction tuning with
diverse visual prompts overlaid on the images [6], or explicitly represent visual pointer tokens in the
models [20, 62, 69]. We leverage visual prompting to avoid potential ambiguity in textual descriptions,
especially when evaluating multiple object hallucinations for objects of the same class.

Object Hallucination. Despite their promis- - - -
. Design Considerations #T
ing performance on benchmarks, these models ~ Benchmark Multi. Distr. Source Ref. Eval, #Test

frequent!y generate objects that do not existin ccgyal (6] Seen Text N 0.1k

the provided images, a problem known as 0ob- GAVIE [28] Mixed Text N 1k

Jject hallucination [43, 10]. Several methods  FAITHScore [18] Unseen Text N ?ﬁ
e : _ HaELM [53] Unseen Text N

have been suggested to mitigate the object hal M-HalDetect [13] Unseon Toxt H 0.8k

lucination issue, such as integrating an external  yivHal-Bench [45] Unseen Text N.H 0.1k
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object detector [66], applying visually grounded  CHAIR [43] Unseen A 46k
visual instruction tuning [62, 69] or reinforce- AMBER [52] Unseen Text A 1k
ment learning [45, 13], performing iterative re-  CIEM [15] Unseen Text A 3k

. K NOPE [31] Unseen A 3k
finement [73], and adapting the decoding strate-  pop |33 Train Unseen A 05k
gies [16]. To quantify progress on mitigating Seen & —
them, various benchmarks have been developed ~ ROPE (Ours) v Test Unseen Vis. A 5k

and have revealed the prevalence of object hallu-
cination, even in images that are seen during in-
struction tuning [66, 28]. We contrast our ROPE
benchmark against existing benchmarks and se-
tups in Table 1. ROPE, which is designed for
evaluating multi-object hallucination, is distin-
guished in several ways. First, we deliberately
consider the distribution of object classes within
a single image at test time. Object hallucination
is observed originally in image captioning ap-
plications, where multiple objects are described [43]. While existing research has demonstrated
that the object class distribution in the instruction tuning dataset can influence hallucination pat-
terns [25, 73, 52], the impact of object class distribution within an image at test time remains
under-explored. Second, current benchmarks concentrate on the presence of an object class or
distinguish instances using textual descriptions like attributes, which can still result in ambiguity and

Table 1: An overview of object hallucination
benchmarks. For design considerations, we sum-
marize the number of tested images, and if multiple
classes and object class distribution (at training
and test time) are considered. The image sources
include those seen or unseen during instruction tun-
ing. To refer to an object, textual descriptions and
visual cues can be adopted. For evaluation, neural
models, humans and automatic pipelines are used.




User

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

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

& objL:  predicted objL: e ound
a apple— class apple
LLaVA SIEE
34B obj1: apple, obj2:  Predicted obj1: fork, obj2:
class . Ground
apple knife truth
1
Forced obj1: apple, obj2: apple, obj3: obj1: fork, obj2: knife, obj3:
le fork
obj1: ? || soda can obji: ?, obj2: ?, app v 2=
. = obj3: ?, obj4: ?, obj5: ?
obj2:?  knife obj1: BRIE, obyz: IO obj1: apple, obj2: apple, obj1: fork, obj2: knife,
obj3: apple, obj4: I, obj3: apple, obj4: lemon, objs: obj3: whisk, obj4: lemon, objs:
obj5: ? | soda can objs: pear pear soda can

(a) Single-object. (b) Multi-object. (c) Student forcing. (d) Teacher forcing.

Figure 2: Different types of instruction settings of ROPE. In a single turn of prompting without
format enforcement, we probe the model to recognize the 5 objects referred to by the visual prompts
(a) one at a time in the single-object setting and (b) concurrently in the multi-object setting. We
further enforce the model to follow the format template and decode only the object tokens for each of
the five objects (c¢) without output manipulation in student forcing and (d) replacing all previously

generated object tokens with the ground truth classes in teacher forcing.

multiple referents. We instead leverage the visual referring prompting setups and use visual cues (i.e.,
marked bounding boxes) to refer to objects. Finally, our evaluation is automated, without black-box
neural models or human evaluators.

3 Recognition-based Object Probing Evaluation

We introduce the Recognition Object Probing Evaluation (ROPE), an automated protocol for assessing
LVLMs in multi-object recognition. ROPE specifically measures object hallucination in VLMSs within
a multi-object setting, examining how models may misperceive (e.g., by inventing nonexistent objects
or becoming distracted) when tasked to focus on multiple objects concurrently, and which factors
cause the hallucinations.

3.1 Task Setup

Problem Definition. To avoid ambiguity from multiple candidate referents when using text prompts,
ROPE leverages visual prompts to uniquely refer to objects. ROPE tasks LVLMs with selecting
the best matching class for multiple objects, as referred to by the visual prompt, from a predefined
set of object classes. Specifically, each sample in the ROPE protocol consists of a quadruple
{Z,L,{p1, - ,Pn), (01, -+ ,0n)}: (1) an image Z consisting of at least n objects; (2) a natural
language instruction £ that specifies the recognition task, including N candidate object classes
c1, ++ ,cn; (3) novisual prompts py, - - - , Py, €ach queries an object in the image; and (4) n object
classes o1, - - - , 0,, as the answers. In this work, we construct a dataset with N = 50 and n = 5, i.e.,
models are tasked with recognizing 5 objects out of 50 candidate object classes. Although we use
this dataset as an example, ROPE can be applied to any dataset containing multiple objects and their
bounding boxes.

Language Instruction Prompts. For a fair comparison that accommodates both open-weight
and API-based LVLMs, ROPE explicitly instructs models to generate a formatted output of object
classes, e.g., objl:<class1>, ., objb:<classb> (Figure 3). This format enables automated
evaluation through simple parsing. This format enables automated evaluation through simple parsing,
avoiding black-box neural models or human evaluators With different analytical purposes, we
designed 3 types of task prompts for Multi-Object queries, as illustrated in Figure 2 and described as
follows.

* Default: We probe the model to recognize the 5 objects referred to by the visual prompts concur-
rently in a single turn of prompting. This setting tasks the model with focusing on and recognizing
all 5 objects simultaneously, aiming to capture the complexity involved when the model generates
language that includes multiple objects.

* Student-Forcing: One potential confounder in the default setting is the model’s ability to generate
data in the specified format. To separate out errors due to following instructions, we force the
model to follow the format template and decode only the object tokens for each of the five objects.
Ideally, this setting allows the model to focus solely on object recognition.



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.

! Provide the class names in the format: 'obj1: <class1>, obj2: <class2>, obj3: <class3>, obj4: <class4>, obj5: <class5>', with
User  no additional words or punctuations.

& GPT-4V 4+Gemini 1.0 Pro 3% Qwen-VL-Chat A LLaVA-7B
obj1: apple obj1: apple obj1: apple obj1: apple
obj2: knife obj2: orange obj2: lemon obj2: orange
obj3: fork obj3: banana obj3: bottle obj3: banana
obj4: apple obj4: lemon obj4: packaged snack | obj4: lemon

b objs: jar objs: pear objs: jar objs: pear
Ground Truth f ®GPT-40 4 Gemini 1.5 Pro/| 17 Qwen-VL-Max | 4 LLaVA-34B
obj1: fork g obj1: packaged snack  obj1: fork obj1: packaged snack | obj1: apple
obj2: knife obj2: knife obj2: knife obj2: knife obj2: apple
obj3: whisk obj3: whisk obj3: whisk obj3: soda can obj3: apple
obj4: lemon obj4: lemon obj4: lemon obj4: lemon obj4: lemon
obj5: jar objs: jar objs: jar objs: jar objs: pear

Figure 3: A heterogeneous ROPE sample tested with Deafult multi-object query, where each of the 5
objects belongs to different object classes. We label the output class as either correct or hallucinated.

ZLLaVA-7B ZLLaVA-7B
obj1: apple obj1: apple
obj2: apple obj2: apple
obj3: apple obj3: apple
obj4: apple 3 obj4: apple

. b objs: apple = bk obj5: apple
Ground Truth &LLaVA-34B | Ground Truth - ALLaVA-34B
obji: apple = ¥ obj1: apple obj1: apple . obj1: apple
obj2: apple \ obj2: apple obj2: apple s obj2: apple
obj3: apple obj3: apple obj3: apple obj3: apple
obj4: apple obj4: apple obj4: apple obj4: apple
objs: apple objs: apple objs: orange objs: apple

Figure 4: A homogeneous ROPE sample, where the 5 objects belong to the same object class, and a
corresponding adversarial ROPE sample, where the last object belongs to a different object class.

* Teacher-Forcing: This setting eliminates cumulative error, allowing the model to condition on the
correct previous context when generating object classes, leading to upper bound performance in
multi-object recognition. We similarly force the model to follow the provided template and decode
only the object tokens for each of the five objects, but we replace the previously generated object
tokens with the ground truth. This essentially follows the few-shot in-context learning setting.
Teacher forcing helps especially when LVLMs take shortcuts by repeating the object class list as
ordered in the prompt (e.g., LLaVA-7B [30] and Gemini 1.0 Pro [48] in Figure 3).

For comparison, we also designed task prompts for Single-Object query. We probe the model to
recognize the object referred to by the visual prompts one at a time, repeating this as 5 independent
and individual prompts. Unlike Default multi-object query, the model only needs to focus on one
object, which can be seen as an extension of the POPE [25] setup from yes/no polling to classification.
We refer to Appendix A.1 for the prompt templates for each type of task prompt.

3.2 Dataset Construction

Data Sources and Curation. Since our goal is to evaluate and analyze multi-object hallucina-
tion, the image data must contain multiple objects of diverse classes with instance-level semantic
annotations. We build our dataset upon existing panoptic segmentation datasets, including MSCOCO-
Panoptic [27, 5] and ADE20K [72], to ensure access to all object instances and their semantic classes.
We note that one can build a dataset using the ROPE protocol with any dataset containing multiple
objects and their bounding boxes. We describe the data curation pipeline in Appendix A.1.

Splits by Query Distributions. As shown in Figure 3and 4, our initial observations indicate that
LVLMs are less likely to hallucinate objects when they are tasked with recognizing the same object
class multiple times. However, they tend to make more mistakes when all tasked object classes are
different or when a new object class is introduced after multiple repeated tasks. We thus consider
the distribution of object classes within each image at test time, dividing ROPE into 4 subsets:
Homogeneous, Heterogeneous, and Adversarial, In-the-Wild.

* Homogeneous: All the 5 tested objects are of the same class, e.g., AAAAA.

* Heterogeneous: All the 5 tested objects are of different classes, e.g., ABCDE.

* Adversarial: The first 4 tested objects are of the same class while the last is different, e.g., AAAAB.

* In-the-Wild: A subset with mixed object class distribution, where the 5 tested objects are randomly
chosen and ordered given a test image.



Attending to Data Contamination. While data contamination has been explicitly handled in most
of the existing benchmarks, object hallucination has been observed even in images that appear in
the instruction tuning dataset, such as Visual Genome [66, 28]. To evaluate whether multi-object
hallucination can be observed in both seen and unseen images, and to critically determine if training
on these images helps reduce hallucinations, we explicitly split our dataset into Seen and Unseen
based on the original split of the datasets.> Depending on the object query distributions (4 splits) and
whether the image appears in the training split (2 splits), we divide the test into 8§ folders.

4 Experiments and Results

4.1 LVLM Baselines

The proposed ROPE framework, in principle, applies to all LVLMs that can follow format instructions
and understand multiple visual prompts. To cover a variety of LVLMs of different scales and training
data (e.g., whether grounding data and conversational data are used), we selected the following
LVLMs as baselines.

e LVLMs with base LLMs at different scales: LLaVA v1.6 (7B/13B/34B) [30, 29] and Yi-VL
(6B/34B) [63].

* LVLMs with conversational/grounded instruction tuning: QwenVL-Base/Chat (7B) [3] and
CogVLM-Base/Chat/Grounding v1.1 (19B) [54].

+ Mechanistically grounded LVLMs: GLaMM (7B) [41] and GroundHOG (7B) [69].

LVLMs with RL-based finetuning: MiniCPM-V [65]

Other LVLMs: IDEFICS-instruct (9B) [22], MiniCPM-V v2.5 (8B) [? ? ], GPT-4V [36], and

GPT-40 [37].

For mechanistically grounded LVLMs that take visual prompts through specially designed mecha-

nisms, such as pointer tokens in GroundHOG [69], we additionally experiment with their default

format and report whichever yields higher performance. For other LVLMs, we overlay the visual

prompts on the images using a red bounding box with a width of 2 and visual text specifying the

object index, presented with a white italic font on a black background with an alpha value of 0.75 for

contrast and visibility.

4.2 Main Results and Findings

We summarize the average results across the splits in Table 2 and present the most important findings
below. The full tables appear in Appendix A.2.

Multi-object tasks introduce more hallucinations. Our immediate observation is that LVLMs
suffer from more hallucinations when tasked with focusing on and recognizing multiple objects
compared to a single object. Across most of the models and test splits, we find that the average
accuracy of single-object queries (i.e., probing object classes one at a time) significantly outperforms
that of all three types of multi-object queries. The first exceptions are GPT-40, MiniCPM-V, and
CogVLM-2, the latter two leverage LLaMA-3 [34]. Another exception to this is when teacher-forcing
is applied to homogeneous test splits, which demonstrates an unreasonably high accuracy. We discuss
them later in this section.

Heterogeneous queries introduce more hallucinations. We find that for all models and query
methods, more heterogeneous queries lead to substantially more hallucinations, with performance
decreasing from homogeneous to in-the-wild to heterogeneous test sets. The impact of heterogeneity
applies to even start-of-the-art LVLMs like GPT-40 (Figure 3), although this performance gap is
more significant in open-weight models.

Language bias and shortcuts can lead to multi-object hallucinations. In the teacher-forcing
setting, where there are no cumulative errors, LLaVA models score over 90% accuracy. There are
three possible hypotheses for this abnormal observation: (1) LVLMs are smart enough to learn object
recognition in general through few-shot in-context learning in the teacher-forcing setting; (2) LVLMs
learn to recognize one specific object through few-shot in-context learning in the teacher-forcing
setting; or (3) LVLMs simply exploit language biases and rule-based shortcuts (e.g., repeating
previous answers). To reach a conclusion on this, we examine an Adversarial split, in which the
first four tested objects are of the same class and we probe an object of a different class for the
last one (e.g., AAAAB). We compare the single-object query performance with the teacher-forcing

We believe this approach is the best practice, but we also acknowledge that the distinction between seen and
unseen images may not be strict. Uncurated web images often overlap with public test images, and researchers
have no transparent access to the datasets used to train some of these LVLMs unfortunately [11].



Default Multi-Object Student-Forcing Teacher-Forcing Single-Object

Models Wild Hom. Het. Wid Hom. Het. Wid Hom. Het. Wild Hom. Het.
Seen
Yi-VL-6B 295 565 199 344 6.80 378 545 2625 436 0.19 030 0.13
Yi-VL-34B 8.50 1535 333 897 1630 423 10.09 19.75 494 022 260 0.13
LLaVA-7B 31.29 67.50 8.00 31.28 67.25 11.22 3149 92.15 1237 3532 6235 17.37
LLaVA-13B 31.54 67.63 12.64 31.49 73.25 11.54 3497 94.25 16.03 43.13 80.60 2391
LLaVA-34B 3995 85.75 18.85 52.75 85.20 3391 56.41 9581 25.31 55.05 86.50 18.97
Qwen VL 273 6.60 1.03 625 1600 3.65 18.74 7150 545 873 16.05 5.58
wen VL-C 8.72 1690 6.67 526 860 4.10 12.11 47.75 8.08 2599 4340 13.21
ogVLM 0.04 000 000 0.00 0.00 0.00 010 095 0.00 0.00 0.00 0.00
CogVLM-G 0.00 000 000 986 1350 6.79 22.64 7545 045 11.25 22.65 7.12
CogVLM-C 12.89 22.75 7.18 2537 43.63 12.03 28.25 72.80 17.50 30.16 56.00 16.35

LLaVA-7B* N/A 9.16 1640 5.51 N/A 11.68 2355 9.36
GLaMM* N/A 27.11 5335 13.01 N/A 63.81 81.75 53.40
GroundHOG* N/A 23.57 30.80 24.23 N/A 4480 43.10 38.97
IDEFICS 0.00 145 0.13 6.25 1870 0.64 76.15 10.06 4.62 0.00 0.32

17.37
CogVLM-2 21.51 37.55 1731 37.02 70.85 12.69 37.10 73.50 17.44 21.16 38.75 13.65
MiniCPM-V 3475 5991 1737 31.62 62.80 13.65 32.16 68.05 16.79 27.42 5535 16.92

GPT-4V 53.80 77.55 40.83 N/A N/A 55.89 78.25 41.03
GPT-40 71.27 89.25 66.03 N/A N/A 60.77 73.92 54.31
LLaVA-7B% 21.26 5240 17.69 N/A N/A 30.59 60.85 12.69
+OPERA 24.07 58.65 7.35 N/A N/A 30.44 60.85 13.27
Unseen

Yi-VL-6B 274 388 1.14 3.18 424 520 4.04 1090 10.57 0.14 045 0.08

Yi-VL-34B 777 1563 423 1028 18.04 797 1124 2249 1203 046 237 041
LLaVA-7B 30.56 68.12 1033 30.55 68.16 10.24 31.89 90.33 1325 34.88 64.41 16.18
LLaVA-13B  27.56 63.10 8.37 27.41 63.10 837 35.65 91.09 14.80 42.66 71.92 2341
LLaVA-34B  29.30 79.43 17.72 29.45 91.18 1439 3740 95.51 17.92 51.71 77.88 30.81

Qwen VL 280 195 7.06 7.17 1641 4.15 10.34 58.00 4.07 17.73 31.22 9.51
wen VL-C ~ 18.86 30.73 8.78 16.16 27.80 7.72 21.81 58.00 11.14 3420 5731 15.37
ogVLM 0.03 000 0.00 0.00 000 000 0.00 0.15 0.00 0.00 0.00 0.00

CogVLM-G 0.00 000 0.00 820 147 577 23.82 8120 1.81 1032 10.74 9.11
CogVLM-C 1556 2657 5.53 17.18 41.27 6.02 2281 56.04 6.67 30.56 52.00 13.50

LLaVA-7B* N/A 7.59 12.12 4.88 N/A 12.71 2249 8.46
GLaMM* N/A 29.11 54.53 14.23 N/A 68.65 77.06 52.28
GroundHOG* N/A 23.11 24.69 26.26 N/A 40.73 30.37 38.13
IDEFICS 039 037 033 9.03 2445 268 2480 83.02 764 462 3.67 650

CogVLM-2 2099 35.06 1593 24.64 38.04 23.17 26.74 46.04 26.59 11.13 3094 5.77
MiniCPM-V 3296 5992 16.60 31.77 5898 14.15 31.87 60.98 1634 2556 47.76 14.39

GPT-4V 4546 63.12 34.17 N/A N/A 4734 6494 3545
GPT-40 63.27 80.29 54.47 N/A N/A 63.45 79.84 53.74
LLaVA-7Bf  13.96 31.88 3.98 N/A N/A 26.95 5441 11.06
+OPERA 1320 37.14 3.82 N/A N/A 2790 56.69 11.22

* Mechanistically grounded LVLMs take visual prompts by dedicated pointer tokens. We slightly adapt the
text prompt and probe the object classes with the highest probabilities. We also apply such probabilistic
probing to LLaVA-7B for comparison, as all of three models adopt Vicuna-7B v1.5 [71] as the base LLM.
See Appendix A.1 for details.

T For GPT models, student/teacher forcing doesn’t apply as they are API-only.

¥ OPERA is implemented based on LLaVA-7B v1.5.

Table 2: Averaged accuracy of baselines on the In-the-Wild, Homogeneous, and Heterogeneous
splits. The bold marker denotes the best-performing baseline and the underlined marker denotes the
second-best-performing baseline.

performance on the fifth object (object B). We anticipate the following outcomes: If hypothesis (1) is
correct, the teacher-forcing performance should outperform the single-object query. If hypothesis
(2) is correct, the teacher-forcing performance should perform on par with the single-object query.
If hypothesis (3) is correct, the teacher-forcing performance should underperform compared to the
single-object query. For a controlled comparison in the multi-object setting, we also reverse the order
of queries (i.e., BAAAA) and repeat the experiments.

We present the results of LLaVA models on the unseen split in Figure 5, with the full results available
in Appendix A.2. We find that the model’s predictions on class A progressively improve, scoring
nearly perfectly starting from the third repetition. However, the model’s performance on the last
object (with the different class label B) drops to nearly zero, with almost all hallucinations labeling it
as A. This is in stark contrast to 23.35% if these objects are probed individually or 19.16% when these
objects are placed as the first to query in multi-object settings. Our findings suggest that hypothesis
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Figure 5: The performance of the LLaVA on the adversarial split, organized by the query sequence of
AAAAB and BAAAA, reveals significant vulnerabilities as the model’s accuracy dramatically declines
for object 5 in AAAAB. SO stands for single-object probing and TF stands for teacher-forcing probing.

(3) is true, indicating that the LVLMs’ high performance on homogeneous queries could be an illusion
resulting from textual shortcuts. We observe that models show lower performance in identifying
object class B in single-object analysis, potentially due to the higher salience of object class A in
these images.

Multi-object hallucinations occur in both seen and unseen images. We finally investigate
whether our observations and findings hold uniformly in both seen and unseen splits. We observe that
the gap between multi-object hallucination and single-object hallucination, as well as the reliance
on shortcuts, persists. Although most of the models perform slightly better on seen images, the
trends remain consistent across both splits. While large-scale training is involved in developing
these LVLMs, it appears they might not have fully exploited the fine-grained information in the data.
Training on these images does not significantly reduce object hallucinations.

4.3 What May Help and What May Not?

Comparing the tested LVLMs, we discuss our observations regarding design considerations that may
or may not help reduce multi-object hallucinations.

Scaling the base LLM: data and parameters. We find that using base LLMs with more parameters
reduces single-object hallucinations, but may not have the same effect on multi-object hallucinations.
We observe a consistent increase in performance with larger LLaVA models in the seen set and in
single-object queries, but not in the unseen set with multi-object queries. One possible explanation
for this finding is that LLMs with more parameters are better at memorizing seen images, as the
performance gap between seen and unseen images is also more significant in larger models. We also
notice that the performance gap between single-object probing and multi-object probing does not
apply to MiniCPM-V and CogVLM-2, which adopt a LLaMA-3 (8B) [34] base LLM pre-trained
with 15T tokens, as they fail to follow the instruction sometimes. Compared to LLaVA models
developed upon LLaMA-2 (7/13B) [49] and Yi (34B) [63] with 2T and 3T pre-training tokens, these
models underperform in quantitative measures due to instruction following error but exhibit greater
robustness when multiple visual prompts are presented.

Visual instruction fine-tuning: chat and grounding. While it’s surprising that conversational
tuning reduces multi-object hallucinations, we observe that models without conversational tuning
struggle to follow instructions and are prone to shortcuts, such as repeating the list of all object
class candidates in order or consistently repeating the first candidate. This might also explain why
grounded tuning in CogVLM-G is of little help in reducing multi-object hallucinations thus far. These
models typically lack conversational fine-tuning, and there is currently no available grounded dialogue
data at scale. While mechanistically grounded LVLMs show strong performances in single-object
probing, there remain a gap in multi-object probing with student forcing. This could be attributed to
a significant portion of the grounded instruction tuning dataset consisting mainly of short captions or
questions featuring one single or few objects.RL-based finetuning approaches, such as MiniCPM-V,
demonstrate promising results across diverse settings, surpassing single-object results in both the
Wild and Homogenous settings. Upon inspection, we found that this model demonstrates strong
visual in-context learning capability and improves correct recognition when objects of the same
classes are probed together.

Decoding and inference time strategy Decoding algorithms like OPERA introduce nuanced
improvements in specific multi-object settings[17]. In default multi-object tasks, OPERA shows
marginal performance enhancements for LLaVA-1.5, but its effectiveness declines in tests with greater
heterogeneity, to the point it can even lower performance. This suggests OPERA is beneficial in
homogeneous contexts but requires further refinement in handling mixed object scenarios effectively.
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Figure 6: A comparison of the distribution of hallucinatory versus non-hallucinatory object classes in
LLaVA-13B, across the unseen split under student forcing.

5

Analysis of Hallucinatory Behaviors

5.1 Potential Hallucinatory Factors

The task setup described above allows us to evaluate LVLMs in multi-object hallucinations and
identify hallucinatory behaviors. Based on existing literature and our case studies, we further identify
potential factors that correlate to and potentially explain these hallucinations.

Data-specific Factors. We consider the following factors that are specific to the tested sample (e.g.,
object and token positions), and are not relevant to the frequency distribution.

Input Order: we consider the order in which the object classes are presented in the input prompt
containing all candidates.

Query Homogeneity: We define query homogeneity as the total number of task objects of the same
class, normalized by the total number of queried objects (five in this work).

Object Token Position: Zhou et al. [73] has shown that more hallucinations occur in the latter part
of captions. In this work, the object indices directly correspond to the object token positions.
Object Homogeneity: We define object homogeneity as the number of object types in the image,
calculated upon panoptic annotations.

Object Centrality: Previous research has identified a center bias in datasets and models, indicating
that objects are disproportionately located at the center of images in detection models [46, 47]. We
define object centrality as one minus the distance d between the object’s bounding box center and
the image center, normalized by the diagonal distance D from the center to the corner.

Salience and Frequency. We consider the following factors that are related to the saliency or
frequency of the visual object or the object class.

Object Salience: Previous research has shown that smaller objects are harder to detect and ground
to [14, 33]. We define object salience as the ratio of the number of pixels occupied by the object’s
instance segmentation mask to the total number of pixels in the image.

Semantic Salience: We observe and hypothesize that LVLMs are less likely to hallucinate objects
when they co-occur with multiple copies of the same class (“jar” in Figure 3). We define semantic
salience as the ratio of the total number of pixels in all instances of the same class, to the total
number of pixels in the image.

Training Salience: Previous research has shown that spurious co-occurring patterns in the training
data can lead to object hallucinations [25, 73]. We use the log frequency of classes in MSCOCO
as a proxy for training salience following previous work, and hypothesize that LVLMs tend to
hallucinate more on less frequent objects in the training set.

Model Behaviors. We consider the following factors relevant to the mechanistic behaviors.

Object Token Entropy: Zhou et al. [73] have shown that object hallucinations are more likely
when the decoded object tokens have a higher log perplexity. In our work, we define object token
entropy as the entropy of the logits of the first token in the generated word. Given s as the softmax
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Figure 7: A comparison of the distribution of actual versus predicted object classes for all hallucinatory
objects in the student forcing setting on the unseen split using LLaVA-13B.

logits of the generated word’s first token, we calculate the entropy using the following formula:
H(s) = —)_,s;log(s;). Simply put, higher entropy indicates greater uncertainty in the model’s
prediction for the first token, which can lead to more frequent object hallucinations.

* Visual Modality Contribution: We hypothesize that LVLMs pay less attention to the visual modality
during object hallucinations. Motivated by the modality importance score [7], we define Visual
Modality Contribution (VMC) as the proportion of attention allocated to visual tokens compared
to textual tokens. To quantify this, we analyze the attention weights of the last generated token
across all heads and layers. The VMC is computed as follows: VMC =3, -/ (Yiev oij +

dokeT ozkj) , where «y;; represents the attention weight assigned to visual token : at head j, and
a5 represents the attention weight assigned to textual token £ at head j. The sets V' and " denote
the visual and textual tokens, respectively. By examining the VMC, we can determine how much
attention is given to visual inputs in comparison to textual inputs. A lower VMC may indicate a
higher likelihood of object hallucinations due to insufficient attention to visual cues.

5.2 'When Do LVLMs Experience Multi-Object Hallucinations?

In Figure 6, we compare the distribution of these factors between hallucinatory and non-hallucinatory
objects in the student forcing setting on the unseen split using LLaVA-13B. For continuous values,
we use ridgeline plots, and for discrete values with fewer bins, we use bar charts.

Data/Task-specific Factors. We observed that specific data factors, such as query and object
homogeneity, significantly influence model performance, with increased hallucination occurring
when models process images featuring multiple object classes or a variety of objects. For positional
factors, the position of object tokens seems to have minimal impact and the object centrality has only
a slight influence as LVLMs tend to hallucinate objects more frequently when they are positioned
away from the center. This tendency may stem from a reporting bias, as objects mentioned in captions
are typically foreground objects that distribute toward the centers of images.

Salience and Frequency. We note that semantic salience significantly affects the model’s per-
formance, as it is more prone to hallucinate an object class that is less salient within the image.
Conversely, the salience of individual objects does not statistically correlate with hallucination inci-
dents. This implies that LVL.Ms may rely more on the presence of co-occurring objects of the same
class to predict the labels of queried objects, rather than solely on the presence or salience of the
objects themselves. Additionally, training salience plays a crucial role as models are less likely to
hallucinate object classes that frequently appear in training.

Intrinsic Behaviors. The intrinsic behaviors of the model provide significant insights into its
tendencies to hallucinate. Similar to Zhou et al. [73], we find that models are more prone to
hallucination when they experience uncertainty or confusion, especially in scenarios involving
multiple objects, as evidenced by higher token entropy. Furthermore, the contribution from the visual
modality consistently registers below 20%, suggesting that current LVLMs may rely more heavily on
linguistic contexts. There is a marginal increase in the likelihood of hallucination when models pay
less attention to the visual context.

5.3 How Do LVLMs Experience Multi-Object Hallucinations?

In Figure 7, we conducted a detailed comparison of the distribution of actual versus predicted object
classes within the context of hallucinatory objects, examining factors such as semantic salience,
training salience, and input order. Although semantic salience is a key factor in determining whether
a model hallucinates, it appears to have minimal impact on the prediction of hallucinated objects. Our
analysis also shows that models are more likely to hallucinate object classes that are prevalent in the
training data, but the reverse is not necessarily true. Additionally, there is a notable preference for
models to hallucinate objects that are listed early in the input prompt as candidate classes. Overall,
our findings indicate that spurious correlations may lead to hallucinations involving multiple objects.
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6 Discussions and Conclusion

Hallucinations in large vision-language models (LVLMs) can occur at different scales and granu-
larities. In this study, we study the problem of multi-object hallucination, examining how LVLMs
may misperceive when tasked to focus on multiple objects concurrently, and which factors cause the
hallucinations. we introduce Recognition-based Object Probing Evaluation (ROPE), an automated
evaluation protocol designed to account for the distribution of object classes within a single image
during testing and to use visual referring prompts to reduce ambiguity. Our research provides key
insights for the development and application of LVLMs. Since models tend to experience more
hallucinations with multiple objects than with single ones, it may be advantageous to probe objects
individually in visual prompts to enhance performance. The likelihood of a model’s hallucinatory
output is linked to various data factors and model behaviors. Particularly in situations involving
heterogeneous data and low certainty from the model, there is an increased risk of hallucinations, and
users should be vigilant. Moreover, our analysis indicates that merely adopting (grounded) instruction
tuning and scaling the base language model may not be enough to fully address the issue of object
hallucination. There is a need for more balanced object distributions, annotations of objects away
from image centers, and an increase in diversity. Introducing instructions that require multiple visual
pointers and complex multi-object reasoning is also crucial.
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misuse of the technology.
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Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of

data or models that have a high risk for misuse (e.g., pretrained language models, image generators,

or scraped datasets)?

Answer: [NA]

Justification: This paper does not pose such risk.
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» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
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Question: Are the creators or original owners of assets (e.g., code, data, models), used in the
paper, properly credited and are the license and terms of use explicitly mentioned and properly
respected?

Answer: [Yes]
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* For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.
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New Assets

Question: Are new assets introduced in the paper well documented and is the documentation

provided alongside the assets?

Answer: [Yes]
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Curation Pipeline and we will release the dataset to the public soon.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

* The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create
an anonymized URL or include an anonymized zip file.

Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
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details about compensation (if any)?
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Justification: This paper does not involve crowdsourcing nor research with human subjects.
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* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human Sub-
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risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals
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Answer: [NA|

Justification: This paper does not involve crowdsourcing nor research with human subjects.
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» The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly
state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.
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A Additional Experiments, Results, and Discussions

A.1 Reproducibility

Data Curation Pipeline. Our data curation pipeline involves several essential steps designed to
prepare and refine our dataset for evaluating multi-object hallucination. The pipeline begins by
filtering images and candidate objects to query. We consider valid objects to be those belonging to the
top 50 “thing” classes and exclude objects with a bounding box area less than 1% of the total image
area. We discard images containing fewer than 5 valid objects, and allow an intersection-over-union
between bounding boxes of no more than 0.1, which preserves data integrity while ensuring high
image quality. We apply this pipeline to MSCOCO-Panoptic [27, 5] and ADE20K [72].3

Dataset Total CcoCco ADE
Wild 1539 /1172 732/547 807/625

Hom. 3127490 168/289 144/201
Het. 400/246  200/76 200/170
Adv. 168/334  54/170 114/164

Table 3: Data statistics (Train/Validation)

Language Instruction Prompt Templates. We illustrate the 4 types of task prompts for Single-
Object and Multi-Object queries in Figure 2, and document the prompts below.

* Multi-Object Default Probing, Student Forcing, and Teacher Forcing:

Select one and the most appropriate class for each object located within red bounding boxes from the
following list: [CLASS NAMES]. Provide the class names in the format: "objl: <class1>, obj2: <class2>,
obj3: <class3>, obj4: <class4>, obj5: <class5>’, with no additional words or punctuations.

\.

* Multi-Object Probabilistic Probing:

(GroundHOG) Describe object 1 <PTR> and object 2 <PTR> and object 3 <PTR> and object 4 <PTR> and
object 5 <PTR>. obj1: <class1>, obj2: <class2>, obj3: <class3>, obj4: <class4>, obj5: <class5>

(GLaMM) What are the classes of [<bbox> LIST]? objl: <class1>, obj2: <class2>, obj3: <class3>,
obj4: <class4>, obj5: <class5>

(LLaVA) There are five red bounding boxes in this image.For each object within the red bounding boxes,
identify its class. Provide the class names in the format: ’objl: <class1>, obj2: <class2>, obj3:
<class3>, obj4: <class4>, obj5: <class5>’, with no additional words or punctuation.

* Single Object Default Probing:

~

Select the single, most appropriate class for obj<obj_num> located within the red bounding box from
the following list: [CLASS NAMES]. Your response should consist solely of the class name that
obj<obj_num> belongs to, formatted as only the class name, without any extra characters or
punctuations.

* Single Object Probabilistic Probing:

(GroundHOG) Describe object <PTR> in a word.

(GLaMM) What is the class of <bbox>?

(LLaVA) Describe the object in the red bounding box labeled obj<obj_num> in a word.

3Available at https://huggingface.co/datasets/sled-umich/ROPE

22


https://huggingface.co/datasets/sled-umich/ROPE

Computational Resources. Our experiments were conducted on eight A40 and four A100 GPUs
slightly over a week. The computational bottleneck was not the numerical accuracy values but the
collection of potential hallucinatory factors for analytical purposes, including logits and attention
values for each head and layer.

A.2 Additional Experiments and Results

Per-object Performance. We provide the per-object performance in the following Table 5 and

Table 6.

Autonomous Driving Case Study. Figures 1 and 2 are taken from the nuScenes dataset [4] for
autonomous driving. Figure 1 illustrates the single-object case, where each object is identified
independently. Figure 2 demonstrates the multi-object case, where multiple objects are detected
simultaneously. The multi-object case exhibits more hallucination errors compared to the single-
object case. This finding underscores the importance of studying multi-object hallucination, especially
in real-world scenarios like autonomous driving, where multiple objects need to be detected accurately
at the same time.

Select the single, most appropriate class for obj{obj _num} located within the red bounding box from Qround Truth
the following list: car, pedestrian, bicycle, motorcycle, bus, truck, traffic light, stop sign, parking 023.1: pedestrian
obj2: car

meter, bench, fire hydrant, street sign, crosswalk, traffic cone, construction barrier.

Your response should consist solely of the class name that obj{index} belongs to, formatted as only
the class name, without any extra characters or punctuation.

obj3: traffic light
obj4: pedestrian
objs: traffic light

User

o \l,’ ©GPT-40 [+ Claude 3.5 ZLLavVA-13B
! p 7 -
P obj1: pedestrian obj1: pedestrian || obj1: car

obj2: car obj2: car obj2: car

obj3: traffic light
obj4: pedestrian
objs: traffic light

obj3: traffic light
obj4: pedestrian
objs: traffic light

obj3: traffic light
obj4: traffic light
objs: traffic light

obj2: car
obj3: car
obj4: pedestrian
objs: pedestrian

obj3: traffic light
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objs: traffic light

Figure 8: A case study of single-object hallucination under the default setting in nuScenes [4].

User

Select one and the most appropriate class for each object located within red bounding boxes from the
following list: car, pedestrian, bicycle, motorcycle, bus, truck, traffic light, stop sign, parking meter,

bench, fire hydrant, street sign, crosswalk, traffic cone, construction barrier.

Provide the class names in the format: 'obj1: <class1>, obj2: <class2>, obj3: <class3>, obj4: <class4>,

obj5: <class5>', with no additional words or punctuations.

Ground Truth

obj1: pedestrian

obj2: car

obj3: traffic light
obj4: pedestrian
objs: traffic light

V'I

fe,giH e

obj2: car

obj2: car
obj3: car

obj5: pedestrian

[ # Claude3.5 || A LLaVA-13B

obj1: pedestrian obj1: pedestrian || obj1: car

obj2: car obj2: car
obj3: traffic light obj3: traffic light || obj3: car
obj4: pedestrian obj4: pedestrian || obj4: car
objs: traffic light objs: pedestrian || objs: car

17 Qwen 2.5 | 4 LLaVAPhigMini
obj1: pedestrian obj1: pedestrian obj1: car

obj2: car obj2: car

obj3: traffic light || obj3: car
obj4: pedestrian obj4: pedestrian || obj4: car

objs: traffic light | objs: car

Figure 9: A case study of multi-object hallucination under the default setting in nuScenes [4].

B Limitations, Licenses, and Risks

B.1 Limitations

ROPE represents one of the pioneering efforts to publicly address the issue of multiple object
hallucination. However, we acknowledge several limitations in our work: (1) The lack of transparency
in the LVLMs makes it difficult to guarantee that our unseen dataset has not been previously exposed.
(2) Our evaluation benchmark uses a fixed set of semantic objects, which may introduce bias and
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impose unnecessary constraints on the LVLMs’ ability to follow instructions and reason effectively.
(3) The evaluation process can be slow, as it involves performing five inferences per image for both
student forcing and teacher forcing.

B.2 Artifacts and licenses

We report a list of licenses for all datasets and models used in our experiment in Table 4. We strictly
follow all the model licenses and limit the scope of these models to academic research only.

Data Sources URL License

MSCOCO 2017 Link CCBY 4.0

ADE20K Link BSD-3-Clause

Software Code ~ URL License

LLaVA Link Llama Community Licence
Qwen-VL Link Tongyi Qianwen Licence
CogVLM Link CogVLM Licence
IDEFICS Link Llama Community Licence
Yi-VL Link Yi Community Licence
MiniCPM-V Link  Apache License 2.0
GLAMM Link  Apache License 2.0
GPT-4V/40 Link OpenAl Term of Use

Table 4: License information for the scientific artifacts used.
B.3 Ethical concerns and risks

This study does not require human annotators or participants for its interactive experiments. Instead,
it utilizes publicly available datasets and content created by models for evaluation purposes. We are
aware that these public data might introduce biases and sensitive elements, and it is essential for
future research to address these concerns, possibly by creating datasets that incorporate fairness-based
filtering and metrics.
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https://cocodataset.org/#download
https://groups.csail.mit.edu/vision/datasets/ADE20K/
https://github.com/haotian-liu/LLaVA
https://ai.meta.com/llama/license/
https://github.com/QwenLM/Qwen-VL
https://github.com/QwenLM/Qwen-VL?tab=License-1-ov-file
https://github.com/THUDM/CogVLM
https://github.com/THUDM/CogVLM/blob/main/MODEL_LICENSE
https://huggingface.co/HuggingFaceM4/idefics-9b-instruct
https://ai.meta.com/llama/license/
https://huggingface.co/01-ai/Yi-VL-34B
https://huggingface.co/01-ai/Yi-VL-34B/blob/main/LICENSE
https://github.com/OpenBMB/MiniCPM-V
https://github.com/OpenBMB/MiniCPM-V/blob/main/LICENSE
https://github.com/mbzuai-oryx/groundingLMM
https://choosealicense.com/licenses/apache-2.0/
https://chatgpt.com/
https://openai.com/policies/terms-of-use/

Model Multi-Object Student Forcing Teacher Forcing Single-Object

Wild Hom. Het. Adv. Wild Hom. Het. Adv. Wild Hom. Het. Adv. Wild Hom. Het.

object 1

Yi-VL-6B 3.17 3.67 122 329 351 388 1.63 359 3.51 388 1.63 359 0.09 1.02 0.00
Yi-VL-34B 10.01 16.12 5.69 1048 10.35 18.16 691 11.38 10.35 18.16 691 11.38 043 224 0.00
LLaVA-7B 3499 67.14 1341 5539 3490 67.14 13.41 5539 3490 67.14 13.41 5539 3499 65.71 15.04
LLaVA-13B  29.77 62.86 12.60 51.20 29.52 62.86 12.60 50.60 32.34 63.09 12.60 50.60 40.96 72.24 23.17
LLaVA-34B  26.61 77.55 17.48 62.87 38.58 88.19 14.23 60.97 38.58 88.19 14.23 60.97 48.33 77.55 27.64
QwenVL 401 244 592 419 956 2041 691 1647 1049 20.82 528 17.96 1839 32.04 9.76
wenVL-C  22.53 28.16 13.41 24.25 22.61 33.88 13.41 2425 2321 32.86 894 23.65 34.13 59.80 16.67
ogVLM 1.20 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 894 147 9.76 7.02 10.16 1650 4.17 10.71 11.83 1397 8.94
CogVLM-G  17.88 27.76 7.72 27.54 23.18 4490 9.76 33.83 23.18 4490 9.76 33.83 30.89 50.82 10.98
CogVLM-2 2455 36.33 16.26 31.44 24.89 37.14 18.70 44.61 24.89 37.14 18.70 44.61 10.85 3143 3.25
IDEFICS 45 1.63 1.22 150 1195 2429 6.10 14.67 11.95 2429 6.10 14.67 486 3.88 5.28
MiniCPM-V  33.86 63.21 18.62 55.69 35.59 65.31 15.04 54.79 35.59 65.31 15.04 54.79 25.15 47.76 12.60
LLaVA-7B* N/A 7.08 1143 6.50 8.68 N/A 13.45 2575 13.14
GLaMM* N/A 53.50 50.20 41.06 50.30 N/A 68.34 77.55 54.07
GroundHOG* - 15.27 20.41 10.98 19.76 N/A 40.10 28.98 31.30
GPT-4V 49.53 67.35 38.21 56.29 N/A N/A 47.05 64.49 36.59
GPT-40 64.42 80.61 56.10 73.05 N/A N/A 63.56 81.22 53.66
object 2

Yi-VL-6B 2.65 408 244 329 188 837 447 569 3.68 796 569 958 0.17 061 0.00
Yi-VL-34B 8.55 17.55 325 15.57 10.61 19.59 854 12.28 11.21 2224 1098 1437 0.51 245 041
LLaVA-7B 29.77 6796 8.13 56.89 29.52 67.96 8.13 56.89 32.00 84.69 5.28 79.34 34.13 61.02 1545
LLaVA-13B  29.17 63.06 4.07 5240 28.92 63.06 4.07 52.10 3797 9237 6.10 85.63 41.64 70.82 21.54
LLaVA-34B  30.89 79.39 18.29 68.56 27.56 90.55 1545 65.81 3440 91.84 2.85 6825 52.18 78.16 30.08
QwenVL 3.84 244 898 6.59 10.24 23.06 4.07 20.36 13.05 37.35 4.07 33.53 1694 2735 9.35
wenVL-C  23.12 3571 10.57 28.74 17.75 26.12 7.32 19.46 22.61 36.33 11.38 30.24 33.45 53.88 13.82
ogVLM 0.00 0.00 0.00 0.30 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 812 147 488 7.02 2590 9350 2.08 94.64 8.39 1029 6.91
CogVLM-G 1634 28.37 4.07 29.64 15.57 39.80 4.88 34.13 21.81 4490 2.85 39.52 30.72 51.43 14.23
CogVLM-2 2575 34.08 19.51 28.14 2472 36.53 22.76 45.21 2643 40.61 26.83 4521 11.32 3245 5.69
IDEFICS 0.17 020 041 0.60 11.69 27.76 4.07 20.06 3191 9143 2.03 8593 4.10 3.67 6.50
MiniCPM-V  35.79 57.73 17.00 49.10 31.99 58.37 13.01 53.29 31.48 60.41 1341 53.29 26.09 49.80 14.23
LLaVA-7B* N/A 8.28 12.86 4.47 11.08 N/A 10.59 23.00 5.45
GLaMM* /A 23.46 54.69 6.50 52.99 N/A 69.62 75.92 49.19
GroundHOG* N/A 31.31 27.14 32.52 27.25 N/A 41.13 29.59 40.65
GPT-4V 48.16 67.55 36.18 60.18 N/A N/A 4748 65.51 32.52
GPT-40 63.48 80.20 56.50 73.05 N/A N/A 62.62 80.41 54.07
object 3

Yi-VL-6B 291 388 122 2.69 3.68 388 569 569 4. 837 17.89 1587 0.17 0.00 041 0.30
Yi-VL-34B 8.30 1592 6.10 14.67 10.95 17.96 9.35 1198 1146 22.86 12.60 1557 043 2.86 041 0.30
LLaVA-7B 27.97 68.57 12.60 57.19 27.99 68.57 12.20 57.19 29.95 99.80 11.38 99.70 31.74 63.27 16.26 51.20
LLaVA-13B  25.32 62.86 8.54 5240 25.17 62.86 8.54 52.10 36.52 100.00 13.01 100.00 43.77 72.65 24.39 45.16
LLaVA-34B  29.97 80.00 21.54 69.16 27.56 9291 13.01 6742 41.20 99.3 8.54 9479 54.32 78.37 34.15 69.46
QwenVL 230 203 7.55 7.19 648 1653 447 1437 21.73 91.02 4.47 4551 18.31 33.47 12.20 23.95
wenVL-C 18.09 33.27 8.54 2425 14.85 28.16 6.50 19.16 21.67 68.37 691 60.78 34.47 57.96 15.85 49.10
ogVLM 0.00 0.00 0.00 0.60 0.00 0.00 0.00 0.00 0.00 000 0.00 0.00 0.00 000 0.00 0.00
CogVLM-C 0.00 0.60 0.00 0.00 7.84 147 447 7.02 26.02 9750 0.69 97.62 10.04 6.62 11.79 7.49
CogVLM-G  12.15 25.31 4.88 25.15 13.34 37.55 5.69 31.14 1839 56.73 9.35 50.30 30.12 52.04 14.23 43.71
CogVLM-2 19.16 3531 16.26 27.84 2498 38.98 24.80 42.81 27.46 43.47 3293 51.50 10.50 30.00 691 .
IDEFICS 0.09 0.00 0.00 030 6.23 2327 122 13.77 26.02 99.80 8.94 100.00 5.20 3.67 8.54
MiniCPM-V  35.12 61.06 13.77 52.10 28.83 55. 14.63 49.70 29.43 57.14 15.04 26.52 46.53 14.23
LLaVA-7B* N/A 8.62 12.65 4.07 10.18 N/A 0.53 23.00

GLaMM* N/A 22.53 56.33 7.32 54.19 N/A 67.15 77.96 54.07
GroundHOG* N/A 24.49 2531 30.08 26.35 N/A 40.10 30.82 40.24
GPT-4V 46.96 62.24 34.15 52.69 N/A N/A 47.73 65.51 34.55
GPT-40 61.51 80.41 57.32 74.55 N/A N/A 63.05 79.59 51.22
object 4

Yi-VL-6B 248 429 041 329 3.17 224 772 629 445 15.10 1341 1527 0.09 020 0.00
Yi-VL-34B 6.67 1531 447 1198 10.01 1837 7.72 13.17 11.80 2490 1545 17.66 0.51 2.04 0.81
LLaVA-7B 30.37 68.37 7.32 56.89 30.20 68.57 7.32 56.89 29.95 100.00 17.89 100.00 37.64 66.12 15.85
LLaVA-13B  26.26 6347 7.32 52.69 26.19 63.47 7.32 52.40 35.41 100.00 18.29 100.00 44.45 72.86 26.42
LLaVA-34B  30.58 80.20 18.29 70.36 31.50 92.13 1341 67.10 35.60 99.32 691 9526 50.56 77.14 28.05
QwenVL 2.65 203 878 7.19 520 1245 4.07 11.08 9.04 97.35 3.25 3832 18.14 3041 8.94
wenVL-C 1544 29.18 6.50 23.35 12.54 25,51 691 18.86 19.97 72.04 1341 63.77 32.85 4041 17.48
ogVLM 0.00 0.00 0.00 0.30 0.00 0.00 0.00 0.00 26.60 47.55 29.67 5749 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 798 147 4.07 7.02 28.00 9850 2.08 98.81 11.14 10.29 11.38
CogVLM-G 1531 2592 5.69 26.35 17.19 4286 528 36.23 2275 6020 0.81 60.48 30.29 55.10 12.60
CogVLM-2 18.05 34.69 16.26 29.64 25.15 38.57 28.86 41.62 27.63 49.18 20.73 57.49 10.97 31.84 6.10
IDEFICS 0.09 0.00 0.00 0.30 870 2347 1.22 1347 26.88 99.80 8.13 100.00 4.95 3.67 8.13
MiniCPM-V  30.26 60.86 20.24 52.40 31.39 58.78 13.82 53.89 31.39 61.63 19.92 55.39 25.15 48.57 15.85
LLaVA-7B* N/A 6.66 11.63 244 9.88 N/A 13.06 23.00 10.90
GLaMM* N/A 2227 56.12 8.54 54.19 N/A 68.17 76.33 52.85
GroundHOG* N/A 19.54 2531 25.61 25.75 N/A 39.42 3245 36.18
GPT-4V 4542 64.08 31.71 50.00 N/A N/A 47.82 66.53 35.77
GPT-40 63.82 79.80 57.32 74.85 N/A N/A 64.16 79.59 53.66
object 5

Yi-VL-6B 248 347 041 2.10 3.68 286 650 539 453 19.18 1423 17.66 0.17 041 0.00
Yi-VL-34B 530 13.27 1.63 329 950 16.12 7.32 9.88 11.38 2429 1423 1826 043 224 041
LLaVA-7B 30.11 68.57 10.16 13.17 30.12 68.57 10.16 13.17 32.68 100.00 18.29  0.00 36.36 65.92 18.29
LLaVA-13B  27.63 63.27 9.35 1048 27.22 63.27 9.35 10.48 36.01 100.00 2398  0.00 4249 71.02 21.54
LLaVA-34B  28.44 80.00 13.01 8.38 25.20 91.34 15.85 18.71 37.20 99.32 3.66 521 53.81 78.16 34.15
QwenVL 1.19 081 4.08 150 435 959 122 150 7.68 4735 325 0.00 17.11 32.86 7.32
wenVL-C 15.10 27.35 4.88 8.38 13.05 25.31 447 5.09 21.59 8041 1504 6.29 36.09 59.80 13.01
ogVLM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0 0.00 0.00 000 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 812 147 5.69 7.44 29.00 100.00 0.00 0.60 10.18 12.50 6.50
CogVLM-G 1634 25.51 528 6.59 16.60 41.22 447 5.69 27.89 7347 10.57 3.89 30.80 53.06 15.45
CogVLM-2 17.71 3490 11.38 12.87 23.44 3898 20.73 12.28 27.29 59.80 33.74 12.57 12.02 2898 6.91
IDEFICS 0.17 0.00 0.00 0.00 6.57 2347 0.81 1.80 27.22 99.80 13.01 0.00 4.01 347 4.07
MiniCPM-V  29.76 56.75 13.36 19.16 31.05 56.73 14.23 14.07 3148 60.41 18.29 17.66 2524 46.12 15.04
LLaVA-7B* N/A 7.34 12.04 691 4.79 N/ 10.79 23.00 7.69
GLaMM* N/A 23.81 5531 17.72 6.29 N/A 69.97 77.55 51.22
GroundHOG* N// 2491 2531 32.11 18.56 N/A 42.92 30.00 42.28
PT-4V 38.41 56.94 31.30 27.54 N/A N/A 46.62 62.65 37.80
GPT-40 63.74 80.41 54.07 53.59 N/A N/A 64.67 78.37 56.10

Table 5: Complete per-object results on the unseen split.
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Model Multi-Object Student Forcing Teacher Forcing Single-Object
Wild Hom. Het. Adv. Wild Hom. Het. Adv. Wild Hom. Het. Adv. Wild Hom. Het. Adv.
object 1
Yi-VL-6B 292 550 192 476 3.12 575 256 6.55 3.12 2075 256 655 0.06 025 0.00 0.60
Yi-VL-34B 851 1575 4.81 13.10 871 16.00 5.13 11.90 871 16.00 5.13 1190 0.19 250 0.00 0.60
LLaVA-7B 31.51 65.75 5.00 51.79 31.45 65.75 10.90 51.79 3145 65.75 1090 51.79 33.01 62.75 17.95 47.62
LLaVA-13B  28.14 65.83 1091 54.17 28.14 72.00 7.69 54.76 28.14 72.00 7.69 54.76 41.46 8125 24.04 05.48
LLaVA-34B  34.18 83.50 8.65 67.26 48.02 83.75 29.17 72.02 48.02 83.75 29.17 72.02 54.13 85.00 17.20 77.98
QwenVL 221 6.00 1.60 4.17 741 1425 128 1071 546 1525 224 952 8.06 1650 4.49 17.86
wenVL-C 5.65 1425 224 1071 559 925 224 833 6.04 875 224 774 25.02 43.50 14.10 30.36
ogVLM 0.00 0.00 0.00 0.60 0.00 0.00 0.00 0.00 000 000 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 11.18 13.50 4.17 16.67 344 3.00 192 476 1246 2475 5.13 25.60
CogVLM-G 11.70 18.25 6.09 19.64 24.44 41.67 10.30 29.19 24.61 49.75 10.90 29.87 28.85 55.25 14.74 40.48
CogVLM-2 1897 37.00 13.78 32.14 3548 69.50 10.90 33.33 3548 69.50 10.90 33.33 18.78 39.25 9.62 30.36
IDEFICS 0.00 350 0.64 120 7.41 2025 096 1429 741 2025 096 1429 4.86 0.00 0.00 0.00
MiniCPM-V  32.81 66.25 1538 58.33 31.51 72.00 13.14 63.69 3145 7225 13.14 59.52 25.87 54.00 15.38 58.93
LLaVA-7B* N/A 9.62 1625 641 11.31 N/A 13.45 25.75 13.14 24.40
GLaMM* N/A 45.61 44.50 40.38 42.26 N/A 64.33 81.25 55.77 73.81
GroundHOG* N/A 16.11 24.25 16.03 22.62 N/A 43.86 43.50 45.19 51.79
GPT-4V 56.79 79.75 41.35 7143 N/A N/A 5530 76.25 41.35 71.43
GPT-40 69.98 89.50 66.03 79.76 N/A N/A 61.35 73.27 54.47 69.46
object 2
Yi-VL-6B 383 575 321 655 331 625 353 774 617 1025 481 6.55 0.19 025 0.00 1.19
Yi-VL-34B 9.10 15.50 321 13.10 890 16.75 5.77 10.12 10.59 21.00 577 2381 026 250 032 1.19
LLaVA-7B 3236 67.50 15.00 52.98 32.36 67.25 12.50 5298 35.15 95.00 12.18 91.07 36.32 61.75 20.19 47.62
LLaVA-13B 3242 67.67 1348 56.55 3236 72.75 14.42 56.55 37.04 99.25 11.54 97.02 43.66 80.50 24.36 72.02
LLaVA-34B  41.26 85.50 25.32 70.24 53.15 85.75 31.41 7321 57.05 98.10 21.84 94.30 54.52 8550 18.10 77.38
QwenVL 338 6.00 096 357 578 1575 449 1250 1936 57.50 5.13 4286 845 1475 4.81 12.50
wenVL-C 9.03 1650 9.62 1131 552 875 6.73 6.55 16.89 4525 9.29 44.05 26.19 40.00 15.71 28.57
ogVLM 0.06 0.00 0.00 0.60 0.00 0.00 0.00 0.00 026 000 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 12.12 13.50 8.65 16.67 29.43 94.00 0.00 94.64 1238 22.50 7.69 18.45
CogVLM-G  12.15 21.75 6.09 22.02 2579 42.83 7.12 30.87 27.40 5575 16.67 33.56 31.06 55.00 18.27 42.86
CogVLM-2 2495 38.00 21.79 38.10 38.60 72.00 12.50 32.14 36.13 70.25 14.10 31.55 21.90 40.00 14.42 29.76
IDEFICS 0.00 1.00 0.00 060 578 17.75 0.00 833 22.16 77.75 12.18 63.10 4.10 0.00 0.96 0.00
MiniCPM-V  36.19 64.75 19.23 60.71 33.07 62.75 16.67 57.14 33.79 69.00 17.63 61.31 30.06 60.75 17.63 60.12
LLaVA-7B* N/A 9.10 17.75 641 13.10 N/A 10.59 23.00 5.45 21.43
GLaMM* N/A 2222 5575 6.73 56.55 N/A 6420 80.25 56.41 72.62
GroundHOG* N/A 31.32 33.50 34.29 30.36 N/A 43.60 44.25 41.03 51.19
GPT-4V 55.69 78.75 41.35 73.81 N/A N/A 56.27 78.50 37.50 72.62
GPT-40 71.28 89.50 64.10 82.14 N/A N/A 60.24 7490 54.88 68.56
object 3
Yi-VL-6B 299 625 256 595 312 700 4.17 893 526 2475 6.09 833 0.3 025 032 1.19
Yi-VL-34B 9.10 16.00 1.60 14.88 9.10 16.75 2.24 10.71 1123 21.75 4.17 3631 0.19 250 032 1.19
LLaVA-7B 29.76 68.00 5.00 5298 29.76 67.50 12.18 52.98 28.40 100.00 11.86 100.00 33.92 61.50 14.42 48.81
LLaVA-13B 3275 68.00 13.18 58.33 32.68 73.50 10.90 57.74 38.27 100.00 17.63 100.00 44.90 82.00 20.19 67.86
LLaVA-34B 4470 86.50 24.68 70.24 54.00 86.25 36.86 73.81 57.89 98.80 27.63 98.32 5341 50 16.32 77.98
QwenVL 286 750 096 7.14 630 18.00 4.49 16.67 21.25 9250 5.13 88.10 8.58 1625 5.77 17.26
wenVL-C 10.66 21.25 7.05 2143 6.04 9.00 5.13 952 1689 60.75 929 6131 26.19 46.25 10.90 32.74
ogVLM .06 0.00 0.00 0.60 0.00 0.00 000 0.00 013 0.75 0.00 1.19 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 10.84 13.50 5.77 16.67 27.03 94.00 0.00 94.64 11.46 2125 7.05 16.67
CogVLM-G  12.74 2575 7.05 2440 26.89 45.00 14.39 3423 27.23 81.25 19.23 57.72 29.63 5550 16.99 42.26
CogVLM-2  20.27 36.50 15.71 36.31 39.12 72.75 13.14 32.14 3645 7475 17.31 49.40 1936 34.75 12.18 31.55
IDEFICS 0.00 1.00 0.00 090 630 1875 0.64 11.90 1501 9250 8.65 86.90 520 000 032 0.00
MiniCPM-V  36.19 68.50 20.51 61.31 31.38 60.00 12.50 52.38 30.60 68.25 15.71 54.76 26.15 53.75 19.87 95.05
LLaVA-7B* N/A 8.77 16.50 545 11.90 N/A 10.53 23.00 9.62 21.43
GLaMM#* N/A 22.68 5525 5.13 54.17 N/A 62.70 83.00 47.44 77.38
GroundHOG* N/A 24.82 3275 24.68 30.36 N/A 45.09 43.50 35.26 50.00
GPT-4V 54.45 79.25 40.06 70.24 N/A N/A 55.62 80.25 39.42 72.02
GPT-40 71.35 90.75 65.71 83.93 N/A N/A 60.07 74.29 53.66 68.26
object 4
Yi-VL-6B 325 550 1.60 476 435 7.75 5.13 1071 630 37.75 4.17 893 026 025 0.00 1.19
Yi-VL-34B 832 1575 449 13.69 9.16 17.00 5.13 893 11.05 2275 545 3452 026 3.00 0.00 1.19
LLaVA-7B 32.42 68.75 10.00 59.52 32.42 68.50 10.90 54.17 30.28 100.00 15.06 100.00 36.84 63.00 17.31 49.40
LLaVA-13B 3138 68.17 14.39 94.05 31.32 73.75 11.54 58.93 36.06 100.00 24.68 100.00 44.83 80.00 25.96 64.88
LLaVA-34B  40.68 86.75 19.23 73.21 54.06 85.25 34.62 73.81 57.96 99.10 25.26 97.65 56.14 86.75 22.12 80.95
QwenVL 247 725 0.00 476 591 1475 288 12.50 22.87 9550 7.69 9524 9.75 1425 6.41 16.07
wenVL-C 8.58 16.25 17.05 16.07 5.46 8.00 2.88 7.74 11.96 56.50 10.26 54.17 24.82 38.50 11.22 28.57
ogVLM 0.00 0.00 0.00 0.60 0.00 0.00 0.00 0.00 006 100 0.00 060 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 1024 13.50 9.94 16.67 2625 93.75 032 9345 9.83 2125 9.29 20.83
CogVLM-G  14.10 24.75 9.62 27.98 26.09 45.33 15.30 34.23 3091 86.00 23.40 62.08 29.89 57.75 16.99 44.05
CogVLM-2 2294 37.75 19.87 36.31 36.58 66.75 14.74 33.93 38.40 7525 20.51 61.31 2424 37.50 15.71 26.79
IDEFICS 0.00 125 0.00 0.60 591 1825 0.64 11.90 21.12 9500 14.74 9345 495 23.00 0.00 0.00
MiniCPM-V 3736 64.75 18.59 60.71 32.42 59.75 13.14 56.55 34.05 67.75 19.55 55.36 29.14 56.00 16.35 62.50
LLaVA-7B* N/A 890 15.75 545 1131 N/A 13.06 23.00 10.90 21.43
GLaMM* N/A 21.70 55.75 6.73 55.95 N/A 6491 80.25 55.45 67.86
GroundHOG* N/A 20.86 31.50 21.15 30.95 N/A 4399 42.00 35.58 50.00
GPT-4V 53.09 77.25 43.59 72.62 N/A N/A 56.40 78.75 44.87 74.40
GPT-40 72.25 87.00 68.27 82.14 N/A N/A 60.67 72.65 55.69 70.06
object 5
Yi-VL-6B 175 525 064 1.19 331 725 353 893 637 3775 417 0.60 032 0.50 032 0.60
Yi-VL-34B 747 1375 2.56 357 897 1500 2.88 536 886 1725 4.17 417 0.19 250 0.00 0.60
LLaVA-7B 3041 67.50 5.00 7.74 30.41 67.25 9.62 893 32.16 100.00 11.86  0.00 36.52 62.75 16.99 20.83
LLaVA-13B  33.01 68.50 11.21 21.43 3294 7425 13.14 7.74 3535 100.00 18.59  0.00 40.81 79.25 25.00 23.81
LLaVA-34B  38.92 86.50 1635 9.52 54.52 85.00 37.50 32.14 61.13 99.30 22.63  8.05 57.05 87.75 21.13 32.14
QwenVL 273 625 1.60 179 585 1725 5.13 3.57 2476 96.75 7.05 0.00 8.84 1850 6.41 4.17
wenVL-C 9.68 1625 737 476 370 8.00 353 179 877 6750 929 0.60 27.75 48.75 14.10 15.48
ogVLM 0.06 0.00 0.00 060 0.00 000 0.00 000 0.06 3.00 100 0.00 0.00 0.00 0.00 0.00
CogVLM-C 0.00 0.00 0.00 0.00 998 1350 545 893 27.03 9250 0.00 0.60 10.14 21.75 641 952
CogVLM-G  13.78 23.25 7.05 10.12 23.64 4333 8.94 19.13 31.12 91.25 17.31 8.72 31.38 56.50 14.74 13.10
CogVLM-2 2040 38.50 15.38 23.21 3535 73.25 12.18 32.74 39.05 77.75 2436 19.64 22.09 4225 16.35 14.88
IDEFICS 0.00 050 0.00 060 5.85 1850 0.96 1.79 21.18 95.25 1378 0.60 4.01 0.00 0.32 0.00
MiniCPM-V  31.19 60.00 13.14 17.26 29.69 59.50 12.82 16.07 30.93 63. 00 17 95 16.67 25.87 52.25 15.38 22.02
LLaVA-7B* N/A 942 1575 3.85 4.76 10.79 23.00 7.69 10.12
GLaMM* N/A 23.33 5550 6.09 4.76 \/\ 6290 84.00 51.92 46.43
GroundHOG* N/A 24.76 32.00 25.00 26.19 N/A 43.86 42.25 37.82 42.26
-4V 48.99 7275 37.82 43.45 N/A N/A 55.88 77.50 41.99 39.88
GPT-40 71.47 89.50 66.35 64.29 N/A N/A 61.52 74.49 52.85 53.89

Table 6: Complete per-object results on the seen split.
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