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Abstract

Hallucination poses a persistent challenge for multimodal
large language models (MLLMs). However, existing bench-
marks for evaluating hallucinations are generally static,
which may overlook the potential risk of data contamina-
tion. To address this issue, we propose ODE, an open-
set, dynamic protocol designed to evaluate object halluci-
nations in MLLMs at both the existence and attribute lev-
els. ODE employs a graph-based structure to represent
real-world object concepts, their attributes, and the distri-
butional associations between them. This structure facili-
tates the extraction of concept combinations based on di-
verse distributional criteria, generating varied samples for
structured queries that evaluate hallucinations in both gen-
erative and discriminative tasks. Through the generation
of new samples, dynamic concept combinations, and var-
ied distribution frequencies, ODE mitigates the risk of data
contamination and broadens the scope of evaluation. This
protocol is applicable to both general and specialized sce-
narios, including those with limited data. Experimental re-
sults demonstrate the effectiveness of our protocol, reveal-
ing that MLLMs exhibit higher hallucination rates when
evaluated with ODE-generated samples, which indicates
potential data contamination. Furthermore, these gener-
ated samples aid in analyzing hallucination patterns and
fine-tuning models, offering an effective approach to miti-
gating hallucinations in MLLMs. Our code are available at
https://github.com/Iridescent-y/ODE.

1. Introduction

Multimodal Large Language Models (MLLMs) [1, 3, 16,
30, 33, 36] have rapidly advanced in recent times, enabling
detailed image descriptions (i.e., image captioning) and re-
sponses to image-related queries (i.e., visual question an-
swering). However, these models face the persistent chal-
lenge of “hallucination” [8, 15, 27], where generated re-
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Figure 1. Comparison of closed-set and open-set evaluations for
MLLMs, showing that open-set testing reduces data contamination
and provides a more reliable assessment of hallucination rates.

sponses appear plausible but lack fidelity to the actual im-
age content. This issue can lead to harmful consequences,
limiting the utility of MLLMs.

Therefore, the evaluation of hallucinations in MLLMs is
crucial to improve model reliability and practical applica-
tion. Prior studies have proposed various benchmarks to
evaluate hallucinations in MLLMs, focusing on different
types (e.g., existence hallucinations[14, 26] and relational
hallucinations [34]) or levels of difficulty [6, 31, 32]. How-
ever, these benchmarks are predominantly static, using fixed
test data with limited distributions, which increases the risk
of data contamination. Contamination occurs when test data
overlaps with training data, leading to inflated performance
metrics. For example, we find that, under the same seman-
tic distribution, models perform better on the COCO2014
image subset than on the latest Internet images (as shown
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in Fig. 1), with the latest Internet data being less likely to
be contaminated by training overlap, thus providing a more
reliable evaluation. This raises concerns about whether cor-
rect responses on COCO reflect genuine understanding or
result from data contamination.

Recent studies[13, 35] highlight the issue of data con-
tamination in Large Language Models (LLMs). Some LLM
studies introduce dynamic evaluation methods to address
this risk. For instance, DyVal [37] dynamically synthe-
sizes test samples using a directed acyclic graph, though
its application is limited to specific algorithms. Similarly,
MSTemp[18] generates semantically equivalent evaluation
samples based on the SST-2 dataset, yet its scope remains
confined to the distribution of that dataset. To the best of our
knowledge, there is currently no evaluation method existing
to specifically mitigate data contamination in MLLMs.

We argue that an effective evaluation benchmark should
be open-set, meaning that evaluation data are novel to the
model at both sample and distribution levels. Inspired by
contamination studies in the LLM domain and guided by
insights into the unique challenges of multimodal models,
we outline three distinctive features that characterize our ap-
proach: (1) Out-of-distribution (OOD) evaluation at a broad
distributional level rather than modifying existing datasets;
(2) dynamic sample generation across different modalities;
and (3) a multi-tiered dynamic structure extending from
concept-level to attribute-level and distribution-level gran-
ularity.

Building on these characteristics, we introduce the
Open-Set Dynamic Evaluation (ODE) protocol. ODE au-
tomatically generates datasets to evaluate object hallu-
cinations in MLLMs, covering both existence-level and
attribute-level hallucinations. Initially, we model real-world
object concepts, object attributes, and concept-attribute
combinations as a graph. Then, from this graph, we extract
concept nodes and their associated attributes, designing di-
verse semantic scenes and queries for each test sample and
synthesizing high-quality images. To guide the selection of
concept node pairs, we design four frequency-based criteria
in the following order: Standard, Long-tail, Random, and
Fictional. Each criterion reflects a unique distribution pat-
tern of object combination frequencies (see Section 2.2 for
detailed explanation).

The ODE protocol enables iterative dynamic updates to
the dataset, generating new content based on selected con-
cepts and their distribution combinations. The automated
protocol enhances controllability while reducing human in-
tervention. The phenomenon in Fig. 1, where the perfor-
mance of our synthetic images is comparable to internet-
sourced images, along with subsequent experiments, vali-
dates the effectiveness of synthetic images. We conducted
extensive evaluations on multiple MLLMs under varied cri-
teria, finding that hallucination rates were more pronounced

than on existing static benchmarks, with performance dif-
ferences observed across distributions, tasks, and models.
Further analysis revealed varying hallucination tendencies
linked to specific concepts. Finally, we conduct fine-tuning
experiments using ODE-generated samples, demonstrating
that selectively refining models on ODE-identified error
samples or directly fine-tuning on ODE-generated data ef-
fectively reduces hallucinations. Our findings primarily
illustrate ODE’s utility in general scenarios; additionally,
ODE can also be applied to domains with data scarcity or
imbalanced distributions.

In summary, this paper makes the following contribu-
tions:

• We introduce an open-set dynamic evaluation protocol
that generates novel samples through dynamic target con-
cept combinations, mitigating potential data contamina-
tion in MLLM hallucination evaluation.

• We perform extensive hallucination evaluations across
multiple models, showing the effectiveness of our proto-
col.

• The generated evaluation data aid model debugging, and
targeted fine-tuning on ODE-identified errors or general
ODE-generated samples effectively enhances model per-
formance.

2. Related Work

2.1. Hallucination Evaluation in MLLMs

To evaluate the degree of hallucination in MLLMs, various
hallucination benchmarks have been proposed. The earli-
est proposed CHAIR [22] measures the accuracy of object
references in captions by calculating the precision of hal-
lucinatory objects. POPE [14] improves CHAIR by evalu-
ating the presence of hallucinations based on object detec-
tion, suitable for discriminative tasks. AMBER [26] eval-
uates object hallucinations in both discriminative and gen-
erative tasks from three dimensions: existence, attributes,
and relationships. Expanding beyond object hallucinations,
examples include HallusionBench [6], which focuses on vi-
sual common sense and reasoning; Hal-Eval [10], which ex-
amines event hallucinations; and CorrelationQA [7], which
studies the impact of false visual inputs and other cues like
counting and OCR. Some studies further evaluate complex
hallucinations. VHTest [9] compares embedding similarity
to find potential VH instances, while HaloQuest [31] uses
real and synthesized generated images to focus on more
complex scenes. Despite the proliferation of benchmarks,
from simple to complex tasks, and small to large scales,
testing within closed sets remains unsolved. We dynam-
ically update the dataset by combining target concepts to
achieve an open set of samples and distributions.
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Figure 2. Pipeline of the Open-Set Dynamic Evaluation Protocol. The workflow involves constructing a graph and generating test samples
based on the graph, with four distinct steps.

2.2. Data Contamination
Data contamination has attracted considerable attention in
LLMs. The GPT-4[19] and LLama [25] reports highlight
this phenomenon. Zhou et al. [35] discussed the risks
and impacts of benchmark data contamination in evaluating
LLMs; similarly, Ni et al. [21] explored related concerns.
Several researchers have developed methods for detecting
data contamination. Fan[5], Lei [12], Zhu [37], and others
introduced dynamic evaluation strategies through different
algorithms to reduce data pollution. The dataset generated
through the ODE protocol is dynamically distributed and
can be continuously updated, which avoids the problem of
data pollution that may exist in existing static datasets for
illusion evaluation.

2.3. Dynamic Evaluation
Dynamic Evaluation refers to dynamically generating eval-
uation data for testing. The key to early works such as
DynaBoard [20], DynaTask [23], and Dynabench [11] was
to utilize the intelligence of the crowd to challenge the
design of evaluation sets, with the main effort focused
on crowdsourcing systems and interfaces rather than al-
gorithms, which required significant costs. Recent meth-
ods automate dynamic evaluation by rewriting and expand-
ing samples based on task scenarios or datasets. Zhu et
al. [37] used mathematical reasoning tasks to reduce data
pollution in LLM by dynamically generating test samples
from directed acyclic graphs. MsTemp [17], DyVal2 [38],

and Benchmark self evolving[29] dynamically reconstruct
samples from existing datasets. DeNEVIL [4] iteratively
updates and improves prompts based on values, and dy-
namically mines samples. Our approach reduces reliance
on fixed datasets by dynamically combining meta-concepts
and attributes, adapting visual content and textual prompts.

3. Methodology
This section outlines the ODE protocol for dynamically
generating image content and prompt text for test data. As
shown in Fig. 2, the workflow consists of four steps: model-
ing real-world scenarios using a graph structure, conceptual
design of semantic scene, image generation and filtering,
and template design for inquiries.

3.1. Graph-Based Conceptual Modeling
Aiming to cover a broader range of target object concepts in
our evaluation of object existence hallucination, ODE em-
ploys a weighted graph G to model real-world scenes, fa-
cilitating the generation of more diverse scenarios in subse-
quent stages. Specifically, the graph G = (V,A,E,W )
provides an abstract representation of real-world objects,
their interrelations, and attributes. Common object cate-
gories are extracted from existing datasets to form the nodes
V , termed meta-concepts. In subsequent processes, a sub-
set of these nodes will be selected as target concepts to test
hallucination cases in the model. The attribute nodes A of
the main nodes V represent the properties of each object
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concept, including state and action attributes. Additionally,
quantity attributes are considered during testing. The edge
weights W denote the strength of the relationships between
nodes, based on the co-occurrence quantity of object con-
cepts in real-world scenes. We consider that co-occurrence
frequency can reflect the semantic association and distri-
butional characteristics between the conceptual entities Vi

and Vj . For example, the high co-occurrence frequency be-
tween ”table” and ”chair” reflects their common pairing in
indoor scenes. An edge E is established between nodes if a
connection exists (i.e., the edge weight W is non-zero). To
facilitate a more detailed analysis of the mutual influence
of hallucinations among these concepts, we categorize the
concepts into environment-level Venv and entity-level Vent,
such as ”grass” and ”frisbee”. We particularly focus on two
coexistence patterns: entity-environment and entity-entity
coexistence patterns, ensuring the content generated in sub-
sequent stages targeted.

ODE performs concept extraction from real-world sce-
narios and then focuses on hallucinatory scenarios by gen-
erating a graph that captures associations related to halluci-
nations, facilitating the creation of a comprehensive range
of test samples for general hallucination evaluation. This
modeling approach is applicable to both general and spe-
cific domains. We further emphasize the customization of
hallucination detection tailored to specific fields.

3.2. Construction of Semantic Scenes
After obtaining a scene graph with object concepts, we se-
lect two concept nodes at each step to form a pair, which is
used as the content for the test image. This image is then
generated using a text-to-image model.

3.2.1. Selection Criteria
Through extensive learning from multimodal data, the
model gradually acquires semantic representations of con-
cepts, however, it may show varying comprehension of con-
cept combinations, especially with diverse distributions, po-
tentially causing hallucinations. Based on this observation,
we design four distributional levels of concept combina-
tion standards—Standard, Long-tail, Random, and Fic-
tional—to evaluate the model’s grasp of different associa-
tion patterns.

In implementation, we first select two object concepts
Vi and Vj from the graph structure and assign each object
specific attributes, including state Astate, action Aaction, and
quantity Anumber = 1 attributes. For Standard and Long-tail
pairs, attributes are chosen from frequently observed cat-
egories, reflecting realistic scenarios, while attributes for
Random and Fictional pairs are randomly chosen to in-
crease diversity. The four selection criteria are defined as
follows:

• Standard: Pairs with the highest co-occurrence fre-

quency:
(Vi, Vj) ∈ argmaxi,j ci,j (1)

where ci,j represents the co-occurrence count of objects
Vi and Vj in the existing dataset. These combinations,
with attributes from standard categories, test the model’s
understanding of high-frequency associations.
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Figure 3. Examples of four distribution samples constructed by
our method.

• Long-tail: Pairs with moderate co-occurrence, simulat-
ing long-tail distributions:

(Vi, Vj) ∈
{
(Vk, Vl)

∣∣ ϵ < ck,l < δ
}

(2)

where ϵ and δ set co-occurrence bounds. This standard
evaluates the performance of the model in rare, associa-
tive pairs. Attributes are also chosen from commonly ob-
served attributes to align with realistic contexts.

• Random: Randomly selected pairs without co-
occurrence considerations:

(Vi, Vj) ∼ Uniform(V × V ) (3)

Attributes are also randomly chosen, evaluating the
model’s robustness to different semantic levels.

• Fictional: Pairs without any co-occurrence record:

(Vi, Vj) /∈ {(Vk, Vl) | ck,l > 0} (4)

Fictional pairs assess the model’s reasoning with novel
distributions, assigning attributes at random.
Using these criteria, concept pairs (Vi, Vj) and attributes

are dynamically selected to generate test images across dis-
tributions, ensuring varied semantic scenarios in the dataset
and supporting a thorough evaluation of the model’s seman-
tic comprehension.
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3.2.2. Scene Content
The semantic scene for each sample is constructed by ex-
tracting concept pairs and dynamically generating content,
ensuring distinct test instances through inherent random-
ness. Our evaluation set includes two main object con-
cepts and their attributes (or sometimes without specific at-
tributes) in two combination types. The first type pairs two
entity categories, requiring the model to capture direct inter-
actions, such as ”a black running dog and a yellow frisbee.”
The second type pairs an entity with an environmental cat-
egory, prompting the model to understand contextual rela-
tionships, such as ”a yellow deer and a lush forest” This ap-
proach broadens the range of concepts, facilitating detailed
classification analysis of hallucination tendencies. Fig. 3
shows examples from the evaluation set.

3.3. Generation and Filtering of Images
To avoid model exposure to test data, we use text-to-image
generation models (e.g., FLUX.1-dev and Stable Diffusion
1.5, as used in our experiments) to generate ODE test im-
ages from textual prompts like “a picture of attribute of A
A and attribute of B B,” where A and B represent specific
visual concepts. Positive prompts include “clear and ob-
vious entity,” “photography,” and “concise,” while negative
prompts use “bad anatomy,” “incomplete body,” and “mu-
tated” to enhance quality.

Not all generated images meet quality standards due to
generative model limitations. For each test case, we set dif-
ferent random seeds to produce multiple image variations
with the same semantic scene, selecting higher-quality sam-
ples afterward. We assess image quality using an open vo-
cabulary object detection model, discarding images lacking
expected entities. For example, if an image described as “a
picture of a dog and a frisbee” does not meet the required
entities’ confidence scores (below 0.65), it is filtered out.
Our concept list includes all objects present in the images.
By filtering low-confidence images, we retain high-quality
samples, using the remaining concepts as ”ground truth”
data and annotating potential hallucinated objects based on
object co-occurrence frequency.

3.4. Structuring of Inquiries
We develop an evaluation Inquiry template specifically de-
signed to evaluate object-level and attribute-level hallucina-
tions (state, action, and quantity) through automated gener-
ation.

For generative tasks, we use the inquiry “Please describe
this image.” to instruct the MLLM to identify the im-
age’s concepts. For discriminative tasks, object existence
hallucinations are evaluated with inquiries like “Is there a
{object} in the image?” Attribute hallucinations are eval-
uated with inquiries like “Is the {object} {state attribute}
in the image?”, ”Does the {object} {action attribute} in the

picture?”, and ”Is/Are there {quantity} {object(s)} in the
picture?”, expecting a “yes” or “no” response. To examine
hallucinated objects, we include counterfactual prompts in
the discriminative task, inquiring about nonexistent objects
or attributes, such as “Is there a {hallucinated object} in the
image?”

4. Experiments
4.1. Setup
Data Preparation. We extracted real-world target con-
cepts through the AMBER benchmark[26], a multidimen-
sional benchmark for evaluating MLLM hallucinations that
includes 337 objects across 14 domains reflecting standard
concepts. After concept modeling, we selected 40 concept
combinations at four different distributional difficulty levels
to generate images, resulting in 808 test images after sam-
pling. Each image was paired with factual and hallucination
questions, creating 8,786 test data pairs for both discrimina-
tive and generative tasks.

MLLMs Evaluated. We selected several state-of-
the-art MLLMs for evaluation, including MiniGPT-4
[36], InstructBLIP [3], LLaVA-1.5 [16], CogVLM [30],
mPLUG Owl [33], Cambrian [24], InternVL-2.5 [2], and
Qwen2-VL [28]. To ensure fair evaluation, we used each
model’s official hyperparameters to avoid length-based bias
in response generation.

Evaluation Metrics. We adopted AMBER-derived eval-
uation metrics. For generative tasks, CHAIR measured hal-
lucination frequency, Cover assessed content coverage, Hal
represented the proportion of hallucinated responses, and
Cog evaluated the similarity between generated hallucina-
tions and human cognitive hallucinations. For discrimina-
tive tasks, we used standard classification metrics: Accu-
racy, Precision, Recall, and F1-Score. To evaluate hallu-
cinations, ODE calculates Precision and Recall specifically
for hallucination-related questions (ground truth ”no”) and
uses Accuracy across all questions to prevent models from
achieving high scores by simply rejecting answers.
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Table 1. Evaluation results of different models on both generative and discriminative tasks across various scenarios. Highlighted cells
indicate optimal performance. Yellow highlights denote better performance with lower values, while blue highlights indicate better perfor-
mance with higher values.

Generative Task Discriminative-Existence Task Discriminative-Attribute Task

Criterion Model CHAIR Cover Hal Cog Acc P R F1 Acc P R F1

AMBER

CogVLM 4.0 52.6 16.1 1.2 20.9 100.0 20.9 34.5 45.4 92.1 17.7 29.7
LLaVA-1.5 7.7 50.4 34.4 3.7 71.0 100.0 71.0 83.0 72.5 89.8 50.7 64.8
mPLUG 23.9 47.7 79.3 12.8 15.0 100.0 15.0 26.1 49.3 64.5 17.4 27.4
MiniGPT-4 17.9 61.2 70.2 13.4 96.9 100.0 96.9 98.4 62.9 68.2 48.5 56.6
InstructBLIP 12.5 57.5 63.2 8.5 67.4 100.0 67.4 80.5 70.6 88.8 47.2 61.6

Ours

Standard

CogVLM 51.9 76.5 89.1 12.2 50.7 100.0 26.2 41.5 55.2 46.8 55.6 50.8
LLaVA-1.5 38.9 77.7 82.7 8.6 69.5 97.8 55.4 70.7 62.9 32.6 71.9 44.8
mPLUG 50.8 77.2 96.0 11.5 41.7 94.7 13.4 23.5 72.5 41.7 28.6 33.9
MiniGPT-4 49.4 76.0 93.6 14.2 64.5 97.5 48.0 64.3 69.5 39.7 12.5 19.0
InstructBLIP 59.9 75.7 88.1 11.0 66.7 96.8 51.7 67.4 60.8 28.5 51.2 36.6

Random

CogVLM 58.1 57.7 87.6 6.0 40.0 89.7 18.0 30.0 57.1 82.5 38.2 52.2
LLaVA-1.5 45.2 57.7 84.2 4.7 74.7 89.7 69.6 78.3 75.7 90.1 65.9 76.1
mPLUG 57.9 56.4 92.1 6.3 40.0 84.0 10.8 19.1 48.4 76.5 20.2 31.9
MiniGPT-4 50.3 57.9 82.2 5.8 66.4 86.9 58.2 69.7 45.0 74.5 10.8 18.8
InstructBLIP 55.9 58.4 83.2 5.6 64.6 87.6 54.6 67.2 72.3 91.5 58.6 71.4

4.2. Effectiveness of Synthetic Images
To validate the effectiveness of synthetic images in halluci-
nation evaluation, we compared evaluation outcomes from
three image sources under the same semantic distribution:
a subset of COCO2014 images used in the POPE evalua-
tion method, recent high-quality Internet images, and im-
ages generated via the ODE method with Stable-Diffusion
1.5. The results, presented in Fig. 1, indicate that test perfor-
mance on COCO2014 images exceeds that on internet and
ODE-generated images, suggesting potential data contam-
ination, as the model may have encountered these images
during prior training or fine-tuning. The observed differ-
ence in hallucination effects between ODE-generated im-
ages and internet images was minimal.

Additionally, we produced synthetic images containing
the same visual information as 1,004 natural images. We
extracted features using the CLIP model and reduced them
to a two-dimensional space, revealing a high degree of sim-
ilarity between synthetic and natural images in the feature
space, as shown in Fig. 4. These findings suggest that syn-
thetic images, within an acceptable margin of error, are a
viable and sustainable alternative for constructing open-set
datasets. Furthermore, we anticipate that improvements in
text-to-image models will enhance the quality of generated
images.

4.3. Main Results
Table 1 shows selected evaluation results (complete data are
provided in the Appendix), and we found that:
• Inconsistencies Between Static Benchmarks and ODE

Performance: Models like MiniGPT-4 and LLaVA per-

form well on static benchmarks, with F1-scores around
80-90. However, when tested with standard concept pairs
in our evaluation, their scores declined. This suggests that
these models may not fully understand fundamental con-
cept relationships but rather rely on memorized correla-
tions or noise from training data. This outcome highlights
the limitations of static benchmarks, which can overesti-
mate model capabilities due to data leakage and overfit-
ting. Dynamic testing with diverse samples is necessary
for a deeper evaluation of model learning and adaptabil-
ity.
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Figure 5. Performance across different distributions in generative
tasks and discriminative tasks (existence-level).

• Distribution Range and Hallucinations: Performance
varies significantly across different distributions, as
shown in Fig. 5. On high-frequency concepts (e.g., Stan-
dard category), models perform well due to rich seman-
tic associations. However, in object existence discrim-
ination tasks, models like MiniGPT-4 exhibit instabil-
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ity, likely due to an over-reliance on high-frequency pat-
terns, which hampers generalization. In the Random
and Fictional categories, hallucinations increase, partic-
ularly in attribute recognition, as the randomness of un-
related distributions amplifies generalization challenges
and highlights the models’ dependency on specific pat-
terns. For low-frequency (Long-tailed) concepts, mod-
els perform adequately in generative tasks but struggle
with object discrimination. This likely stems from insuf-
ficient low-frequency samples, limiting the foundational
basis needed for generalized judgments and impairing the
models’ ability to handle combinations of low-frequency
concept pairs.

• Different Requirements of Tasks on Semantic Under-
standing: Our results reveal distinct adaptive differences
in model performance between high-frequency and low-
frequency concepts in generative vs. discriminative tasks.
During the training phase, models are repeatedly exposed
to these high-frequency combinations, establishing ro-
bust semantic associations. This is reinforced in gener-
ative tasks which emphasize semantic consistency. This
flexibility enables generative models to produce outputs
that broadly align with concepts, even with incomplete
understanding of details. Discriminative tasks, however,
require precise identification of target concepts, making
models sensitive to noise or biases from overrepresented
pairs in training data. This over-memorization affects ac-
curacy more in discriminative tasks, where even small
misclassifications disrupt coherence.

• Widening Performance Differences Among Models:
Different architectures and training methods, such as
memory mechanisms and attention distributions, lead
to performance variations. For example, mPLUG per-
forms well in attribute discrimination, while MiniGPT-
4 maintains balanced performance across tasks but lacks
fine-grained attribute precision. Overall, LLaVA-1.5 ex-
hibits robust performance across tasks and difficulty lev-
els, while models like MiniGPT-4 and CogVLM highlight
distinct strengths and weaknesses in data dependency and
generalization capabilities.

4.4. Dynamic Benchmarking Updates

As a third-party benchmark evaluation, to ensure that
models maintain robust performance in evolving applica-
tion scenarios, we propose an ODE-based dynamic update
mechanism for benchmark evaluations. This update mecha-
nism involves the introduction of new pairs of target con-
cepts, transformations in attribute combinations, and up-
dates to the underlying knowledge base to include a broader
range of object categories and their relationships. Such an
iterative update process enables the benchmark to cover a
wider range of distributional scenarios, ensuring both the
accuracy and the comprehensiveness of model evaluation

Table 2. Performance of models on both generative and discrim-
inative tasks (object existence hallucination) across two datasets,
with the difference (∆) between datasets.

Model Dataset Accuracy Precision Recall F1Score

CogVLM
ODE-Flux 41.4 90.0 15.6 26.6
ODE-SD 92.8 99.2 82.8 90.2

∆ +51.4 +9.2 +67.2 +63.6

LLaVA-1.5
ODE-Flux 51.3 84.7 32.9 47.4
ODE-SD 94.3 98.6 87.3 92.6

∆ +43.0 +13.9 +54.4 +45.2

mPLUG Owl
ODE-Flux 38.1 91.4 7.9 14.5
ODE-SD 66.1 86.5 20.4 33.0

∆ +28.0 -4.9 +12.5 +18.5

MiniGPT-4
ODE-Flux 67.1 87.4 58.1 69.8
ODE-SD 66.7 55.6 88.5 68.2

∆ -0.4 -31.8 +30.4 -1.6

InstructBLIP
ODE-Flux 51.5 91.1 30.4 45.6
ODE-SD 72.1 97.8 56.1 71.3

∆ +20.6 +6.7 +25.7 +25.7

results. We conducted a second evaluation using data gen-
erated by Stable-Diffusion 1.5. Table 2 presents the model
performance variations under a long-tail distribution. The
significant discrepancies in performance indicate differing
levels of model comprehension across various concepts.

5. Methodological Applications
5.1. Hallucination Tendencies in Evaluation Results
Our findings enable the analysis of hallucination tendencies
within individual concepts and hallucination associations
between different concepts. For example, we generated a
frequency matrix of fact-hallucination concept pairs from
LLaVA and performed clustering, identifying four groups,
including indoor and traffic scene concepts. We found that
hallucinations are more likely in scenarios with high con-
textual similarity or visual ambiguity. For instance, clusters
containing both indoor and outdoor concepts (e.g., “car”
and “chair”) exhibit higher hallucination rates, as shown in
Table 3, revealing potential weaknesses in the model’s un-
derstanding of scene context and object differentiation.

Table 3. Cluster Analysis: Top Truth Concepts

Cluster Top Truth Concepts

Indoor Concepts table, chair, floor, person, cat
Mixed Concepts car, person, bird, chair, cluster
Traffic & Outdoor car, bench, bicycle, beach, road
Household Concepts table, chair, cat, drink, lamp

5.2. ODE in Domain-Specific Scenarios
Our framework also addresses hallucination detection in
specific scenarios and data-scarce fields. The input flexibil-
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ity of ODE allows for the selection of particular concepts,
combined with its ability to generate customizable images,
opening new possibilities for tailored data. As multimodal
models expand into fields such as autonomous driving and
healthcare, constructing diverse, challenging samples be-
comes critical to overcome existing datasets’ limitations,
such as narrow distributions and small sample sizes, which
limit adaptability to complex scenarios. Fig. 6 demonstrates
our framework’s capability to generate rare concept combi-
nations for the transportation domain, supplementing real-
world scene data. This generative capability exposes mod-
els to scarce data during training, thereby enhancing real-
world adaptability and mitigating overfitting risks. Addi-
tionally, fine-tuning with ODE-generated, distributionally
diverse images improves model reliability in specialized do-
mains.

pedestrain and trailer

rider and train train and motorcycle

bicycle and tunnel train and gas station

pedestrian and highway

Figure 6. Examples of rare distribution samples constructed by
our method in the transportation domain.

5.3. Fine-Tuning Enhancements
Furthermore, fine-tuning MLLMs with ODE-generated data
effectively mitigates object hallucinations. The ODE-
generated test set avoids data contamination while offering
rich distributional diversity, uncovering ”thinking patterns”
that drive hallucinations in specific scenarios. Based on this,
targeted fine-tuning using the erroneous sample set can ef-
fectively mitigate the model’s shortcomings. We utilize a
dynamic, iteratively generated test set, which helps prevent
model overfitting and the potential for ”score boosting” on
a single dataset. In our experiments, we extracted the er-
roneous samples exhibiting hallucinations from the initial
round of generated data in the LLaVA model tests and per-
formed fine-tuning on LLaVA. Subsequently, we evaluated
the fine-tuned model using the existing AMBER test set.
The results presented in Tables 4 and 5 indicate that the
fine-tuned model shows significant improvements in perfor-
mance across both generative and discriminative tasks.

The dataset, comprising Standard, Long-tail, Random,
and Fictional distributions, enabled an open-set analysis.
For the object existence hallucination task, 800 sample
pairs from each distribution type were used for fine-tuning.

Table 4. Generative Task Performance Comparison

Model CHAIR (↓) Cover (↑) Hal (↓) Cog (↓)

Initial 8.1 51.4 36.1 4.1
Fine-tuned 6.5 50.4 28.5 2.9

∆ -1.6 -1.0 -7.6 -1.2

Table 5. Discriminative Task Performance Comparison

Existence-level Attribute-level

Model Recall(↑) F1-Score(↑) Recall(↑) F1-Score(↑)

Initial 71.0 83.0 50.7 64.8
Fine-tuned 96.0 97.9 90.7 68.0

∆ +25.0 +14.9 +40.0 +3.2

The fine-tuned model exhibited better hallucination control.
Fig. 7 Results indicate that high-frequency distribution sam-
ples had the greatest positive effect, while long-tail samples
contributed less than random samples. This discrepancy
may arise from the regularity of high-frequency data, which
facilitates model pattern recognition, whereas the imbal-
ance in long-tail samples can lead to overfitting of frequent
categories. Random samples provided better regularization,
improving performance across diverse test sets. Incorporat-
ing diverse distributions in training data enhances robust-
ness, generalization, and representation of low-frequency
objects, boosting overall performance.

Halluset Standard Random Longtailed
Category

82.5

85.0

87.5

90.0

92.5

95.0

97.5

100.0

Sc
or

e

100.0 99.4

96.5

81.9

100.0 100.0 100.0 100.0100.0 99.4

96.5

81.9

100.0 99.6
98.2

90.0

Metrics
Accuracy
Precision
Recall
F1Score

Figure 7. Performance of fine-tuned LLaVA models across distri-
bution types, showing highest improvement with standard samples
and limited impact from long-tail samples.

6. Conclusions

This paper addresses the issue of data contamination in
the hallucination evaluation of multimodal large language
models. We introduce a dynamic open-set evaluation pro-
tocol, initially applied to object hallucination at existence-
level and attribute-level in visual question answering. The
experimental results are more reliable than static bench-
marks.
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