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Multimodal Large Language Models (MLLMs) have achieved impressive performance across a
wide array of tasks. Despite these promising developments, MLLMs often generate outputs that
are inconsistent with the visual content, a challenge known as hallucination, which poses
substantial obstacles to their practical deployment and raises concerns regarding their reliability
in real-world applications. This problem has attracted increasing attention, prompting efforts to

detect and mitigate such inaccuracies.

This thesis makes four key contributions to the study of hallucinations in MLLMs. First, we
provide a clear definition and taxonomy of hallucinations. Second, we propose a systematic
evaluation framework that quantifies hallucinations across different modalities and task settings,
employing a suite of metrics specifically designed to capture real-world failure modes. Third, we
introduce a set of novel mitigation strategies that integrate architectural enhancements,
finetuning with targeted objectives, and data augmentation. These approaches collectively reduce
hallucination rates while maintaining the model’s generalization ability. Finally, we conduct an

in-depth analysis to uncover the underlying causes of hallucination.



By consolidating evaluation, diagnosis, and mitigation into a unified investigation, this thesis
advances the understanding of hallucinations in MLLMs and offers actionable guidance for
building more reliable and trustworthy multimodal Al systems in both the architecture and data
perspectives. Our findings provide a foundation for future research and practical deployment in

the multimodal learning domain.
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Chapter 1: Introduction

1.1 Background and Motivation

In recent years, Large Language Models (LLMs) have revolutionized the field of
machine learning with the ability of language understanding and content generation,
offering unprecedented capabilities and potentials across a multitude of applications.
The integration of LLMs with computer vision systems has given rise to Large
Vision-Language Models (LVLMs) [15, 18]. These models have demonstrated
profound capabilities in various applications and significantly enhance the
performance in image reasoning tasks. However, the hallucination issue of LLMs is
regarded as a challenging and unsolved problem, which leads to many issues when

we integrate LLMs with vision techniques.

While vision-language models (VLMs) such as GPT-4V(ision) [32] and LLaVA-1.5
[4] achieve strong performance across a variety of tasks, they remain susceptible to
language bias, a tendency to over-rely on textual priors even when they conflict with
visual evidence. This bias often manifests as hallucinations, where the model
generates output text inconsistent with the visual input. This failure underscores the
importance of modality-specific improvements. As illustrated in Fig. 1./ and
discussed in [2], a modified image of the traditional Chinese dish Peking Duck
includes a logo reading “Guangxi” instead of “Beijing.” Despite the altered context,
both GPT-4V [32] and LLaVA-1.5 [4] persist in associating the dish with Beijing,

ignoring the manipulated visual cue. In another example, when a U.S. map is visually
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distorted to suggest that Texas is not the largest state, these models still affirm that it
is - reflecting a reliance on prior world knowledge over visual content. These
examples reveal critical limitations in current MLLMs' ability to reconcile visual

inputs with pre-existing knowledge [18], highlighting the urgency of addressing

hallucinations in MLLMs [83].

EleoicLs)
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aIm aom

Original image
GPT-4V: Yes, the image appears to depict
"Beijing Roast Duck" (also known as Peking
Duck).
LLaVA-1.5: Yes, the image shows a picture
of "Beidjing Roast Duck," which is a popular dish
in Chincse cuisine.

Prompt: Does the image show "Beijing Roast Duck"?

Emiiiil!

Ay

o aw O
Edited image

GPT-4V: Yes, the image appears to depict
"Beijing Roast Duck”, a famous Chinesc dish
known for its crispy skin and tender meat. The
Chinese characters at the top of the image also
confirm this as they read "Beijing Roast Duck."
LLaVA-1.5: Yes, [ielifiageShowsapiciite
of "Beijing Roast Duck." which is a popular dish
in Chinese cuisine.

Prompt: Is New Mexico state larger than
Texas state?

No Visual

GPT-4V: No. New Mexico is not larger than
Texas, Texas is the second-largest state in the
U.S. by land area, following only Alaska. New
Mexico is the fifth-largest state by land area.
Texas has a land area of about 268,596 square
miles, while New Mexico covers about 121,589
square miles. On any map that accurately

the area, Texas will always appear
largcr than New Mexico.

LLaVA-1.5: No, New Mexica is not larger
than Texas. Texas is the second-largest state in
the United States in terms of both area and
population, while New Mexico is the fifth-largest
state in terms of area but the 36th-largest in
terms of population.

Prompt: Is New Mexico state larger than
Texas on the map?

New Mexico and Texas are swapped in the
Jfollowing image.

GPT-4V: No, based on the map you provided,
Texas is larger than New Mexico.

LLaVA-1.5: No, from the map, Texas state is
larger than New Mexico state.

Prompt: In the 2008 Beijing Olympics, Does
(China have the most gold metals, followed by the
USA and Russia?

No Visual

(GPT-4V: Yes, during the 2008 Beijing
Olympics, China topped the gold medal count
[They won a total of 51 gold medals. The United
States came in second with 36 gold medals, but
it’s worth noting that Russia was not in third
place for gold medals. Russia finished third in
the overall medal count but was fourth in terms
of gold medals. Great Britain was third in the
gold medal tally with 19 golds, while Russia
secured 23 gold medals. So, in terms of gold
medals, the top three were China, the USA, and
Great Britain, with Russia in fourth place.

L.LaVA-1.5: Yes, that is correct. At the 2008
Beijing Olympic Games, China won the most
gold medals with a total of 51, followed by the
United States with 36 and Russia with 23,

Prompt: Is angleA + angleB +angleC = 1807

Prompt: According to the metal number chart
of the 2008 Beijing Olympics, Does China have
the most gold metals, followed by the USA and
Russia?

Gold  Siver  Bronze
China 2 2 8
United States 38 38 3%
Russi 2 21 n
19 13 16
v 18 10 15
wstralia 14 15 1
Korea 13 10 8
Jspan 9 [ 10
taly s 10 10
France 7 16 ”

The gold medal number of China is changed to
23, ranked second.

GPT-4V: Based on the chart provided, China
has 36 gold medals. The United States has 19
gold medals. The Russian Federation (Russian
Fed.) has 23 gold medals. So, China does have
fhe most gold medals, but Russia has the
second-highest number of gold medals, followed
by the United States in third place.

LLaVA-1.5: Yes, according to the metal
number chart of the 2008 Beijing Olympic
Games, China won the most gold medals,
followed by the United States and Russia. The
chart shows the number of gold, silver, and
bronze medals won by each country during the
games.

&

B

Original image
GPT-4V: Yes, the sum of the interior angles of
a triangle always equals 180 degrees. So, angleA
+ angleB +angleC = 180.
LLaVA-1.5: Yes, angle A + angle B + angle
C=180.

€

B
<

Edited image
GPT-4V: Yes, the sum of the interior angles of
a triangle always equals 180 degrees. So, angleA
+ angleB +angleC = 180.
LLaVA-LS: Yes, angleA + angleB + angleC
= 180.

Fig 1.1. Examples of Hallucinations in MLLMs. We highlight the incorrect answers.

The contributions of the thesis are as follows.

1. In Chap.2, we provide a clear definition and taxonomy of hallucinations,
deepening the understanding of hallucinations in MLLMs. In Chap.3, we
present HALLUSIONBENCH |[2], the first advanced diagnostic suite tailored
to systematically dissect and analyze the diverse failure modes of MLLMs.
Our design of the visual-question (VQ) pairs, unique in format, facilitates a

quantitative analysis of the models’

2

failures, enabling a more thorough



evaluation. This investigation sheds light on existing limitations and lays the
groundwork for future improvements, aiming to make the next generation of
MLLMs more robust, balanced, and precise.

2. In Chapter 5, we propose novel mitigation strategies from a data
augmentation perspective, aiming to reduce hallucination through robust
instruction tuning. To our knowledge, LRV-Instruction [1] is the first work in
the MLLM domain to systematically address hallucination by generating
high-quality, semantically controlled negative instructions. This approach
not only augments visual instruction data but also provides fine-grained
supervision signals, making it a foundational contribution toward mitigating
hallucinations in multimodal models.

3. In Chapter 6, we present NvEagle [26], a comprehensive approach that
combines architectural improvements with fine-tuning to reduce
hallucinations. Unlike prior work, it offers systematic comparisons and
detailed ablations on expert selection and vision encoder integration. By
thoroughly exploring the design space of MLLMs with mixtures of vision
encoders and resolutions, this study uncovers common design principles and
proposes a streamlined, effective architecture. NvEagle is a foundational
work that advances both performance and robustness in multimodal systems.

In the Chap.4, we discuss the causes behind hallucinations in MLLMs. In the Chap.7,

we present the future directions of MLLMs and potential applications.



1.2 Definitions of Hallucination

The problem of hallucination [74, 79, 81, 88] originates from LLMs themselves. In
the NLP community, the hallucination problem is empirically categorized into two
types [15, 18]: 1) factuality hallucination emphasizes the discrepancy between
generated content and verifiable real-world facts, typically manifesting as factual
inconsistency or fabrication; 2) faithfulness hallucination refers to the divergence of
generated content from user instructions or the context provided by the input, as well

as self-consistency within generated content.

[Please describe this image in detail. - ][what is the girl in the picture doing?é]

Category Hallucination

@ The image shows a group of people standing in
a park. There is a large tree in the background with
pink blossoms. The people are all wearing different
clothing, including a man in a brown jacket and a
woman in a white shirt and jeans. There are also
some people in the background who are not in the
foreground of the image. The people are standing in

&8 |2 grassy area and there are some benches and a

fence in the background. The sky is clear and there
are some clouds in the distance.

[@ The girl in the picture is standing
with her arms outstretched, as if she
is trying to catch something. It is not
clear what she is trying to catch, but
it could be a kite or a frisbee. The
other people in the picture are
standing around her, watching what
she is doing. It appears that they are
all having a good time together in the
park.

Attribute Hallucination

Relation Hallucination

Fig 1.2. Examples of different categories of Visual (object) hallucinations in
MLILMSs, including category hallucinations, attribute hallucinations and relation

hallucinations.

In contrast to pure LLMs, research efforts of hallucination in MLLMs mainly focus
on the discrepancy between generated text response and provided visual content,
i.e., cross-modal inconsistency. These outputs may appear fluent and plausible but are
objectively inaccurate, misleading, or unverifiable based on the provided multimodal
evidence. For example, in a multimodal setting, an MLLM could be given an image

4



of a person holding a microphone, standing in a classroom. If the model generates a
description saying, "This is a person performing at a concert with flashing lights and
a cheering crowd," despite the actual image being much simpler, this would be a

29 ¢¢

hallucination. Words like “microphone” often co-occur with “concert,” “crowd,” and
“stage” in training data; the model hallucinates these visual elements. This
hallucination is due to statistical co-occurrence of language concepts influencing
visual imagination. Another image of a man sitting alone at a desk, working late at
night. The model outputs "This man is burning things in the office”. The model likely
misinterprets the idiom “burning the midnight oil” as literal burning, inventing a
visual event that doesn’t exist. This is a hallucination caused by the model’s

misunderstanding of the figurative language in its training data when paired with

visual content.

1.3 Categories of MLLM Hallucinations

In the realm of computer vision, object recognition is the core task, including
sub-tasks such as object classification, detection, and segmentation, etc. Similarly,
studies on hallucination in MLLMSs primarily focus on Visual (object) hallucination.
MLLM hallucinations can be categorized into different types based on the nature of
the error, including category hallucinations, attribution hallucinations, and relation

hallucinations.



Category hallucinations: MLLMs identify nonexistent object categories or
incorrect categories in the given image. For example, in Fig. 1.2, "some
benches and a fence", "some clouds", described in the text response do not
exist in the given image.

Attribute hallucinations: The object categories identified by MLLMs are
accurate, while the descriptions of these objects’ attributes (such as color,
shape, material, content, counting, action, etc.) are wrong. In Fig. 1.2, "pink
blossoms" are hallucinated by the MLLM as the color is inaccurate.

Relation hallucination: All objects and their attributes are described
correctly, but the relationships among them (such as human-object interactions
or relative positions) do not align with the actual image content. In Fig. 1.2,

"...standing around her, watching..." is a typical example of relation
hallucination, as the objects are presented in the image but the relation is

1naccurate.

To more comprehensively understand hallucinations in MLLMs [79], we proposed a

multi-dimensional taxonomy from the perspective of misalignment source, including

the following levels:

1.

Perceptual Hallucination: Misinterpretation or fabrication of perceptual
details from visual, auditory, or other sensory inputs. Example: An image
contains only one cat, but the model generates: “Two cats are playing on the

couch.”



2. Factual Hallucination: Introduction of incorrect factual knowledge not
present in any input modality. Example: Given a photo of Joe Biden, the
model says: “This is former president Barack Obama.”

3. Cross-modal Hallucination: The model invents associations across
modalities that are not grounded in the data. Example: Seeing an image of a
dog sitting on a beach and the model says: “4 happy dog is playing fetch with
a child on the sunny beach”. However, there is no child in the image. The
model introduces imagined visual elements based on stereotypical scene
associations.

4. Self-contradictory Hallucination: Internal inconsistencies in the model’s
output, even when the input is coherent. Example: The model first states, “The

person is wearing red,” then later says, “He is wearing a blue jacket.”

1.4 Verifiable/Unverifiable Hallucinations

Hallucination detection in Multimodal Large Language Models is often treated as a
binary problem [15]: an output is either hallucinated (unfaithful to the input
modalities) or grounded (faithfully aligned with them). However, this binary framing
is increasingly challenged by outputs that fall into an ambiguous space—content that
is not directly contradicted by the inputs, yet not clearly entailed either. In the Natural
Language Inference (NLI) framework [38], a hypothesis can be:

1. Entailed by the premise (definitely true given the input);

2. Contradicted by it (definitely false);

3. Neutral (plausible, but not entailed or contradicted).



This third label captures semantic uncertainty and epistemic indeterminacy. A similar
concept may be valuable in multimodal hallucination detection [78]. For example, if
an image shows a person walking down a street and the model says, “He is heading to
work,” the statement is plausible, but there is no direct evidence in the image to
support or refute it. Such cases are not grounded, but also not clearly hallucinated in a

strict sense.

Unlike NLI, where the premise and hypothesis are purely textual and designed for
logical inference, MLLM hallucination detection faces several challenges: (1) It's
unclear whether a model perceived incorrectly or reasoned incorrectly; (2) MLLMs
may add plausible but ungrounded content from pretrained knowledge (e.g., social
norms, common scenes); (3) Annotators may disagree whether something is
hallucinated, especially in the neutral zone. This thesis deliberately narrows its scope
to a more concrete and measurable subset of hallucinations: Visual (object)
hallucinations, which can be verified by the image content. These occur when
MLLMs generate references to objects that are absent, misidentified, or hallucinated
in the visual input. This well-defined setting allows for rigorous evaluation, precise

benchmarking, and the development of targeted mitigation strategies.

1.5 Definitions of Other Terminologies in MLLM

MLLMs are models that extend Large Language Models to understand and process

data from multiple modalities, especially visual inputs such as images and videos.



They combine visual perception with the reasoning and generation capabilities of
LLMs. Architecture approaches are usually divided into two methods:
1. Interface-based MLLMs: Utilize pre-trained visual encoders [77] connected

to LLMs via:

a. Query-based modules (e.g., Q-Former in MiniGPT-4, InstructBLIP)
b. Projection-based modules (e.g., LLaVA, Shikra). These models
typically undergo two training stages: pre-training and instruction
tuning [12].
2. End-to-End MLLMs: Train models from scratch without relying on
pre-trained encoders (e.g., Fuyu-8B, Gemini), directly transforming image

patches into embeddings.

Image CLIP
Video @  DINOwv2

Linear I\}LaMA > Greedy
icuna
Beam Search
ChatGLM Sampllng
Fuyu
Instruction E:) BPE
SentencePiece

Fig 1.3. Popular architecture of multimodal large language models.

Typically, the training of interface-based MLLMs consists of two stages: 1)
pre-training, 2) instruction tuning.
1. Pre-training: Aims to align visual and language features using frozen

pre-trained visual encoders and LLMs [15]. Only the cross-modal interface is



trained, typically with text generation loss (e.g., cross-entropy), using
large-scale image-text pairs. Some models also incorporate contrastive and
image-text matching losses for better alignment.

Instruction Tuning: Enhances the model’s ability to follow multimodal
instructions using machine-generated and human-annotated datasets. Data
quality and format are crucial. Training can involve full LLM fine-tuning or

parameter-efficient methods like LoRA [13].

10



Chapter 2: Benchmark and Evaluation of MLLM
Hallucinations

To better explore those MLLMs, we observe that their strong language bias often
overshadows visual information, leading to an overreliance on language priors rather
than the visual context. To study this phenomenon, we use the term “Language
Hallucination,” which refers to conclusions drawn without visual input. On the other
hand, the vision components within the limited ability in LVLMs can give rise to
“Visual Illusion”, where visual inputs can be misinterpreted, leading to overconfident

yet erroneous assertions by the model.

Visual Dependent Visual Supplement

According to the positive sequence images, does Homer Simpson disappear into the bushes?

According to the positive sequence images, does Homer Simpson come out of the bushes?

Homer Simpson disappears into the bushes. According to the positive sequence, are they in the correct order?
Homer Simpson comes out of the bushes. According to the positive sequence, are they in the correct order?

Based on the map, did the Democratic Party
win Texas in the 2020 elections?
Based on the map, did the Republican Party
win Texas in the 2020 elections?

10°11 10 6.68 * 10™-112
According to the image, does the value of
Gravity constant 'G' range from 6.68 *

I
|
|
Tilusion Math ! Table Chart
; . [ ‘ No Visual
° & . A y | No Visual
|
Question: Question: I
Is the right orange circle the same size as the According to parallel lines theorem, is angle 1 + |
left orange circle? angle 2> 180 7 |
Is the right orange circle larger than the left According to parallel lines theorem, is angle 1 + |
orange circle? angle 2=180 2 | = - e
Is the right orange circle smaller than the left According to parallel lines theorem, is angle 1 + | Question: Question:
orange circle? angle 2< 180 ? | Does China have the most gold medals in In 2017, was Tencent the company with the
- : 2008 beijing olympic? . highest revenue from video games, with Sony as
Poster Figure / Other i Docs bfﬁn’:‘:; :”;:;m A the second-highest earner?
[mend | [T o ¥ : : I e s ;" ul 2"”’ allty g"””‘":’:‘gge’ ’elvj’"‘"
o .| . ¢ ! 2008 beijing olympic? from video games compared to Google?
- -
- e (b | OCR
i Are all the characters in this figure from the 1
Does the image show "Beijing Roast Duck"? manga series One Piece? : No Visual
Does the image show "Guangxi Roast Are there any characters in this figure from the |
Duck"? manga series Detective Conan? | = G=667428 x10 ' m kg~ 572 ‘
: NoVispal | —————————
| - |G:6.6 9428 x 10’“m3kg"s’2|
:
I I I Question:
Ouestont A&l o - = L ! : .\ ==z According to the image, does the value of
: | Question: Gravity constant 'G' range from 6.6 *
|
|
|
1
|

10711 t0 6.70 * 10112

Fig 2.1. Data samples of HALLUSIONBENCH, which contains diverse topics,
visual modalities. Human-edited images are in RED, resulting in different correct

answers to the questions.

11



2.1 Introduction to HALLUSIONBENCH

Recognizing the need to comprehend why an MLLM fails and address these issues,
we present HALLUSIONBENCH, a carefully crafted benchmark designed to explore
the complexities of image-context reasoning in depth and expose various problems
with respect to current LVLMs, as shown in Fig. 2.1. The benchmark comprises 346
images paired with 1129 questions, all meticulously crafted by human experts. We
introduce a novel structure for these visual questions designed to establish control
groups. This structure enables us to conduct a quantitative analysis of the models’
response tendencies, logical consistency, and various failure modes. In our evaluation
on HALLUSIONBENCH, we benchmarked 15 different models, highlighting a
31.42% question-pair accuracy achieved by the state-of-the-art GPT-4V. Notably, all
other evaluated models achieve accuracy below 16%. Moreover, our analysis not only
high- lights the observed failure modes, including language hal- lucination and visual
illusion but also deepens an understanding of these pitfalls. Our comprehensive case
studies within HALLUSIONBENCH shed light on the challenges of hallucination
and illusion in LVLMs. Based on these insights, we suggest potential pathways for

their future improvement.

2.2 HALLUSIONBENCH Construction

We present HALLUSIONBENCH, the first benchmark de- signed to examine visual
illusion and knowledge hallucina- tion of LVLMs and analyze the potential failure

modes based on each hand-crafted example pair. HALLUSIONBENCH consists of
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455 visual-question control pairs, including 346 different figures and a total of 1129
questions on diverse topics (including food, math, geometry, statistics, geography,
sports, cartoon, famous illusions, movie, meme, etc.) and formats (including logo,
poster, figure, charts, table, map, consecutive images, etc.). In the following sections,
we first provide the guidelines for dataset construction based on different visual
question types. Second, we will describe the data and annotation structure of

HALLUSIONBENCH. Finally, we will describe the statistics of our dataset.

2.2.1 Visual Question Taxonomy

Our aim is to develop a multimodal image-context reasoning benchmark to
investigate the potent language bias inherent in LVLMs, which can sometimes
overshadow the visual context. We define the two categories of visual questions:

Visual Dependent and Visual Supplement.

The Visual Dependent questions are defined as questions that do not have an
affirmative answer without the visual context. Such questions ask about the image
itself or something within the image. For example, there is no clear answer to "Is the
right orange circle the same size as the left orange circle?" without an image to

provide more context.

The Visual Supplement questions are questions that can be answered without the
visual input; the visual component merely provides supplemental information or

corrections. For example, some LVLMs can answer "Is New Mexico state larger than

13



Texas state?" using the prior knowledge in their parametric memory without a map of

the US.

2.2.2 Visual Dependent Questions

The Visual Dependent questions are defined as questions that do not have an
affirmative answer without the visual context. Such questions ask about the image
itself or something within the image. For example, there is no clear answer to "Is the
right orange circle the same size as the left orange circle?" without an image to

provide more context.

Guideline: Under this setting, our benchmark is designed to evaluate visual
commonsense knowledge and visual reasoning skills. Our exploration and dataset
construction are guided by the following questions:
1. How good are the visual understanding and reasoning skills of the model?
2. How does the parametric memory of the model affect its response to a
question?

3. Is the model able to capture the temporal relation of multiple images?

2.2.3 Visual Supplement Questions

The Visual Supplement questions are questions that can be answered without the
visual input; the visual component merely provides supplemental information or
corrections. For example, some LVLMs can answer "Is New Mexico state larger than
Texas state?" using the prior knowledge in their parametric memory without a map of

the US.
14



Guideline: Under this setting, our benchmark is designed to evaluate visual reasoning
ability and the balance between parametric memory and image context. Our
exploration and dataset construction under this category is guided by the following
questions:

1. When the model lacks the prior knowledge or answer in the parametric
memory of its language module, does the model (still) hallucinate about the
images?

2. When the model’s language module has sufficient prior knowledge in its
parametric memory or directly knows the answer, does it still enhance its
response by gathering extra information from the visual supplement
(especially when the prior knowledge conflicts with the visual input or the
parametric memory is outdated)?

3. How well can the model interpret a visual input with dense information (i.e., a
graph, chart, map, etc.) for question answering? What types of image

manipulation might impede or distort visual information extraction?

2.2.4 Dataset Statistics

Following the annotation structure and guidelines above, we ask human experts to
collect 346 images with diverse topics and types manually. As shown Fig. 2.2, Visual
Dependent has 591 questions, including videos, illusion, math, posters, logos,
cartoons, and others; Visual Supplement has 538 questions, including charts, tables,
maps, and OCR. Our image manipulation strategies contain image flipping, order

reversing, masking, optical character editing, object editing, and color editing.
15



Additionally, each image has 3.26 questions on average. Fig. 2.2 provides more

details on the number of questions in each topic and visual input category.

No Original | Edited
Visual | Visual | Visual | OVerall
Hlusion - 72 72 144
Math - 54 54 108
Visual
Video - 69 101 | 170 | 591
Dependent
Poster - 43 46 89
Others - 39 41 80
Chart 76 68 62 | 206
Visual Table 43 43 69 155 538
Supplement | Map 32 32 32 96
OCR 27 27 27 81
Overall 178 447 504 1129

Fig 2.2. Statistics of HALLUSIONBENCH. HALLUSIONBENCH covers a diverse

visual format and nearly half of the images are manually edited.

The main comparison between HALLUSIONBENCH and existing benchmarks is
that there is a notable gap between existing benchmarks [18,29,31] and
HALLUSIONBENCH in hallucination evaluation, as existing benchmarks primarily
focus on object hallucinations, limited topics, and visual input types. Our dataset,
HALLUSIONBENCH, is therefore motivated to bridge this gap by providing more
topics, more image types, and more visual input modalities, including both images
and videos. Ad- ditionally, our human experts carefully select each image and write
question-answer pairs. We are also the first work to include human-edited images to
assess the robustness of current LVLMs. Additionally, unlike existing benchmarks,
HALLUSIONBENCH focuses on evaluating both language hallucinations and visual

illusions, moving beyond the narrow scope of object hallucinations [4].
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2.3 HALLUSIONBENCH Evaluation Suite

2.3.1 Text-Only GPT4-Assisted Evaluation

The prompt for the GPT-4 judge is designed as:

Imagine you are an intelligent teacher. Thoroughly read the question, reference
answer, and the prediction answer to ensure a clear understanding of the information
provided. Assess the correctness of the predictions. If the prediction answer does not
conflict with the reference answer, please generate “correct”. If the prediction answer
conflicts with the reference answer, please generate “incorrect”. If the pre- diction

answer is unclear about the answer, please generate "unclear".

For each sample, we fill the template with its question, ground truth, and LVLM
output. By taking the filled prompt into GPT-4, GPT-4 will generate "correct",
"incorrect" or "unclear" for the sample. It is found that outputs of GPT- 4 still have
variance, although the temperature is set as 0. Therefore, we utilize GPT-4 to evaluate

the outputs of LLMs 3 times and report average scores.
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Fig 2.3. Decision Tree to Diagnose Failure Types: Based on the correctness of two
questions in a control pair, and the difference of their responses, we use this decision
tree to analyze the failure. The output of GPT4 Evalution could be Incorrect (0),

Correct (1), or Uncertain (2) if the predicted response is ambiguous.

2.3.2 Analytical Evaluation Criteria

In addition to the accuracy metrics, we introduce three analytical criteria to measure
and diagnose the failures of LVLMs, Yes/No Bias Test, Consistency Test, and
Diagnostic Test. In- stead of examining and analyzing each failed case qualitatively,
we propose these novel quantitative measurements through the unique design of our
question sets. These tests are listed in the order of complexity, so the latter test would
not be as useful and insightful if the former basic test failed. Before we dive into the
diagnostic test, we categorize the failures into two major types based on the failed

cases:
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Prompt: Are the two yellow lines the same length?

= S
Original Edited: The bottom yellow line is elongated.
GPT-4V: Yes, the two yellow lines are the same GPT-4V: YCS., tbe two yellow lines appear tlo be. the
length. This is an example of an optical illusion where same length. Th.15 1s an §xample of an optical illusion
the surrounding context can make objects appear where parallel lines are in a converging context.

different in size or length than they actually are.

Fig 2.4. Language Hallucination Example. The model makes false prior

assumptions about the input and image context based on its parametric memory.

Language Hallucination refers to perceptions formed without relevant visual input.
In language hallucination, the model makes false prior assumptions about the input
and image context based on its parametric memory. The model should respond based
on how the question is framed instead of ignoring it or making false assumptions
about the image. Based on the response to the left image (Fig 2.4), which is original
from the Internet, we know that GPT4V has the answer and know it is a well-known
illusion figure. It answers correctly based on parametric knowledge.After we modify
the image and make the bottom line longer, GPT4V still gives the same answer.
Therefore we know the model is using its parametric knowledge and gives a biased

response, so it’s very likely to be Language Hallucination!

Visual Illusion denotes the misinterpretation of accurate visual information. Visual
illusion comes from the failure to recognize and understand the input image visually.

The model could not obtain accurate information or reason about the image correctly.
19



On the left of Fig 2.5, the model does not know the answer to the question and gives
an uncertain answer, but after giving the chart, the model gives the incorrect answer,

so that we know the failures is within vision encoder and visual illusion.

Visual Supplement — Chart N

Prompt: Is China, Hongkong SAR, the leading
importing country of gold, silverware, and jewelry with
the highest import value in 2018?

No Visual Input

Prompt: Is China, Hongkong SAR the leading
importing country of gold, silverware, and jewelry with
the highest import value?

Leading importing countries of gold , silverware
, and jewelry worldwide in 2018 (in million

U.S. dollars)
GPT-4V: As of my last training cut-off in January China, Hong Kong SAR
2022, Hong Kong SAR (Special Administrative Region)
has traditionally been a significant importer of gold,
silverware, and jewelry, serving as a major hub for
jewelry and precious metals trade. Hong Kong’s role as a
trade hub means that it often re-exports a considerable
amount of what it imports. Specific rankings for
importing countries change from year to year based on
various economic factors. To determine if Hong Kong
SAR was indeed the leading importing country in terms
of import value for gold, silverware, and jewelry in 2018, ” S
one would need to refer to global trade statistics for that
specific year.

France
Germany
Italy
Japan

singapore

Country

Switzerland
United Arab Emirates
United Kingdom

United States

Import value in million U.S. dollars

Switzerland has the highest import value.

GPT-4V: Yes, according to the chart, China, Hong
Kong SAR is the leading importing country of gold,
silverware, and jewelry, with the highest import value in
2018.

Fig 2.5. Visual illusion Example. Visual illusion comes from the failure to recognize

and understand the input image visually.

2.3.3 Diagnostic Test

To study the issue of language hallucination and language illusion, we analyze the
responses and correctness of both visual questions within a VQ Control Pairs and
divide incorrect responses into three categories: Language Hallucination, Visual
Illusion, and Mixed/Uncertain. We measure the percentage of those failures out of all

failed cases.
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Control Pair: The control pair will always contain an original image for visual
dependent questions or an empty image (no visual) for visual supplement questions.
The other question in the control pair may have an edited image (or an original image
for VS question). The response to this ques- tion would provide more information on
whether the answer exists in the parametric knowledge or if the model has seen it in
the training data. In addition, we can examine whether the response remains the same
after editing the original image to obtain more insights into the failures, which is
more informative than checking a single visual question alone. In Fig. 2.3, we
provide a decision tree to determine the type of failure for a control pair. We consider
the following principles when assigning the failure types:

1. For visual dependent (VD) questions, or visual supplement (VS) questions
that have visual inputs, if the response is incorrect or uncertain, the failure
could be visual illusion, since the model could not extract from the visual
information correctly.

2. For visual supplement (VS) questions that don’t have visual inputs, if the
response gives a certain but wrong answer, we attribute it to language
hallucination.

3. If the model responds to the original image (or no image) correctly and has the
same response to the edited image (which is contrary to common sense), it
means that the parametric knowledge overtakes the actual image input.

Therefore, we also attribute the failure to language hallucination.
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2.4 Experiment

2.4.1 Model

We conduct massive experiments on HALLUSIONBENCH to evaluate a total of 15
LVLMs, including GPT-4V, LLaVA-1.5 [4], Gemini Pro Vision, Claude 3, MiniGPT4
[23], MiniGPT5, GiT, InstructBLIP, Qwen-VL, mPLUG-Owl-v1 and so on. We also

include Random Chance (i.e. randomly choose Yes or No) as a baseline.

Question Pair Accuracy Figure Accuracy Easy Accuracy Hard Accuracy All Accuracy

Method # Parameter  Evaluation (gAco) 1 (fAcc) 1 (Basy aAcc) 1 (Hard aAcc) 1 (aAce) 1
Human 31.42 44.22 79.56 38.37 67.58
GPT4V [1] (Oct 2023) GPT4-Assisted 2879 39.88 75.60 37.67 65.28
Human 945 25.43 50.77 29.07 47.12
- 2
LLaVA-1.5 [32] 138 GPT4-Assisted 10.55 24.86 49.67 29.77 46.94
Claude 3 [4] - GPT4-Assisted 21.76 28.61 55.16 41.40 56.86
Gemini Pro Vision [39] .
(Dec 2023) GPT4-Assisted 7.69 8.67 35.60 30.23 36.85
BLIP2-T5 [22] 12.1B GPT4-Assisted 15.16 20.52 45.49 43.49 48.09
Qwen-VL [7] 9.6B GPT4-Assisted 593 6.65 31.43 24.88 39.15
Open-Flamingo [3] 9B GPT4-Assisted 6.37 11.27 39.56 27.21 38.44
MiniGPTS5 [62] 8.2B GPT4-Assisted 10.55 9.83 36.04 28.37 40.30
MiniGPT4 [63] 8.2B GPT4-Assisted 8.79 10.12 31.87 27.67 35.78
InstructBLIP [12] 8.2B GPT4-Assisted 9.45 10.11 35.60 45.12 45.26
BLIP2 [22] 8.2B GPT4-Assisted 5.05 12.43 33.85 40.70 40.48
mPLUG_Owl-v2 [51] 8.2B GPT4-Assisted 13.85 19.94 44.84 39.07 47.30
mPLUG_Owl-v1 [50] 7.2B GPT4-Assisted 9.45 10.40 39.34 29.77 43.93
LRV _Instruction [29] 7.2B GPT4-Assisted 8.79 13.01 39.78 27.44 42.78
GIT [44] 0.8B GPT4-Assisted 527 6.36 26.81 31.86 34.37
Random Chance - GPT4-Assisted 15.60 18.21 39.12 39.06 45.96

Fig 2.6. Correctness Leaderboard on HALLUSIONBENCH with various LVLMs:
All the numbers are presented in % and the full score is 100%. Hard questions refer
to the edited images. We highlight the Top 3 models with the GPT4-assisted

evaluation.
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ALL ACCURACY

GPT4V LLAVA -e-BLIP-INSTRUCT
LRV-IINSTRUCTION MINIGPTS MPLUG_OWL2
ILLUSION
100
OCR 80 MATH
60
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i 0 //
TABLE \/ FIGURE
CHART VIDEO

Fig 2.7. Accuracy on each subcategory: We show six prominent MLLMs on
HALLUSIONBENCH across different types.

Yes/No Bias Consistency Language and Vision Diagnosis

Method #Parameter  Evaluation  Pct. Diff (~ 0) FP Ratio (~ 0.5) Correct? Inconsistent | Wrong 1 Language Hallucination Visual Illusion Mixed

Human 0.066 0.60 44.22 32.66 23.12 21.86 46.17 31.97
GPT4V [1] (Oct 2023) GPT4-Assisted 0.058 0.58 39.88 38.15 21.97 22.19 45.66 32.14

Human 0.27 0.76 25.43 42.49 32.08 25.63 51.42 2295
LLaVA-15 32] 138 GPT4-Assisted 0.26 0.75 24.86 45.38 29.77 26.71 51.09 2220
Claude 3 [4] - GPT4-Assisted 0.063 0.57 28.61 49.42 21.97 19.10 59.14 21.77
Gemini Pro Vision [39] GPT4-Assisted  -0.02 048 8.67 56.94 3439 25.95 4937 2468
(Dec 2023)
BLIP2-T5 [22] 12.1B GPT4-Assisted 0.08 0.58 20.52 59.54 19.94 41.64 40.44 17.92
Qwen-VL [7] 9.6B GPT4-Assisted 0.12 0.60 6.65 50.29 43.06 0.87 88.06 11.06
Open-Flamingo [3] 9B GPT4-Assisted 0.33 0.77 11.27 59.83 28.90 30.07 48.06 21.87
MiniGPT5 [62] 8.2B GPT4-Assisted 0.28 0.71 9.83 56.36 33.82 10.09 73.44 16.47
MiniGPT4 [63] 8.2B GPT4-Assisted 0.19 0.65 10.12 57.80 32.08 23.59 56.55 19.86
InstructBLIP [12] 8.2B GPT4-Assisted -0.13 0.38 10.12 68.50 21.39 29.29 54.53 16.18
BLIP2 [22] 8.2B GPT4-Assisted 0.18 0.65 12.43 63.01 24.57 39.14 43.45 17.41
mPLUG_Owl-v2 [51] 8.2B GPT4-Assisted 0.25 0.77 19.94 58.09 21.97 28.24 50.42 21.34
mPLUG_Owl-v1 [50] 72B GPT4-Assisted 0.32 0.79 10.40 60.12 29.48 3.95 78.36 17.69
LRV_Instruction [29] 7.2B GPT4-Assisted 0.26 0.73 13.01 53.47 33.53 4.49 76.47 19.04
GIT [44] 0.8B GPT4-Assisted 0.04 0.53 6.36 53.76 39.88 30.90 58.30 10.80
Random Chance - GPT4-Assisted 0.08 0.57 18.20 57.51 24.28

Fig 2.8. Analytical Evaluation Results on HALLUSIONBENCH with various
LVILMs: Pct. Diff ranges from [-1, 1]. The model is more biased when Pct. Diff is
close to -1 or 1. FP Ratio ranges from [0, 1]. The model is more robust when FP
Ratio is close to 0.5. All the other metrics are presented in %, and the full score is

100%. We highlight the Top 3 models with the GPT4-assisted evaluation.
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2.4.2 Result Analysis

Correctness Evaluation. GPT-4V significantly outperforms all open-source LVLMs,
except in Hard Accuracy, which evaluates understanding of human-edited images.
The low scores highlight the difficulty of our manipulations for both GPT-4V and
open-source models. Among these models, increasing backbone size (0.8B to 13B)
helps reduce object hallucination. Larger models like LLaVA-1.5 and BLIP2-T5 show
noticeable improvements. InstructBLIP and mPLUG-Owl-v2 are the strongest
sub-10B models, with InstructBLIP benefiting from broad instruction tuning and

mPLUG-Owl-v2 gaining from its new multi-modal decoder module.

Yes/No Bias. GPT-4V, BLIP2-T5, and mPLUG-Owl-v2 consistently beat Random
Choice in various accuracy metrics. Others like Qwen-VL and MiniGPT4 perform
worse, suggesting limited visual reasoning. Interestingly, LLaVA-1.5 surpasses
Random Choice overall despite poor question and figure pair accuracy—Ilikely due to
its bias toward answering “Yes.” This is supported by its low Yes Percentage
Difference and high False Positive Ratio. Models like Open-Flamingo and
mPLUG-Owl-vl show similar bias, possibly due to unbalanced training data and a

lack of human-edited images.

Language and Vision Diagnosis. Fine-grained analysis reveals that Math, Illusion,
and Video are especially difficult for LVLMs. Both GPT-4V and LLaVA-1.5 struggle
with recognizing geometric shapes, indicating math remains challenging. GPT-4V is

better at identifying visual illusions but often relies on memorized knowledge rather
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than image content. LLaVA-1.5 performs poorly on both original and edited images.
Additionally, GPT-4V fails to distinguish forward and reversed image sequences,

revealing limitations in video reasoning.

2.4.3 Main Takeaways

We compare the performance of several models, including both closed-source models
and open-sourced models. Results are given in Fig. 2.7 and Fig 2.8 . Additionally, we
established a human expert evaluation to assess the effectiveness of text-only

GPT4-assisted evaluation. We share our observations and key insights:

1. When GPT-4V, LLaVA-1.5, and other LVLMs have prior knowledge of
questions in HALLUSIONBENCH, they usually suffer from Language
Hallucination as they tend to prioritize their prior knowledge which leads
to incorrect answers. The model should handle the trade-off between
parametric memory and context.

2. When MLLMs have not had parametric memory or prior knowledge regarding
the questions in HALLUSIONBENCH, they can still be prone to Visual
Illusion and prefer to produce wrong answers about the given figure. The
visual capability of existing MLLMs is still limited.

3. GPT-4V and other MLLMs can be easily misled by simple image
manipulations in HALLUSIONBENCH, including image flipping, order

reversing, masking, optical character editing, object editing, and color editing.
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4. GPT-4V and other MLLMs are unable to capture the temporal relations
of multiple images and fail to answer temporal reasoning questions in
HALLUSIONBENCH. The existing MLLMs lack true temporal reasoning

ability.
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Chapter 3: Causes of Hallucination in MLLMs

Hallucinations have multifaceted origins, spanning the entire spectrum of MLLMs’
capability acquisition process. In this section, we delve into the root causes of
hallucinations in MLLMs, primarily categorized into four aspects: Data, Model,

Training..

HalluciDoctor [1], LLaVA 1.5 [2]
Lack of Diversi LRV-Instruction [3]
Hallucinations from

Training Data )
Detailed
Descriptions
_ M
Vision Model HallusionBench [6], AMBER [7]
S Language .
Hallucinations from Model Model Volcano [8], HallusionBench [6]
Cross-model WM zC| (9], Halle-Switch [10]
Inference g

Causes of Multimodal |
Hallucinations

Fig 3.1. Causes of hallucination in MLLMSs.

3.1 Data

Given the increasing demand for large-scale training data, heuristic data collection
methods are employed to efficiently gather vast volumes of data. While these
methods provide extensive data, they offer no guarantee of quality, thereby increasing
the risk of hallucinations. Data quality relevant to hallucinations can be further

categorized into the following three facts.
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Noisy Data. The training of Multimodal Large Language Models (MLLMs) generally
consists of two stages: pre-training and instruction tuning. During pre-training,
models are exposed to massive amounts of image-text pairs crawled from the web.
However, such datasets frequently suffer from noisy supervision, including inaccurate
captions, misaligned content, and even irrelevant or corrupted samples [1, 2]. These
noisy signals hinder the model’s ability to align visual and textual modalities, thereby
increasing the risk of cross-modal hallucinations, especially when the model is asked

to reason about fine-grained visual details.

Please describe the situation in the picture as clearly as possible.

To answer any questions related to this image, we must infer based
on the described elements: - The photograph of the man appears to
be from the mid-20th century due to the black-and-white color and
classic attire. - The serious expression and formal clothing suggest
he might be a professional or someone significant, possibly an actor
from a period-specific media.

(a) Irrelevant question-answer pair from (ShareGPT-40)

What is the structural organization of the heart of the mosquito
Anopheles gambiae, and how does it differ from vertebrate hearts?

The tube-like heart of the mosquito Anopheles gambiae is green and
extends horizontally across the body, interlinked with diamond-
shaped wing muscles...

(b) Irrelevant image-question pair (from Cambrian-1 Data Engine)

Write a detailed description of the given image.

...The image does not contain any
elements that suggest a particular style or genre...The image does
not contain any elements that suggest a particular style or genre...

(c) Repeated texts ( from ShareGPT-4V)

Fig 3.2. Examples of noisy data in the training set.
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In the subsequent instruction tuning stage, a common practice—adopted by models
like LLaVA—is to leverage powerful language models such as GPT-4 to generate
vision-language instructions. While GPT-4 excels at natural language generation, it
lacks the ability to interpret images, as it was trained without direct visual input. As a
result, instructions generated in this way may reflect hallucinated objects, incorrect
spatial relationships, or fabricated facts, particularly when the model assumes the
presence of unseen elements in an image. This introduces a second layer of noise into

the training pipeline, further exacerbating the model's tendency to hallucinate.

Lack of Diversity. For the data used in the two training stages, instruction tuning data
are more likely to have this issue since it is usually in a relatively small amount. One
prominent property is that most instruction following data samples are composed of
conversations regarding the image content. We regard this type of data as positive
instruction [4], as it always faithfully reflects the image content. In contrast, negative
instruction data [1] and reject answering responses are rare in the datasets. Given such
training data, one potential drawback observed by recent studies is that current
models tend to answer ”Yes” for any instructions presented to the model [1, 5], even

when a proper answer should be ”"No”, leading to hallucination.

Statistic Bias. Large language models often memorize training data [8], and their
behavior is heavily influenced by object distributions within it. Common biases
include frequent object appearances and co-occurrences [5]. For instance, models

may predict a "person" even if none is present, or assume a microwave is in a kitchen
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just because it often appears with a refrigerator. While scaling data [40] can help, it

doesn’t fully remove these biases due to real-world long-tail distributions.

3.2 Model

Currently, the architecture of popular MLLMs is composed of several components,
usually including pre-trained vision model, pre-trained LLM, and alignment module
as we discussed above. Since these models are connected together, instead of
end-to-end training from scratch, the error of each module can be accumulated.

Inferior and problematic output from each module may lead to hallucinations [10].

Weak Vision Model. As mentioned in related works [20, 25], a primary potential
reason for hallucination is a weak vision model, which can lead to misclassification or
misinterpretation of visual concepts. Even the most powerful vision model may still
experience information loss during the encoding process. Weak vision model implies

weak perception, which fundamentally undermines the multimodal understanding.

Language Model Prior. The modern architecture of MLLMs is imbalanced. Usually,
the language model is much larger and stronger than the vision model, leading to a
tendency to prioritize language-based information. A typical phenomenon is that the
knowledge entailed in the language model, also termed as parametric knowledge, can
override the visual content [2]. For example, given an image showing a red banana,

which is counter-intuitive in the real world, an MLLM may still respond with "yellow
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banana”, as “banana is yellow” is a deep-rooted knowledge in the LLM. Such
language/knowledge prior makes the model overlook the visual content and response

with hallucination.

Introduce Negative .
Pre-correction | mizacuce Sg,:": i HalluciDoctor [2]
Address Noises and ShareGPT4V [3]
Errors

Scale-up Resolution Eagle [4], LLaVA-1.5 [5]
Hallucinations
Mitigation
In-process- Versatile Vision
Training-related LLaVA-RLHF [8], RLHF-V
Mitigation [10]
Post-hoc Correction S Woo?g}ecker

Fig 3.3. Hallucination Mitigations in MLLMs

3.3 Training

The training objective of MLLMs [10, 12, 13] is basically the same as LLMs, i.e,
auto-regressive next token prediction loss. This loss is straightforward yet effective
and easy to scale up, showing promising performance in language modeling.
However, some studies in the field of MLLMs have suggested that the next-token
prediction loss might not be suitable for learning visual content due to its complex
spatial structure. Additionally, the loss optimizes at the token level, while lacking

supervision at the sequence level. Another perspective is that, unlike training LLMs,
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the RLHF stage is absent in the training procedure of MLLMs [17], becoming a

potential cause of hallucination.

In next sections, we present methods aimed at mitigating hallucinations in MLLM:s.
To address object hallucinations in MLLMs, existing methods can be broadly
categorized into three stages: pre-correction, in-process correction, and
post-correction.

1. Pre-correction methods focus on improving data quality before model
training. This includes: introducing negative data [1], introducing
counterfactual data, which augments the dataset with minimally altered
examples to teach sensitivity to factual inconsistencies and addressing noises
and errors in the training set.

2. In-process correction strategies intervene during training or inference:
scaling up image resolution [28], incorporating versatile vision experts,
training-related mitigation,

3. Post-correction techniques apply corrections after the output is generated.
Woodpecker [28] exemplifies this approach by verifying and editing responses
to reduce hallucinated content post-hoc. These multi-stage strategies
collectively contribute to a robust framework for reducing hallucinations in

MLLMs, targeting the problem across the model development lifecycle.
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Chapter 4: Hallucination Mitigations in MLLMs - Data
Perspective

As discussed in the section on hallucination causes, data is one of the primary factors
inducing hallucination in MLLMs. In this section, we present a comprehensive

review of mitigation approaches in the data perspective.

4.1 Introduction of LRV-Instruction

We introduce Large-scale Robust Visual (LRV)-Instruction, including 400k visual
instructions generated by GPT4, covering 16 vision-and-language tasks with
open-ended instructions and answers. Unlike existing studies that primarily focus on
positive instruction samples, we design LRV-Instruction to include both positive and
negative instructions for more robust visual instruction tuning. Our negative
instructions are designed at three semantic levels: (i) Nonexistent Object

Manipulation, (ii) Existent Object Manipulation and (iii) Knowledge Manipulation.

We conduct comprehensive experiments to investigate the hallucination of MLLMs.
Our results demonstrate existing MLLMs exhibit significant hallucinations when
presented with our negative instructions, particularly Existent Object and Knowledge
Manipulation instructions. Moreover, we successfully mitigate hallucination by
finetuning MiniGPT4 and mPLUG-Owl on LRV-Instruction while improving

performance on several public datasets compared to state-of-the-art methods.
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4.2 Construction of LRV-Instruction

Annotating large-scale visual instruction data can be challenging and time-consuming
[57, 61]. It involves expertly written detailed instructions and specific labels for
different tasks. Inspired by the success of GPT4 in text-annotation tasks, we leverage
GPT4, instead of human workers, to build LRV-Instruction. LRV-Instruction is
designed to cover a variety of VL tasks, with open-ended positive and negative

instructions (Fig. 4.1) in different linguistic styles.

B

(Pos) Multi-Choice VQA (Pos) Object Detection
Q: Choose the correct statement about the weather Q: What objects are on toddler’s feet?
conditions in the image: (a) Cloudy and rainy, (b) Clear A: White socks

blue sky, (c)Foggy and misty, (d) Snowy and cold
A: (b) Clear blue sky

(Pos) Object Attribute Detection (Pos) OCR

Q: Describe the girl's hair color and whether she is wearing Q: What is the number written on the lead
any accessory on her wrist. snowboarder?

A: The girl’s color is black and the she is wearing a bracelet A: The number is 88

on her wrist.

(Pos) Visual Entailment (Pos) VCR
Q: Verify if this statement is correct: "There is a car parking
in the image."

A: True

Q: What appears to be the purpose of the green
street sign?
A: Giving directions or providing street name.

(Neg) Nonexistent Object Manipulation (Neg) Existent Object Manipulation
Q: Can you spot a hot air balloon above the tall tree?

Q: Is the woman in the blue pants and pink shirt
A: There is no hot air balloon mentioned in the image.

sitting on the floor?

A: There is no hot air balloon mentioned in the
image.

(Neg) Knowledge Manipulation (Neg) Knowledge Manipulation
Q: Was the youth employment rate in Ukraine gradually
decreasing from 2010 to 2015?

A: No.The youth employment rate in Morocco gradually
increasing from 2010 to 2015.

Q: Did Merkel arrive to the Los Angeles Get Out
The Vote Rally?

A:No, Hillary Clinton arrived to the Los Angeles Get
Out The Vote Rally in the image..

Fig 4.1. Examples of positive and negative instances in our LRV-Instruction

dataset. RED means inconsistent elements in the negative instructions.
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Prompt:
Give an image with following information: bounding box, positions that are the object left-top corner coordinates(X, Y),
object sizes(Width, Height). Highly overlapping bounding boxes may refer to the same object.

bounding box:
elephant heard on rocks X: 73 Y: 8o Width: 418 Height: 418

woman wearing long dress X: 176 Y: 298 Width: 35 Height: 83
group of green chairs X: 153 Y: 326 Width: 95 Height: 126

an orange bucket on the ground X: 91 Y: 341 Width: 38 Height: 36

a group of white umbrellas X: 99 Y: 82 Width: 112 Height: 28

aman in an orange shirt X: 204 Y: 265 Width: 31 Height: 47
awoman wearing a yellow dress X: 169 Y: 298 Width: 47 Height: 76

- =

Task: image captioning, Image Sentiment Analysis, Image Quality Assessment, Object Interaction Analysis, Object
Attribute Detection, Muli-choice VQA ...

Come up with 20 diverse instructions for all the tasks above with different language styles and accurate answers. The
instructions should contain interrogative sentence and declarative sentences. The answers should be less than 30 words.
Each task should have less than 3 instructions.

GPT4 OUTPUT Example:

Instruction:

Craft a brief narrative about the baby elephant and adult elephant.

Answer:

A baby elephant is depicted behind an adult elephant, possibly seeking protection.

Fig 4.2. One example to illustrate the prompt we use to generate the visual
instruction data by GPT4. We use the bounding box coordinates and dense captions

to represent image content.

Positive Visual Instruction Generation. We use the in-context few-shot learning
ability of GPT4 to generate instruction data for various VL tasks automatically. We
filter the output tasks manually and select 16 tasks with text answers. We take
advantage of the Visual Genome dataset, which has detailed visual information like
image size, bounding boxes, and dense captions. Specifically, each image typically
has 21 object regions and their corresponding captions. We leverage GPT4 to create
the instruction-following data with the image size, bounding boxes, and dense
captions as the "visual" input as if it can "see" the image. An example is shown in
Fig. 4.2. For each image, we randomly select 10 tasks. To enrich the instructions, we
ask GPT4 to generate instances in both declarative and interrogative formats. The

limitation of recent work is that synthetic visual instructions are generally longer and
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may involve unexpected descriptive information inconsistent with the image.

Therefore, we explicitly instruct GPT4 with "The answers should be less than 30

words" to reduce the chance of generating extra unrelated information in the training

data.

Negative Visual Instruction Generation. Current MLLMs tend to answer “Yes” by

following any instruction presented to the model rather than predicting a faithful

answer. To teach MLLMs to answer questions in instructions faithfully, we introduce

three categories of negative instructions based on Visual Genome dataset:

1.

Negl: "Nonexistent Object Manipulation" by introducing nonexistent objects,
activities, attributes and interactions to the "visual" input as described above.
Neg2: "Existent Object Manipulation" by manipulating existent objects with
inconsistent attributes.

Neg3: "Knowledge Manipulation" by manipulating knowledge in instructions.
As for the detailed prompt of Negl, we leverage the same format of the
"visual" input as shown in Fig. 4.2. Additionally, we provide the following
instructions to GPT4: "Come up with 6 misleading instructions with
nonexistent elements (nonexistent objects, nonexistent activities, nonexistent
attributes, nonexistent interactions) in the images with different language
styles. The instructions should contain interrogative and declarative

sentences. Please also explain the reason.”
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Tasks of LRV-Instruction Statistic

Image Captioning, Object Detection, Image Sentiment Analysis, Image # of Instructions 400k
Quality Assessment, Object Interaction Analysis, Image Anomaly # of Images 35k
Detection, Referential Expression Grounding, OCR, VCR, Object Attribute # of Interrogative Instruction 250k
Detection, Muli-choice VQA, Semantic Segmentation, Dense Captioning, # of Declarative Instruction 150k
Visual Entailment, Styled Image Caption, Activity Recognition, Chart # of Negative Instructions 180k
Understanding Ave # of Instruction per Image 17.7
_ Ave Answer Length 15.2

(a) 16 VL tasks in our dataset. Ave Instruction Length 12.1

Frequency of Non-Existent Objects

man
dog

o (c) Statistic of LRV-Instruction

cat
umbrella

Sky
flower ® Knowledge Manpulation

car
tennis
train

[
e —
window |m———
[(———
[
[

o

1000 2000 3000 4000

(b) Statistic of Non-existent objects generated by GPT4 (d) Distribution of different Manipulation

Fig 4.3. Comprehensive Statistic of LRV-Instruction. In (d), BLUE means existent
object manipula- tion. PINK means nonexistent object manipulation. GREEN means

knowledge manipulation.

Quality Control. We first remove instances with answers longer than 30 words. We
remove the instances mentioning unneeded content like "bounding box description”,
"given caption", and "existing descriptions". Additionally, GPT4 will output the task
name for each instruction. However, we found that GPT4 sometimes assigns
inaccurate task names for the instructions. As a result, we exclude the task name in
our release data. Furthermore, we removed the instructions asking about facial
expressions. This is because the Visual Genome dataset doesn’t include facial
expression attributes in the ground truth-dense captions. To examine the quality of
our dataset, we randomly sample 500 instances and ask ten expert annotators to
determine whether the output answers from GPT4 are correct or not, with regard to

the instruction and the image content. We found 91% of the instructions are
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appropriate for the image inputs. Furthermore, 85% of outputs are acceptable
responses to the instructions. Even though some responses may contain errors, most
generations conform to the correct structure, serving as applicable visual instruction

tuning guidelines. We created a total of over 400k visual instructions after filtering.

Evaluation Set. After the processing above, we randomly select 1000 instances as
our evaluation set. Furthermore, we manually check the quality of all instances and
see whether the instruction describes a valid task. If it’s not, we edit the instruction to
make it clearer for LMMs. For example, we edit the instruction "Observe the
beautiful rainbow-colored sign that says 'Le Louvre’. You wont miss it!" to "Are you
able to observe the beautiful rainbow-colored sign that says ’'Le Louvre’ in the

image?"

4.3 Method - Visual Instruction Tuning

We constructed two current MLLMs: MiniGPT4 [23] and mPLUG-OwI [24] as the
backbones for visual instruction tuning. MiniGPT4 consists of the Vision transformer
backbone as the image encoder, Vicuna as the text decoder and a pre-trained
Q-Former to connect them. Vicuna is built upon LLaMA with stronger following
ability. The Q-Former is designed to extract visual features from the frozen image
encoder. Before feeding into the frozen Vicuna as the visual prompt, we use a
learnable linear projection layer to narrow the gap between extracted visual features
with Vicuna embeddings. mPLUG-Owl comprises a pre-trained visual encoder, a

visual abstractor, and Vicuna as the text decoder. The visual encoder is responsible for
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extracting visual features from the input images, and the visual abstractor distills
these features using a set of learnable tokens. The resulting visual features are
concatenated with the word embeddings of the input sentence and fed into Vicuna to
generate the response. We freeze the visual abstractor and visual encoder. Instead, we

adopt the low-rank adaptation to train the text decoder.

Training Paradigm Model Overview

Stage-1: Pre-training pg  This cute little dog is tired, and is trying to express its weariness by saying
"monday...just..monday." This phrase has become a popular saying for
people who are exhausted, especially on Mondays, as the day is typically
associated with a start of another work week. The dog, however, has taken
this phrase to the next level, making it more adorable and relatable by using

the cutest puppy voice and a sleepy expression.

3%: Pre-trained LLM

& Visual Abstractor

, fu

& Visual Encoder Pre-trained LLM (e.g., LLaMA, GPT)

N e e - I _________ 4 T
T _St_ag_e—_Z:_ln;tr_uc_ti;n_tu_ni;g_ T Visual Abstractor T fx Explain why this meme is funny.

Cross Attention
() LoRA 3K Pre-trained LLM

3 Visual Abstractor

o

JUST..MONDAY.

Patch Feature

xR Visual Encoder

Fig 4.4. Visual instruction tuning framework and training paradigm.

4.4 GPT4-Assisted Evaluation

CHAIR [41] was introduced to evaluate object hallucination in image captioning but
often relies on complex human-crafted rules. An alternative line of work frames
hallucination evaluation as a binary classification task, prompting the model to output
"Yes" or "No," but this approach struggles with open-ended responses and depends
heavily on human-annotated groundtruth. To address these limitations, we introduce

GPT4-Assisted Visual Instruction Evaluation (GAVIE), a more flexible and robust
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method for assessing object-level hallucination. GPT4 is given dense captions with
bounding boxes as image content and compares the human instruction with the
model’s response. Acting as a smart teacher, GPT4 scores the response from 0 to 10
based on two criteria: (1) Accuracy: whether the answer aligns with the image
content, and (2) Relevancy: whether the answer directly follows the instruction. For
experiments, we use GPT4-32k-0314. GAVIE identifies inconsistencies such as "dog,
ball" not being in the image and highlights when the model fails to follow the
instruction. Unlike prior methods, GAVIE requires no human-annotated answers and

supports diverse instruction formats.

4.5 Experiments

4.5.1 Implementation Setup

Baselines. We evaluate the zero-shot performance of 5 recently released LMMs: (1)
MiniGPT4 [23]; (2) MiniGPTv2; (3) InstructBLIP [12]; (4) Multimodal-GPT
(MMGPT); (5) mPLUG-Owl [24]; (6) LLaVA [6]; (7) LLaVA 1.5 [4]. All models

above have been tuned on their collected visual instruction data.

Training Details. As for MiniGPT4 [23], we initialize from its checkpoint of the first
pretraining stage. Then we instruct-tune the model on LRV-Instruction with the linear
projection layer as the only learnable module. As for mPLUG-Owl, we train the text
encoder by LoRA training. Additionally, we only replace the LLaVA dataset in their
finetuning data with LRV-Instruction to make a fair comparison with the original

Mplug-Owl. We utilize MiniGPT4-7B and mPLUG-Owl-7B since we don’t have the
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computing resources to finetune the 13B models. We trained our models on NVIDIA

Quadro RTX 8000.

Evaluation Benchmarks. Apart from our proposed evaluation set, we evaluate
LMMs on three public benchmarks. MME [18] is a human-annotated benchmark,
measuring perception and cognition abilities on 14 subtasks. POPE [5] and AMBER
[33] are recently released datasets to evaluate object hallucination. GQA [65] dataset

is a public visual question-answer dataset with open-ended questions.

4.5.2 Main Results

Backbone Perception  Cognition Backbone Acc(Pos) Acc(Neg)
Original MiniGPT4 616.41 23271 Original MiniGPT4 0.53 0.54
Finetuned MiniGPT4 895.96 296.43 Finetuned MiniGPT4 0.58 0.68
Original mPLUG-Owl 967.34 276.07 Original mPLUG-Owl 0.62 0.55
Finetuned mPLUG-Owl 1298.78 328.21 Finetuned mPLUG-Owl 0.69 0.78

Fig 4.5. Zero-shot multimodal evaluation on MME. The left chart shows perception
and cognition scores. The right chart shows the accuracy on the positive set and the

negative set.

We compare our model against the baseline models on POPE in Fig. 4.6 and AMBER
in Fig. 4.7. The results show that current LMMs may not work well with open-ended
negative instructions. In contrast, the highest scores of our model demonstrate that
LRV-Instruction exhibits robustness to visual hallucination, matching or surpassing
the performance of 13B counterparts. From Fig. 4.5, we found both finetuned LMMs
on LRV-Instruction outperform original ones in the zero-shot evaluations.
Additionally, Finetuned-Mplug-Owl exceeds Finetuned-MiniGPT4 because

Mplug-Owl can do the LoRA training to improve the language ability. We also
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calculate the accuracy on positive and negative samples of MME. The improvement
in the positive samples is because LRV-Instruction has more diverse tasks than
mPLUG- Owl datasets and MiniGPT4 datasets. The improvement in the negative
samples demonstrates the value of LRV-Instruction dataset to equip the model with
the ability to say ‘no’ and provide correct answers. We further explore the LMMs’
performance in the common scenario of visual question-answering (VQA). Results in
Fig. 4.5 suggests our method (Finetuned mPLUG-Owl) achieves on-par performance

with InstructBLIP in a generic VQA setting.

Model Acc F1 Model Acc Fl Model Acc Fl
mPLUG-Owl-7B  0.52 0.68 mPLUG-Owl-7B  0.57 0.66 mPLUG-Owl-7B  0.60 0.64
LLaVA-13B 0.50 0.66 LLaVA-13B 0.50 0.66 LLaVA-13B 0.50 0.66

MiniGPT4-13B 073 071 MiniGPT4-13B 0.67 0.67 MiniGPT4-13B 0.62 0.63
InstructBLIP-13B  0.86 0.87 InstructBLIP-13B  0.71 0.76 InstructBLIP-13B  0.63 0.72
Ours-7B 0.86 0.88 Ours-7B 0.73 0.79 Ours-7B 0.65 0.73

(a) Random Set. (b) Popular Set. (c) Adversarial Set.

Fig 4.6. Zero-shot object hallucination evaluation on POPE. Objects not existing in
the image are sampled with three different strategies. Random: random sampling,
Popular: top-k most frequent objects in MS-COCO, Adversarial: objects are first
ranked based on co-occurring frequencies, then top-k frequent ones are sampled.

Ours-7B means Finetuned mPLUG-Owl-7B.

mPLUG-Owl-7B MiniGPT4-v2-7B LLaVAl.5-7B Ours

EXISTENCE 0.29 0.80 0.83 0.81
ATTRIBUTE 0.34 0.41 0.64 0.70
RELATION 0.26 0.58 0.65 0.69

Fig 4.7. Comparison results on AMBER. All the LMMs are 7B versions to make a

fair comparison
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4.5.3 Detailed Analysis

Does GPT4-Assisted Visual Instruction Evaluation align with Human
Evaluation? We select three human experts specializing in the field of NLP to
evaluate the predictions from LMMs with four options for the scores (1) Very Poor,
(2) Poor, (3) Good, (4) Excellent. To evaluate the results quantitatively, we assign
different scores for the options: Very Poor=1, Poor=2, Good=3, Excellent=4. More
implementation details are shown in the appendix. From Fig 4.8, all experts agree that
the output from our model is the best, followed by InstructBLIP in second place, and

MMGPT performs the worst. The observation aligns with the GAVIE evaluation

results.
GAVIE Ours MiniGPT4 LLaVA InstructBLIP MMGPT mPLUG-Owl
ACCURACY (0-10)  6.58 4.14 4.36 5.93 0.91 4.84
RELEVANCY (0-10) 8.46 5.81 6.11 7.34 1.79 6.35
Human Expertl (1-4) 3.48 2.61 2.87 3.00 1.90 2.90
Human Expert2 (1-4) 3.58 2.23 2.07 2.48 1.05 2.27
Human Expert3 (1-4) 3.33 2.58 2.89 2.94 1.38 291

Fig 4.8. Comparison results on our evaluation set evaluated by GAVIE. Ours means
Finetuned mPLUG-OwI-7B. All the LMMs are 7B versions to make a fair

comparison.

How do LMMs perform at the different semantic levels of hallucination? As
shown in Fig 4.9, all baselines perform better on Negl (Nonexistent Object
Manipulation) than Neg2 (Existent Object Manipulation) and Neg3 (Knowledge
Manipulation). From the visual perspective, existent object manipulations with wrong
attributes in Neg2 are more challenging than adding nonexistent objects from images

to instructions in Negl. For example, in Fig 4.9, it may be straightforward to find that
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the "hot air balloon" does not appear in the image. However, "woman" does exist in
the second example of Fig 4.9 while she is not in the blue pants and pink shirts,
which requires a fine-grained understanding of the visual content. Therefore, a more
powerful vision encoder is needed for future LMMs. Knowledge manipulation is
challenging because current LMMs are finetuned on general images without specific
knowledge. In contrast, our model greatly improves at all semantic levels, which

benefits from our diverse instruction tuning data.

Categories Metric Ours MiniGPT4 LLaVA InstructBLIP MMGPT mPLUG-Owl
Negl ACCURACY(GPT4) 8.90 3.72 2.09 5.50 1.13 4.20
Neg2 ACCURACY(GPT4) 6.50 2.57 1.42 2.18 0.96 2.46
Neg3 ACCURACY(GPT4) 6.25 2.30 1.56 2.38 0.94 2.57
Negl RELEVANCY(GPT4) 8.96 5.94 4.83 7.22 2.24 5.35
Neg2 RELEVANCY(GPT4) 8.46 2.53 1.82 2.73 1.19 3.16
Neg3 RELEVANCY(GPT4) 8.21 2.40 1.78 2.39 0.98 2.87

Fig 4.9. Completed evaluation results on Negl: Nonexistent Object Manipulation,
Neg?2: Existent Object Manipulation and Neg3: Knowledge Manipulation by
GAVIE.

How do LMMs perform at the different composition ratios in training data? In
Fig 4.10 (right), we investigate how LRV-Instruction addresses hallucination issues
with different ratios of positive and negative samples in the training set. Inspired by
[7], we instruct the model to produce “Yes” or “No” and use classification accuracy
on our evaluation set. Accpos is the accuracy on the positive instruction set, while
Accneg is the accuracy on the negative instruction set. From Fig 4.10 (right), we
found that Accneg increases with more negative samples, which verifies our

hypothesis that the hallucination problem of current LMMs is due to the lack of
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negative instructions. Besides, with a balanced ratio (pos:neg=1:1), the model

performs the best in both positive and negative sets.

Metric Accuracy-STD  Accuracy-Mean Ratio AcCpos  Atneg
Ours 242 6.60
MiniGPT4 2.46 3.76 All Pos 097 005

Pos:Neg=2:1  0.95 0.50
InstructBLIP 242 5.29

Pos:Neg=1:1  0.92 0.85
mPLUG-Owl 1.96 0.87 : :

Pos:Neg=1:2  0.87 0.86
LLaVA 2.37 3.80 All Ne 0.10 0.98
MMGPT 0.65 4.84 g ; :

Fig 4.10. (left): Evaluation of the stability of GAVIE. STD means standard deviation.

(right): Results of different composition ratios in instruction tuning.

Use Pseudo Dense Captions instead of GT from Visual Genome to Generate
Instructions. To demonstrate the scalability of our dataset, we use pseudo-dense
captions generated by GRiT [42] to replace the GT captions in the Visual Genome
dataset. We remove the images, whose detected objects by GRIiT are less than 15 to
ensure GPT4 has enough visual information when generating visual instructions.
From Tab. 5, we found finetuning on pseudo captions can also improve the
performance compared to the original mPLUG-Owl. This demonstrates that our
visual instruction generation method can be further scaled up without groundtruth

dense captions.

Model InstructBLIP-13B LLaVA-13B MiniGPT4-13B mPLUG-Owl-7B | Ours-7B Ours-7B-Psu
Accuracy 0.62 0.47 0.42 0.41 | 0.64 0.60

Fig 4.11. Zero-shot evaluation on GQA. Ours-7B means Finetuned mPLUG-Owl-7B.
Ours-7B-Psu means we finetune mPLUG-Owl on pseudo instruction data by [42].
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Does the covid case increase in China?

Cumulative number of patients diagnosed
with coronavirus (COVID-19) in Japan as of

December 4 , 2020 , by place of infection MiniGPT4-v1: The number of COVID cases in China has increased
150,000 significantly since the outbreak began. According fo the World Health
Organization (WHO)...

100,000 MiniGPT4-v2: The graph shows the number of new covid-19 cases in china

over time, with the last data point on october 24, 2020, indicating 32,657 new

cases.
50,000

Patients within Japan

LLaVA1.0: Yes, the graph shows an increase in the number of COVID-19

o cases in China. The graph displays a line graph with a blue line representing
% %Y 2, the number of patients diagnosed with COVID-19 in China. The graph
i % indicates that the number of cases has increased over time.

Month

has been increasing.

Ours: The image is about the COVID cases in Japan, not China.

Fig 4.12. Visualization Example.

4.5.4 Main Takeaways

Our results demonstrate existing MLLMs exhibit significant hallucinations when
presented with our negative instructions, particularly Existent Object and Knowledge
Manipulation instructions. Moreover, we successfully mitigate hallucination by
finetuning MiniGPT4 and mPLUG-Owl on LRV-Instruction while improving
performance on several public datasets compared to state-of-the-art methods.
Additionally, we observed that a balanced ratio of positive and negative instances in

the training data leads to a more robust model.
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Chapter 5: Hallucination Mitigations in MLLMs -
Model Perspective

In this section, we present a comprehensive review of mitigation approaches in the

model perspective.

5.1 Introduction of Eagle

Recent work [10, 13, 18, 21] indicates that enhanced visual perception significantly
reduces hallucinations and improves performance on resolution-sensitive tasks, such
as optical character recognition and document analysis. A number of recent MLLMs
achieve this goal using a mixture of vision encoders [19, 25, 93, 94]. Despite their
success, there is a lack of systematic comparisons and detailed ablation studies
addressing critical aspects, such as expert selection and the integration of multiple
vision experts. This section provides an extensive exploration of the design space for
MLLMs using a mixture of vision encoders and resolutions. Our findings reveal
several underlying principles common to various existing strategies, leading to a

streamlined yet effective design approach.

5.2 Design space exploration of Eagle

5.2.1 Base setup

We adopt LLaVA’s model architecture as the basis, which consists of a large
language model, a vision encoder, and a projection layer. The projection layer
projects the visual embedding from the vision encoder into the text embedding space.

We mainly focus on the vision encoder design.
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Base training data. We use the same pre-training data as LLaVA-1.5 [4, 51, 52, 53,
54, 55, 56], which consists of 595k image text pairs. For the supervised fine-tuning
stage, we collect data from a series of tasks and convert them into multimodal
conversations, including: LLaVA-1.5 [4], Laion-GPT4V, ShareGPT-4V, DocVQA

[36], synDog-EN, ChartQA [3], DVQA, and AI2D, resulting in 934k samples.

Total Data Size Data Source
LLaVA-1.5 (665k) ( s ), DocVQA (39Kk) ( s ), synDog-EN (50k) ( s ),
ChartQA (28Kk) ( s ), DVQA (25Kk) ( s ), AI2D (15k) ( s s
1,809k ShareGPT-4V (100k) ( s ), laion-GPT4V (11k) (lai, ), LVIS-Instruct4V (220k) ( s ),
LRV-Instruct (150k) ( s ), Geo170k (120k) ( s ), LLaVAR (20k) ( s
Visual7W (70k) ( s ), Open-Hermes 2.5 (300k) ( s )

Fig 5.1. Composition of the base supervised fine-tuning data (Eaglel.8M).

Implementation details. We first pre-train the model with image-text pairs for one
epoch with a batch size of 256, where the whole model is frozen and only the
projector layer is updated. In the second stage, we further fine-tune the model on the
supervised fine-tuning data for one epoch with a batch size of 128. For this
exploration, we employ Vicuna-7B as the underlying language model. The learning

rates are set to 1e-3 for the first stage and 2e-5 for the second stage, respectively.
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Step1: Vision Encoder Modification Optimization Step2: Fusion Paradigm Exploration Step3: Training Strategy and Model Optimization
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Fig 5.2. Overview of the Eagle exploration.

5.2.2 Scale-up Resolution

We start our exploration with the CLIP model since it has become the main choice for
many MLLMs. While CLIP models are known to benefit multimodal tasks, their
drawbacks have also been well- studied. For instance, many existing MLLMs tend to
use the pre-trained CLIP resolutions (such as 224 x 224 or 336 x 336) as their input
resolutions. In these cases, the encoders often fail to capture fine-grained details that

are important for resolution-sensitive tasks like OCR and document understanding.

To handle increased input resolution, a common practice is to use tiling where input
images are divided into tiles and encoded separately. Another simpler method is to
directly scale up the input resolution and interpolate the position embeddings of the
vision transformer model if needed. We compare these two approaches with
frozen/unfrozen vision encoders under different resolutions. Our findings can be

summarized as follows:
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1. Updating the CLIP encoder during SFT significantly improves performance at
higher resolutions but slightly reduces it when using the pre-training
resolution.

2. Interpolating the CLIP encoder to fit the input size of 448 x 448 offers a
strong balance between efficiency and performance, trailing the 672 x 672
version with less than half the tokens.

3. Despite its smaller size (0.3B vs. 5.9B) and less pre-training data, the CLIP
encoder gets close with interpolation approaches InternVL’s performance

under the same setting.

Method Unfreeze Res. #Tok(V) #Params FLOPs Img/Sec Avg.

Original X 336 576 03B 119G 1972 616.5
336 576 03B 119G 1972 562.6

Original

v
Interpolate X 448 1024 03B 214G 119.5 589.7
Interpolate v 448 1024 03B 214G 1195 670.5
Interpolate v 672 2304 0.3B 480G 563 674.2

v

X

v

Tiled-input 672 2304 03B 476G 51.6 6739

InternVL
InternVL

448 1024 59B 5669G 13.52 661.9
448 1024 59B 5669G 13.52 671.5

Fig 5.3. Comparison of different high-resolution adaption methods. Direct
interpolation is more efficient and effective. “Res” denotes input image resolution.
“#Token/s” denotes the inference speed of the whole framework. “#Ioken (V)"

denotes the number of visual feature tokens fed into LLM. “Avg” denotes average.
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Category Vision Encoder Res.  Post-process Unfreeze Avg. Model Link

X 654.6
VL Ali NeX 1024 N ConvNeXt-XXL
ignment ConvNeXt one v 682.1 onvNe
. . X 486.2 .
Segmentation SAM 1024 Pixel Unshuffle SAM-ViT-Large
v 510.5
. . . X 543.7
Object Detection EVA-02 1024 Resize EVA-02-L-Det
v 639.1
. , . X 598.6 .
Text Recognition  Pix2Struct 1024 Resize Pix2Struct-02-Large
v 606.2
Self-Supervised DINOv2 448 None X 5207 ViT-L/14-Re
P v 5313 ¢

Fig 5.4. Comparison between different vision experts as the MLLM encoders.

5.2.3 Vision Experts

To better establish the foundation for multi-vision expert fusion, we extend the
toolbox with vision experts pre-trained on different tasks and resolutions, and verify
our findings on high-resolution adaptation with these experts. This also helps us
identify the distinct advantages of different experts. We collect a set of vision experts,
including: (1) Vision-Language Alignment: CLIP and ConvNeXt [34]. (2)
Object-Centric: EVA-02 [17] pre-trained on detection datasets. (3) OCR: Pix2Struct
[20]. (4) Segmentation: SAM [37]. (5) Self-supervised: DINOv2 [35]. The detailed
input resolution and checkpoint of each vision encoder can be found in Fig 5.4. We
resize the output 2D feature maps of each vision encoder using bilinear interpolation

and pixel shuffle to ensure that the visual token number equals 1024.

The results in Fig 5.4 reveal that MLLMs with these task-specific vision encoders

achieve optimal performance in their pre-training domains. EVA-02 excels in the
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object hallucination evaluation benchmark POPE [5] and general visual question
answering benchmark GQA [65]. CLIP and ConvNeXt perform well across all
benchmarks, benefiting from their training on large-scale image-text pairs using

contrastive loss.

5.2.4 Fusion Strategy

Existing MLLM frameworks have proposed various fusion strategies to ensemble the
encoders in Fig 5.5, with the hope that their domain-specific strengths can be
leveraged. In all cases, improvements in MLLM performance have been reported
with the fusion of vision encoders. However, the roles of the fusion strategies as part
of their MLLM architecture innovations, have not been decoupled and clearly studied
under an “apples to apples” comparison. It is thus not entirely clear how much
improvement is from the fusion strategies themselves versus the improved

representations from various encoders.

Vision Encoders | Fusion #Token(V) #Tokens/s #Params Avg.
Seq. Append 2048 46.1 1200M 690.5

Channel Concat. 1024 47.3 1184M 681.5

CLIP + ConvNeXt| LLaVA-HR 1024 47.0 1219M 678.7
Mini-Gemini 1024 453 1200M 672.5

Deformable Attn. 1024 473 12001M 674.3

CLIP + ConvNeXt| Seq. Append 3072 40.3 1529M 686.2
+ SAM Channel Concat. 1024 46.3 1495M 690.4

Fig 5.5. Comparison of different fusion methods for different vision experts.
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We notice that existing popular fusion strategies, despite their variations in designs,
can be broadly represented by the following several categories, including Sequence
Append, Channel Concatenation, LLaVA-HR, Mini-Gemini and Deformable

Attention.

Our study in Fig 5.5 shows that Channel Concatenation achieves the best average
performance while maintaining better throughput compared to sequence append. The
“injection-based” methods are in general less competitive, performing worse than
using ConvNeXt [34] alone as the vision encoder. A plausible explanation is that the
CLIP features continue to play a dominant role in the visual tokens. Although
sequence append shows comparable performance to channel concatenation, it faces

the challenge to handle more vision encoders due to the increasing sequence length.

5.2.5 Vison-language Pre-Alignment

Stage1: Pre-Alignment Stage2: Joint-Projector Training Stage3: Supervised Finetuning
Vision Expert A )

Vision Expert A '}

Vision ExpertA /) Vicuna Vision Language Alignment o Vision Language Alignment [)
Text Recognition self 78 g g
tent Vision Expert B ¢} Visual Features g, _ Vision ExpertB ) Visual Features 3
Vision Expert B} [ Vicuna Text Recognition ] Text Recognition [T c 3
Object Detection st | 7B Fusion k] k: ;n;i;z?e s 3
attention Mot ° = Vision Expert C /) | 0 =
Object Detection ' () Object Detection §7 \
© Pl
= Vision ExpertD %

Vision Expertc % Vicuna
Semantic Segmentation 7B
self
attention l

Generative loss

&

Vision ExpertD ),
Semantic Segmentation

Fig 5.6. The proposed training strategy of Eagle. It consists of three progressive

Semantic Segmentation Y

stages, including vision-language pre-alignment training, joint-project training and
supervised fine-tuning. These stages effectively leverage public data from diverse
sources, ranging from noisy image-text pairs on the web to high-quality caption,

VOA, and multimodal dialogue datasets.

Encoders pre-trained exclusively on vision tasks (e.g., detection, OCR, and

segmentation) are less competitive compared to those pre-trained on vision language
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alignment. This is possibly due to representational inconsistencies when integrated
with large language models. Additionally, when combining different encoders, there
is a gap between these encoders, creating difficulties in the training process. To
address this feature inconsistency, we propose a Pre-Alignment training stage that
first aligns each individual vision encoder with the same large language model,

fostering better synergy between visual and linguistic capabilities.

Fig. 5.6 depicts our pre-alignment strategy. Instead of training a projector to
simultaneously align multiple vision experts as in LLaVA’s original pre-training
strategy, we first align the representation of each individual expert with a smaller
language model (Vicuna-7B in practice) using next-token-prediction supervision. As
shown in Fig. 5.6, with pre-alignment, the whole training process consists of three
steps: 1) training each pre-trained vision expert with their own projector, while
keeping the language model frozen; 2) combining all vision experts from the first step
and training both the projector and vision experts; 3) training the whole model on
SFT data.

To verify the proposed method, we compare the pre-alignment strategy with the
normal two-stage training strategy in Fig. 5.7 considering both freezing and
unfreezing vision experts for comparison. As shown in Fig. 5.7, although unfreezing
the vision experts during SFT helps improve performance by updating the vision
experts to fit the language model, the Pre-Align strategy more effectively mitigates
the inherent biases of each vision expert and stabilizes the training process,

subsequently improving overall performance.
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CLIP  Vision Expert (X) Unfreeze Pre-Align MME MMMU OCR SQA POPE TextVQA| Avg

1495 35.1 292 718 85.6 59.7 593
1504  36.9 482 735 877 63.2 641
1554  36.7 505 73.8 882 62.9 649
1499 35.1 416 723 86.7 67.1 629
1522 36.6 550 72,7 879 71.9 667
1538 363 556 719 879 71.6 667
1500 358 467 719 86.1 60.9 627
1529  36.2 535 731 871 64.5 651
1564 353 541 733 86.6 63.9 652
1484 358 305 720 86.0 59.9 597
1537 37.0 474 726 875 62.6 639
1586 373 495 731 889 64.2 653

CLIP-448 SAM-1024

CLIP-448 ConvNext-1024

CLIP-448 Pix2Struct-1024

CLIP-448 EVA-02-L-1024

SN XS N XN N %SNS\ X

N X %[N X %[N X% %[N X% %

Fig 5.7. The effectiveness of Pre-alignment.

5.2.6 Extension to Multi-Experts

With the optimized strategies and training recipes of incorporating individual vision
experts, we consider the incorporation of even more vision experts to push the limit.
To conduct the searching in a systematic and principled manner, we adopt a

step-by-step greedy strategy to incorporate additional vision experts.

We mark CLIP, ConvNeXt [34], SAM [37], DINOv2, Pix2Struct, and EVA-02-L [17]
as A, B, C, D, E, and F, respectively. A round-robin scheme, as shown in Fig 5.6, is
adopted. We first use the two top performing vision encoders, CLIP and ConvNeXt,
as the basis and gradually add one more vision encoder each time. In each round, the

best-performing vision encoder combination is retained for the next round.
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#Encoder ‘ Encoder Combination

Config #Params (M) FLOPs (G) Img/Sec Avg.

2 ‘ CL+CN X2 1155.2 3347.2 18.1 6815
CL+CN + DI 1460.6 3659.9 151 6854
3 CL+CN+ 5A 1463.9 4657.8 88 6904
CL+CN+ P§S 1669.6 4373.2 6.9  685.1
CL+CN+EV X3 1459.6 4280.9 9.1 690.7
CL+CN+EV+DI 1765.1 4593.6 83 688.0
4 CL+CN+EV+SA 1768.4 5591.5 59 68954
CL+CN+EV+PS X4 1974.1 5306.9 50 69%4.6
5 CL+CN+EV+ PS+DI 2279.5 5619.5 47 6847
CL+CN+EV+PS+SA X5 2282.8 6617.4 38 6971
6 ‘ CL+CN+EV+PS+SA+DI X6 2588.2 6930.1 36 6868

Fig 5.8. Results of vision expert selection process. A, B, C, D, E and F denote CLIP,

ConvNeXt, SAM, DINOv2, Pix2Struct and EVA-02-L models respectively.

Fig 5.8 reveals several insights. Generally, introducing additional vision encoders
enhances the performance. This indicates that the distinct advantages of different
encoders can be preserved and utilized; for example, integrating the EVA-02 encoder
improves metrics on the POPE benchmark. Although individual metrics may vary, the
aggregated performance shows an upward trend, as evidenced by normalized average
metrics, suggesting that the overall efficacy of the system is enhanced with more
encoders. Also, Table 6 shows that the best combination of vision experts are CLIP,

ConvNeXt, SAM, Pix2Struct [20], and EVA-02 [17]. We will use this recipe in our

final model.

56



<

2 < <

g2 ~ SN o g

Model 7 = & b7 G} > > o r O

8 LLaVA-1.5 ( s ) 1510 64.3 58.6 - - 859 66.8 62.0* 50.0 78.5* 297 582 -

& | LLaVA-NeXt ( s ) | 1519 674 702 346 358 86.5 70.1 64.2* 57.6 80.0* 490 649 -

% InternVL ( s ) 1525 - 65.4 - - 86.4 - 62.9% 525 79.3% - 57.0 -

& LLaVA-HR ( s ) 1554 - 64.2 - - 87.6 65.1 64.2* 487 81.9* - 67.1 -
& | Monkey ( s ) - - - - - - - 60.7* 61.2* 80.3* 514 67.6 65.1

é Mini-Gemini ( s ) | 1523 65.8 - 322 36.8 - 71.1 64.5* - - 477 652 -
§ Eagle-X5 1528 68.4 739 37.0 363 888 70.0 64.9* 544 834* 529 712 677
= Eagle-X5 (+Pre-Align) 1582 69.7 73.7 38.2 38.0 8387 719 64.6* 587 83.6* 566 719 69.3

LLaVA-1.5 ( s ) 1531 67.7 61.6 - 364 859 71.6 63.3* 53.6 80.0* 331 61.3 -
LLaVA-NeXt ( s )| 1575 70.0 71.9 353 36.2 862 73,5 654* 605 82.8* 514 67.1 62.2

InternVL ( s ) 1546 - - - - 87.1 - 63.9% 54.6 80.2*% 517 587 -

551 LLaVA-UHD ( s ) | 1535 68.0 - - - 89.1 720 652* 56.1 81.7* - 67.7 -

?'3 LLaVA-HR ( s ) 1540 - 64.5 - - 87.8 68.1 64.8* 579 826* - 68.1 -
§ Mini-Gemini ( s ) | 1565 68.6 70.6 37.0 37.3 - 719 65.8* - - 466 659 56.6
= Eagle-X5 1609 69.2 74.1 38.8 36.6 87.8 72.7 66.2* 593 83.8* 574 742 69.9
Eagle-X5 (+Pre-Align) 1605 71.6 749 4277 38,5 89.2 755 64.6* 60.9 84.5% 598 733 721

Fig 5.9. Main results with base training data.

5.3 Experiments

5.3.1 Implementation Details

Vision encoders. We follow the best X4 and X5 configurations, where the
interpolated CLIP-448 and pre-aligned vision experts are channel-concatenated, and

trained following the exact best training recipes.
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Model

Knowledge

General

OCR and Chart

Vision-Centric

Avg

SQA!

:
=

MathVista

AI2D

Avg

MME

g
g

SEED

GQA

Avg

ChartQA

OCR

DocVQA

Avg

MMVP

RWQA

Llama3-8B
MGM-HD
Cambrian-1
Eagle-X5

55.7
61.3
65.2

75.1
80.4
84.1

37.3
42.7
43.5

37.0
49.0
56.9

73.5
73.0
76.2

72.7
73.1
74.0

1606
1547
1587

72.7
75.9
75.5

73.2
74.7
76.5

64.5
64.6
64.9

62.9
71.3
77.0

59.1
73.3
80.7

47.7
62.4
62.6

74.6
77.8
87.1

40.4
57.6
59.6

18.7
51.3
52.0

62.1
64.2
67.2

Vicuna-13B
MGM-HD
Cambrian-1
Eagle-X5

54.1
60.2
63.8

71.9
79.3
82.6

37.3
40.0
42.2

37.0
48.0
54.6

70.1
73.6
73.8

70.7
73.7
74.6

1597
1610
1651

68.6
75.7
75.7

70.6
74.4
75.0

63.7
64.3
65.0

60.8
71.3
75.7

56.6
73.8
78.6

46.6
61.9
62.4

70.2
72.8
74.9

69.8
76.8
86.7

384
522
54.8

19.3
413
44.6

57.5
63.0
65.0

Yi-34B
MGM-HD
Cambrian-1
Eagle-X5

62.4
67.0
68.6

71.7
85.6
85.5

48.0
49.7
53.2

434
532
57.9

80.5
79.7
79.1

76.2
76.8
76.3

1659
1689
1677

80.6
81.4
81.0

75.3
75.3
75.6

65.8
65.8
64.9

68.1
71.9
75.4

67.6
75.6
77.2

51.8
60.0
62.4

74.1
76.7
78.8

78.9
75.5
83.0

523
60.3
59.8

37.3
52.7
50.0

67.2
67.8
69.5

Fig 5.10.

Results using the same training data as Cambrian-1 [43].

5.3.2 Main Results

We compare Eagle model series across different VQA benchmarks in Fig 5.9 and Fig

5.10. Eagle-X5 achieves state-of-the-art performance, underscoring the advantages

with additional vision experts.

Evaluation on visual question answering tasks. We compare the Eagle model series

across three Visual Question Answering (VQA) benchmarks: GQA, VQAv2, and

VizWiz. As shown in Fig 5.9, Eagle-X5 achieves state-of-the-art performance on

GQA and VQAv2, highlighting the benefits of incorporating additional vision

experts.

Evaluation on OCR and chart understanding tasks. To evaluate the OCR,

document, and chart understanding capabilities of Eagle, we benchmark our model on

OCRBench, TextVQA, and ChartQA. As illustrated in Fig 5.9, our model

significantly outperforms competitors on TextVQA, thanks to its high-resolution
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architecture and integration of multiple vision encoders. Notably, Eagle maintains a
simple design, supporting up to 1024x1024 resolution without requiring complex
tile-based image decomposition. Fig 5.12 presents examples of OCR and document
understanding. With high-resolution adaptation and more vision experts, our model
can recognize small text within images and accurately follow user instructions. To
highlight the impact of incorporating experts pre-trained on other vision tasks, we
compare a model using only ConvNeXt and CLIP vision encoders with Eagle-X5 in
Fig 5.5. The full model corrects prior errors, demonstrating that even with strong
high-resolution vision-language encoders, performance can be further enhanced by

integrating diverse vision experts.

Evaluation on multimodal benchmarks. We evaluate Eagle on seven multimodal
benchmarks to showcase its capabilities from various perspectives, including MME,
MMBench, SEED, MathVista, MMMU, ScienceQA, and POPE. Specifically, MME,
MMBench, and SEED assess overall performance across real-world tasks involving
reasoning, recognition, knowledge, and OCR. MMMU targets challenging questions
from diverse domains requiring college-level knowledge. POPE evaluates visual
hallucinations in multimodal models. All reported metrics follow the default settings
of each benchmark. We use the perception score for MME, the en dev split for
MMBench, the image split for SEED, the test-mini split for MathVista, the val split
for MMMU, the F1-score for POPE, and the image split for ScienceQA to ensure fair

comparison with existing models.
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Study on more advanced training recipes. Fig 5.1 presents our step-by-step
experiments to study the training recipes. We found that the best recipe is to first
pre-align each vision expert on LLaVA-595K + Eagle1.8M. In the pretraining stage,
we combine all vision experts from the first step and train both the projector and
vision experts on LLaVA-595K + Eaglel.8M. Finally, we train the whole model on

the Eagle1.8M.

Config Summary Pre-align Pre-train Fine-tune  Avg.
1 epoch X LLaVA-595K Eaglel.8M 697.1
2 epoch X LLaVA-595K Eaglel . 8M 698.3
1 epoch, unlock* X LLaVA-595K Eagle1.8M 698.0
1 epoch, unlock* X LLaVA-595K+Eagle]l .8M Eaglel.8M 699.5
1 epoch Eaglel.8M LLaVA-595K Eaglel.8M 706.6
1 epoch, unlock* Eaglel.8M LLaVA-595K Eaglel.8M 707.1
1 epoch, unlock* LLaVA-595K+Eaglel.8M LLaVA-595K Eaglel.8M 707.8

1 epoch, unlock* LLaVA-595K+Eaglel.8M LLaVA-595K+Eaglel.8M Eaglel.8M 708.9

Fig 5.11. Comparison between different training strategies. ““1 epoch’ means we
train Eagle for 1 epoch in the supervised fine-tuning stage. ‘unlock®’ means we

unlock vision encoders in the pre-training stage.

Comparison with Cambrian-1. Using the same pre-training and supervised
fine-tuning datasets from Cambrian-1 [43]. Eagle demonstrates superior performance
across all the evaluated benchmarks without bells and whistles. As shown in Fig 6.10,
Eagle outperforms the Cambrian-1 counterparts considerably for the OCR and Chart
category. Consistent improvements are also observed for the General, Knowledge,
and Vision-Centric categories, showing the robustness and generalization ability of

the improved perception design in Eagle.
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Effectiveness of more vision experts

User: Tell me the locations of all the number 10 jerseys in the
picture. Answer the questions in details with a few sentences

CLIP + ConvNeXt baseline: There are two number 10 jerseys in the picture. One is on e

B the left side of the group, and the other is on the right side

2 Eagle-X5: /n the image, there are two players wearing jerseys with the number 10. One
of them is standing in the center of the group, while the other is positioned towards the

»‘ right side of the group. Both players are part of the basketball team, as indicated by

their uniforms and the context of the image.

User: What's the opening time
of the restaurant on Sunday?

User: What's the value of the row “low” and column

ey G b e o > CLIP + ConvNeXt baseline:
11:30-2:00
CLIP + ConvNeXt baseline: 2012-13 Eagle (more vision experts):
Eagle-X5: 10,970 (60%) closed

Qualitative Examples

Electrode reaction Standard electrode potential
V)
Au  +3e —>Au +1.420
Cu™ +2e ->Cu 10340 User: What's the total cost of Fat cell
Ni'* +2e ->Ni -0.250 size (Mt. Sinai) in the -05 year?
Fe'* +2e -> Fe -0.440 Eagle: 535,864
Na' +e ->Na -2.924

User: Below are shown, for five metals, reduction reactions and
standard electrode potential values. Which of these metals is the
least reactive? explain your answers in detail.

Option: (A)Au (B) Cu (C) Ni(D) Fe (E) Na

Eagle: The least reactive metal among the given options is (A) Au.

Explanation: The standard electrode potential (E") is a measure of the tendency of a
metal to lose electrons and undergo a reduction reaction. The higher the E" value,
the more reactive the metal is.

In the given table, the standard electrode potential values are as follows.

User: What was the committee
strength for the first meeting?
Eagle: 6

1 | | ‘

1 Twenn '

1 meamm . .
(A)Au: +1.420 V (B) Cu:+0.340 V (C) Ni:-0.250V (D) Fe:-0.440V (E) Na:-2.924V ¢ mmagmm
Comparing these values, we can see that the metal with the highest E'value ' ’1"""‘1’“‘ L L

(+1,420 V) is Au. which indicates that it is the least reactive among the given
options. The other metals have lower E" values, making them more reactive than
Au.

T T s s

| e

Fig 5.12. Qualitative comparison of different numbers of vision experts. Baseline
means Eagle with only CLIP+ConvNext. More Vision Experts denote the Eagle-X5
model. We highlight a failure case in RED. BLUE indicates the correct answers. With
more vision experts, Eagle can more precisely capture the information in the image

and provide the correct answer.
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Input Image:

Standard electrode poteniial
W

Electrode reaction

A 436 > Au +1420
Cu™ #2e ~>Cu +0.340
S s -02%
Fe™ 42e -> Fe -0.440
Na'4e > Na -2924

User: Below are shown, for five metals, reduction reactions
and standard electrode potential values. Which of these
metals s the least reactive? explain your answers in detail.

Option: (A)Au (B) Cu (G) NifD) Fe (E) Na

Eagle: The least reactive metal among the given options is (A) Au.
Explanation: The standard electrode potential (E") is a measure of the
tendency of a metal to lose electrons and undergo a reduction reaction. The
higher the E” value, the more reactive the metal s.

In the given table, the standard electrode potential values are as follows.
(A)Au: +1.420 V (B) Cu:+0.340 V (C) Niz-0.250V (D) Fe:-0.440V (E) Na:-2.924V
Comparing these values, we can see that the metal with the highest E"value
(+1,420 V) is Au. which indicates that it is the

least reactive among the given options. The other metals have lower E"
values, making them more reactive than Au.

Input Image:
answers in detail.

User: Which car in the picture is more aerodynamic? And explain your

Input Image:

User: What are the similarities and differences between
these two pictures?

Eagle: The two pictures show a red panda in a natural setting,
resting on a tree branch. The similarities between the two images
include the presence of the red panda, the tree branch, and the
natural environment.

The differences lie in the position of the red panda and the angle
of the photographs. In the first picture, the red panda is curled up
and sleeping on the tree branch, while in the second picture, the
red panda is sitting upright on the branch, looking alert and
awake. The first photo captures the red panda in a more relaxed
state, while the second photo shows the animal in a more active
and attentive position.

Input Image:

Input Image:

User: The original placement of this painting was

Option:

(A)in the Prado Museum fn Madfrid, showing a willingness to
be compared to great Spanish painters of the past

(B) in the cathedral in Madrid, indicating a desire to find
acceptance with the Catholic Church

(C) in the study of king Philip I challenging him to consider
the multitude of ir ions the painting

(D) in the reception room at the Royal Palace in Madrid,
where the portraits of the royal family would be viewable by
visiting dignitaries

Eagle: (C) in the study of king Philip Iv, challenging him to
consider the multitude of interpretations the painting
represents

User: Who was the patron of the building?

Eagle: The car in the picture that is more aerodynamic is the one on the right. This is

because it has a streamlined shape, with a smooth and curved body that reduces air
resistance. The streamlined shape allows the car to move more efficiently through the

air, which can result in better fuel efficiency and lower emissions. The car on the left. on
the other hand. has amore rectangular shape, which can cause more air resistance and

make it less aerodynamic.

Options:
(A) Abd al-Malik

(B) Justinian

(C) Charlemagne (D) shah Jahan

Eagle: (B)

Fig 5.13. Qualitative results of Eagle on VQA tasks requiring college-level

knowledge or deliberate reasoning.

Input Image:

Input Image:

User: Render the figure in Markdown format.

Fow In the Middle East and U.S, have
confidence in MBS
Eagle:

Moh s

et

| 83% | 6% |

Tunisa

o

Iszael

Tunisia | 69% | 18% |
Turkey | 68% | 14% |
Lebanon | 6a% | 23% |
I u.s.

Lebaron

us.
| 63% | 20% |

PEw RESEARCH CENTER

Few in the Middle East and U.S. have confidence in MBs

Country | No confidence | Confidence |

Input Image:

Input Image:

Cloud Computing Markst Size Status and
Forecast for a Location 2019-2022
(in bilions of RMB)

= Sinai) in the -05 year?

Eagle: $35,864

- User: What's the total cost of Fat cell size (Mt.

User: What was the committee
strength for the first meeting?

Eagle: 6

User: What was the committee
strength for the last meeting?

Eagle: 5

User: Describe the chart in detail?

Eagle: The image presents a bar chart that provides a
forecast for the cloud computing market size in China for the
years 2019 to2022. The chart is divided into two columns,
one for private cloud and the other for public cloud. The
years are labeled on the x-axis, while the market size is
represented on the y-axis in billions of RMB, The chart shows
that the market size for private cloud and public cloud have
been steadily increasing over the years. The highest market
size is for 2022, which is for public cloud, indicating a
significant growth in this sector. The lowest market size is for
2018, which is for private cloud, suggesting that the private
cloud market has been growing at a slower pace compared
to the public cloud market.

Fig 5.14. Qualitative samples on OCR and document understanding tasks. Eagle is

able to extract useful information from small text.
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5.3.3 Main Takeaways

Our systematic study leads to several interesting new findings:

1.

3.

Unlocking the vision encoders during MLLM training matters. This is in
sharp contrast to the LLaVA family and many works that consider multiple
vision encoders or teachers where freezing the vision encoders has been a
common choice.

Some recently proposed fusion strategies do not show significant advantages
despite their advanced designs. Instead, we find that straightforward channel
concatenation stands out as a simple yet competitive fusion strategy,
offering the best efficiency and performance.

Incorporating additional vision experts leads to consistent gain, making it a
promising path to systematically enhance MLLM perception besides scaling
up single encoders. The improvement is particularly pronounced when vision
encoders are unlocked.

We propose a pre-alignment stage where non-text-aligned vision experts are
individually fine-tuned with a frozen LLM before training together. This
stage is found to enhance the MLLM performance significantly under the

mixture-of-vision-encoder design.
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Chapter 6: Challenges and Future Directions

The research of hallucination in MLLMs is still at an early stage, leaving a variety of
research problems to be explored. In this section, we delve into the future directions

of this pivotal domain.

Reinforcement Learning from Human Feedback (RLHF). Multimodal models
often generate inconsistent or implausible cross-modal outputs. Incorporating human
feedback that evaluates cross-modal coherence and factual consistency can improve
reliability. Future work should explore fine-grained RLHF methods tailored to

multimodal alignment.

Chain-of-Thought (CoT) reasoning [84] improves model performance by explicitly
generating intermediate steps, allowing the model to break down complex problems
and reduce spurious answers. We find that for tasks like math problems, step-by-step
generation is more likely to produce correct answers compared to generating a final

answer directly.

Data-centric Challenges and Innovations. MLLMs rely heavily on large-scale data,
making data quality, diversity, and bias critical concerns. To enhance model accuracy
and reliability, future work should focus on improved data collection, augmentation,
and calibration. This includes addressing data scarcity, expanding datasets through

augmentation, and re-calibrating existing data to reduce bias and promote diversity.

64



Retrieval-Augmented Generation (RAG). Integrating external knowledge sources
allows MLLMs to ground their responses in factual evidence, reducing the reliance
on parametric memory and mitigating hallucination. RAG is particularly valuable in
domains with limited training data or where data is private and cannot be publicly

shared.
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Chapter 7: Limitations

Lack of standardized benchmarks and evaluation metrics for assessing
hallucinations in MLLMs. While various benchmarks exist, there is no unified
standard. For example, POPE [7], one of the most widely used benchmarks, adopts a
binary "Yes-or-No" format, which oversimplifies user interaction with MLLMs. Other
benchmarks like HallusionBench [2] attempt to assess hallucinations in free-form
generation but often depend on external tools such as expert vision models or LLMs,
limiting their scalability and reliability. This lack of robust, universally accepted
evaluation methods may impact the generalizability of our findings and highlights the
need for future work to develop standardized, theoretically grounded, and practical

benchmarks.

This thesis primarily focuses on visual hallucinations that can be directly
verified against the image content. These include cases where the model generates
objects that are not present or misidentifies visible elements in the image. We
intentionally exclude unverifiable hallucinations, which involve speculative or
subjective interpretations that cannot be grounded in the visual input. For
example, describing an image of a person walking down the street as 'He is heading
to work' introduces assumptions about intent that are not visually evident. Addressing

these types of hallucinations requires a different evaluation framework.

Another limitation of our work is that it primarily frames hallucination as a

negative phenomenon to be minimized. However, recent perspectives suggest that
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hallucination may also be a valuable and even desirable feature of large language and
multimodal models. As discussed in recent literature and social discourse,
hallucinations can be seen as part of the model's creative process, where user prompts
initiate a generative "dream" shaped by the model's learned representations. From this
angle, hallucinations may enrich user experiences by enabling more imaginative,
surprising, or inspiring outputs, especially in domains where factual correctness is not
the sole priority. Future work could explore how to harness hallucination positively in
downstream applications, shifting the optimization focus from benchmark accuracy to

user satisfaction and engagement.
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Chapter 8: Conclusions

This thesis presents a comprehensive investigation into the visual hallucination
problem in Multimodal Large Language Models, a pressing challenge at the
intersection of computer vision and natural language processing. While recent
advancements have led to increasingly capable Vision-Language Models, our findings
underscore a persistent and critical limitation: the tendency of these models to
prioritize textual priors over visual evidence, often leading to incorrect or misleading
outputs. To address this gap, we make several original and foundational contributions
to the field:

1. We provide the first systematic taxonomy of hallucinations in MLLMs,
offering a principled framework for understanding and categorizing failure
modes.

2. We introduce HALLUSIONBENCH, the first diagnostic benchmark
specifically tailored for hallucination analysis in multimodal settings. Its
design, centered around visually grounded questions, enables fine-grained,
quantitative assessment of model behavior.

3. We propose LRV-Instruction, a novel data-centric mitigation method that
enhances instruction tuning via the generation of semantically controlled
negative examples. This is the first work to demonstrate how data
augmentation strategies can directly target hallucination in vision-language

tasks.
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4. We develop and evaluate NvEagle, a robust architecture that integrates
vision encoder selection and resolution-aware design, significantly

advancing the robustness and accuracy of MLLMs.

Together, these contributions not only diagnose but also begin to resolve the
hallucination issue by offering both theoretical and practical advancements. The
thesis establishes a strong foundation for future research in building trustworthy,

visually grounded multimodal systems.

Looking forward, we emphasize the importance of holistic strategies that combine
architecture, data, and evaluation. We envision MLLMs that not only excel at
perception and reasoning but also adaptively calibrate their confidence based on the
reliability of each modality. This direction holds promise not just for reducing
hallucinations, but for enabling a new generation of Al systems that are both capable

and aligned with the real world.
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Chapter 9: Related Work

9.1 Large Multi-Modal Models

Large Language Models [86, 89, 90] have significantly advanced the field of artificial
intelligence, enabling models to perform a wide range of tasks purely from language
inputs. This foundation has inspired the development of Large Vision-Language
Models [47, 48, 49, 67, 68, 69] that integrate both textual and visual understanding
within a unified architecture. One of the early milestones in this direction is Flamingo
[21], which incorporates a frozen vision encoder with a large autoregressive language
model enhanced by cross-attention layers, allowing it to perform visual reasoning
without needing to retrain the vision backbone. Building upon even larger-scale
architectures, PaLM-E [22] extends the 540B-parameter PaLM model by feeding in
visual embeddings alongside textual inputs, demonstrating strong performance across

robotics and real-world embodied reasoning tasks.

More recently, with the emergence of GPT-4 and GPT-4V [48], researchers have
begun leveraging these powerful multimodal models to generate high-quality and
diverse image-text instruction data, which in turn has enabled the fine-tuning of
increasingly capable open-source LVLMs. Notable examples include LLaVA [6],
MiniGPT-4 [23], mPLUG-Owl [24], LRV-Instruction [1], LLaVAR [25], and others
[12, 14], which show promising results across visual question answering, image

captioning, and multimodal dialogue. These models demonstrate a trend toward

70



scalable and instruction-aligned multimodal systems, often bootstrapped by synthetic

datasets derived from proprietary models.

9.2 Hallucination in LVLMs

Hallucination typically refers to situations where the generated responses contain
information that is not grounded in the visual content. In LVLMs, this problem is
particularly pronounced due to the complex fusion of visual and textual modalities.
Prior research on hallucinations generally focuses on two main areas: evaluation and
detection [2, 5, 40, 41, 42], and mitigation strategies [1, 3, 26, 27]. Early approaches
include training binary classifiers to flag hallucinated outputs or comparing generated
responses with human-written ground truths to measure factual consistency. Some
works also propose visual-textual alignment scores or introduce external verification

modules to validate the grounding of each claim.

To reduce hallucinations, recent efforts have emphasized improving both training data
quality and model alignment strategies. For instance, LRV-Instruction [1] enhances
instruction tuning with carefully balanced positive and negative image-text pairs,
helping the model differentiate between grounded and ungrounded information.
VIGC [27] introduces an iterative answer refinement approach, where multiple
concise responses are generated, filtered, and combined to produce a final, more
grounded answer. Another notable method, Woodpecker [28], offers a training-free

correction mechanism, which uses an external vision-language verifier to detect
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hallucinated segments in the generated text and revise them accordingly—allowing
for post-hoc correction without updating the base model. Other techniques aim to
improve hallucination robustness via contrastive learning, visual grounding
supervision, or prompting techniques. Additionally, models such as Kosmos-2 [44]
leverage OCR and object detection tools during pretraining to enhance multimodal

grounding, thereby reducing the chances of fabricated object references.

Despite these advancements, hallucination remains a persistent challenge, especially
in open-ended tasks like visual dialogue, storytelling, and instruction following.
Current benchmarks such as POPE [2] and MMHalBench [5] help quantify the extent
of hallucinations, but standardized and fine-grained evaluation remains an open
problem. Future research is likely to focus on tighter integration between perception
and reasoning, as well as on interactive and retrieval-augmented LVLMs that can

verify claims against external knowledge or image context in real time.

9.3 Benchmarks for Large VL Models

Traditional Visual Language (VL) benchmarks are designed to assess distinct skills,
including visual recognition, image description, and so on. However, with the advent
of advanced LVLMs, traditional evaluation metrics often fall short of providing a
detailed ability assessment. This problem is further exacerbated by their inability to
match the given answer accurately, leading to significant robustness issues. To

address these challenges, research communities have introduced a series of
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benchmarks, including MME [18], MMBench [29], MM-Vet [30], SEED-Bench [31]
and GAVIE [1]. These benchmarks systematically structure and evaluate complex

multi-modal tasks.

As for MLLM hallucination benchmarks, As one of the early works, the metric of
CHAIR [41] was proposed to evaluate object hallucination in the traditional image
captioning task. This is achieved by computing what proportion of words generated
are actually in the image according to the ground truth sentences and object
segmentations. Compared to CHAIR, POPE [5] offers increased stability and
flexibility. Based on this metric design, it further proposed an evaluation benchmark,
drawing 500 images from the MSCOCO dataset. The questions in the benchmark
consist of both positive and negative questions. MME [18] is a comprehensive
evaluation benchmark for MLLMs. It covers the examination of perception and
cognition abilities, encompassing 14 subtasks. FaithScore [84] aims to evaluate
free-form responses to open-ended questions. Different from LLM-based overall
assessment, FaithScore designs an automatic pipeline to decompose the response,

evaluate, and analyze the elements in detail.
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