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Abstract

Recent advances in multi-modal perception that combines multi-modal input pro-
cessing suffers from a common issue that the models predict something out of
nothing or the results are inconsistent with the facts. In particular, in the context of
visual question and answering. Many researches have done to reduce this problem
by offering better vision-language alignment or visual prompting for visual related
tasks. However, the previous methods still suffers from miss aligned attentions
such as the model is paying attention to the wrong part of the visual input or
miss certain part of the visual input, especially for question and answering task.
Human brain, on the other hand is great at sourcing information and paying atten-
tion to the part of the visual input based on the given question. In this paper, we
proposed a new framework that initiated from the human perception psychology,
the Schema theory. Schema theory explains how human naturally organize and
interpret external and internal information and incorporating them for reasoning
and decision-making. We apply the Schema theory to dynamically prompt the
multi-modal models to maximumly reduce the poor perception performance prob-
lem. From our experiments, ChatGPT-4o with SoT achieved 13.3% improvement,
Claude 3.5 Sonnet with SoT achieved 28% improvement on MMVP. We found our
Schema of Thought framework consistently improved the performance on public
hallucination benchmarks.

1 Introduction

Recent advances in Multimodal Large Language Model(MLLMs) [7, 15, 32, 23, 2, 13] has rev-
olutionalized the cross-modality learning. Especially the visual question and answering (VQA)
problems. The language reasoning capability in MLLMs is one of the major reason behind this
advances. As shown in Figure 1, however, many of the state-of-the-art MLLMs still suffers from
the halllucination problem as discussed in many papers [25]. There are a couple of hallucination
reduction prompting techniques, such as the language only chain-of-thought (COT) [27] prompting
technique and the following up work such as the Tree-of-Thought (ToT) [31] and external world
knowledge-based [18, 21]. There are also work that try to prevent multi-modal hallucination like
prompting with visual cues [29], using scene understanding [22]. With the research in prompting
engineering, the other challenge emerges, the efficiency of the prompting [33]. Human on the other
hand is great at processing perceived information. Human being can efficiently leveraging knowledge
in the memory to process and direct attention to the related visual information when prompted with a
text question. This particular mechanism however hasn’t been well studied for the cross-modality
hallucination reduction problem.

In this paper, we propose a human cognitive psychology-based prompting techinque, Schema of
Thought (SoT) targeting at reducing the hallucination problem of the MLLMs. In the Schema
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Figure 1: Task Overview. Hallucination includes creating something out of nothing or inconsistent
with the facts.

theory [3, 19], the current sensory input is a function of the subject’s exploration of the world. In
another word, human interpret new information by fitting it into existing frameworks or ”schemas“,
which are organized patterns of thought and behavior. In a multi-modal information processing
scenario, when a human is presented a text question and consequently an image, in Schema theory,
human brain relies on the schema created from the text question to connect visual cues. This Schema
mechanism also greatly reduces cognitive load by simplifying the information processing task. Instead
of analyzing every visual detail independently, schemas allow the system to interpret complex scenes
more efficiently by focusing on familiar patterns. As shown in Figure 2, we propose a Schema
Theory based prompting technique that mimic how human leverage their knowledge in memory when
processing new information. We see our framework SoT greatly reduces the hallucination on multiple
benchmark datasets.

Our contribution can be summarized as, 1) Schema of Thought, a psychology-based framework for
visual question and answering task; 2) we show through extensive experiment that our SoT framework
is effective and robust for downstream visual QA task; 3) we improve consistently upon the Eyes
Wide Shut (MMVP), HallusionBench and AutoHallusion datasets for real challenging test cases.

2 Related Works

2.1 Imitating Human Perception

Ever since human started to learn the biological and psychological self, there have been countless
efforts on modeling how human perceive and reason about the world.

Gestalt Theory [28] states that human understands objects and concepts in top-down level, not
the other way round. The Gestalt psychologists were the first to systematically study perceptual
grouping [8], and found that it is easier for people to learn things that are regular, orderly, symmetrical,
and simple. Although it was later criticized by modern science communities due to its lack of
quantitative research [6], it has been recognized as basis of further perception research such as
behavior, thinking, and pattern recognition. In this paper, we mimic the Gestalt theory framework
and model our QA system to think top-down from the question, to mitigate the hallucination issue.

Extending the top-down idea, Schema Theory [5] describes that people build and use schemas as
they understand the world. A schema is a pattern or a graph of how concepts of a certain topic relate
to each other. It is used to form learnings and reach to solutions when facing a certain problem.
Minsky et. al. [20] was the first to bring the Schema concept into computer to develop human-
like understanding abilities. Since then many works followed the similar idea and modeled the
computational understanding using a graph structure, the most popular of which includes Knowledge
Graph [11].
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Since the multi-layer perceptron (MLP) [24] was first proposed, there have been several breakthroughs
of neural network modeling to increase the understanding capability towards a more generalized
AI model solution. Convolutional neural network (CNN) resolves the curse of dimensionality of
MLP, and was successfully applied to learn image tasks, a phenomenal example being AlexNet [14].
Generative-Adversarial networks (GAN) [9] first introduced the concept of adversarial training
on generative models, which opened up the possibility of generative networks. Most recently,
Transformer-based model [26] becomes the most popular choice due to its scalability and flexibility
offered by the next-token prediction framework, and is now a foundational building block of most
Large Language Models (LLM). However, most of the modern deep models have a bottom-up
structure, with no explicit modeling on the global perception. We hypothesize that it is one of
the reasons why most LLMs currently suffer from hallucinations, and we introduce the Schema
Theory-based framework to mitigate such issue.

2.2 Multimodal Hallucination

Hallucination in multi-modal large language models (MLLMs) refers to the phenomenon where the
model generates content that is inconsistent with or unfaithful to the visual inputs [4, 17]. Unlike
traditional hallucination issues in language models, hallucination in MLLMs manifests uniquely in the
visual-language context, primarily in three aspects: object category errors (identifying non-existent
objects), attribute errors (describing incorrect object properties), and relation errors (misrepresenting
relationships between objects)[4].

Recent studies have revealed several key factors contributing to hallucination in MLLMs. First,
the visual encoder’s limitations, such as information loss during encoding and feature bias, can
lead to incomplete or inaccurate visual understanding[25]. Second, the strong language priors in
large language models may override visual evidence, causing the model to generate responses based
on parametric knowledge rather than actual visual content [10]. Third, the cross-modal alignment
between visual and textual features remains challenging, where simple connection modules like linear
projections may fail to capture complex visual-linguistic relationships[17].

Various approaches have been proposed to mitigate hallucination in MLLMs. Data-centric methods
focus on improving training data quality and diversity[16]. Model-centric approaches explore
enhanced visual encoders and more sophisticated cross-modal alignment mechanisms[25]. Some
researchers have also investigated decoding strategies to maintain visual attention throughout the
generation process[12]. However, these methods still struggle with attention misalignment, where
models fail to focus on relevant visual regions or miss critical visual details during question answering
tasks [10].

Recent benchmarks like POPE[16] and HallusionBench [10] have been developed to systematically
evaluate hallucination in MLLMs. These benchmarks reveal that even state-of-the-art models like
GPT-4V still face significant challenges in maintaining visual-language consistency, with performance
significantly below human level [10]. This gap highlights the need for more effective approaches to
address the hallucination problem in MLLMs.

3 Methods

3.1 Schema Theory

Schema theory [5], proposed by psychologist Frederic Bartlett in the 1930s and later expanded by
others, explains how people organize knowledge and interpret experiences based on pre-existing
mental frameworks or "schemas." Schemas are cognitive structures that help individuals process
information efficiently by recognize patterns of behavior, objects, and concepts they have previously
encountered. These schemas influence how people perceive, interpret, and remember information. In
multimodal perception, schema-based approaches could enable models to understand images and
questions more effectively by drawing on contextual or domain-specific knowledge. We use this
solution schema as the guidelines.

In summary, as shown in Figure 2, this flow starts by clarifying and fully understanding the problem,
ensuring that requirement is clearly identified. Once the problem is comprehensively grasped, the
next step is to formulate or recognize the appropriate solution schema to guide the approach. After
establishing this framework, the following step is to gather the correct information from reliable
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Figure 2: Work Flow. This flow starts by clarifying and fully understanding the problem, ensuring
that requirement is clearly identified. Once the problem is comprehensively grasped, the next step is to
formulate or recognize the appropriate solution schema to guide the approach. After establishing this
framework, the following step is to gather the correct information from reliable sources, integrating a
strong commitment to factual accuracy. To further reinforce this integrity, fact-checking mechanisms
come into play, eliminating any need to fabricate details or rely on incomplete data. By diligently
applying these safeguards, the risk of generating hallucination is significantly reduced, leading to a
more trustworthy and credible outcome.

sources, integrating a strong commitment to accuracy. To further reinforce this integrity, fact-checking
mechanisms come into play, eliminating any need to fabricate details or rely on incomplete data. By
diligently applying these safeguards, the risk of generating hallucination is significantly reduced,
leading to a more trustworthy and credible outcome.

3.2 Contextual Analysis

For question, we will analyze the question target and the question type. For question target, we extract
the key object words we should focus when we analyze the visual content. For question type, based
on the question posed about image, the context required to answer them, and the level of reasoning
needed. We list 8 VQA categories: Object Recognition question, Visual Attribute Recognition
question, Spatial Relationship question, Action Recognition question, Temporal question, Causal
question, Predictive question, Comparative question.

3.2.1 Problem digestion

When handling contextual analysis, after identifying the task category, we first ask LLMs to re-
think/redefine the question to helps better clarify, contextualize, and refine their understanding of
the given question. This step is beneficial for several reasons. First, it can improve Contextual
Understanding by helping LLMs anchor their focus to relevant aspects of both the question and the
image context. This can reduce ambiguity, especially when a question is vague or could be interpreted
in multiple ways. Second, it helps disambiguate complex questions. In some complex questions
involving multiple entities or actions, restating clarifies which elements and attributes are being
compared, minimizing misinterpretation. Third, it helps align with the task, boosting consistency in
responses. When LLMs systematically redefine questions, it helps them maintain consistency across
VQA tasks in terms of the similar questions. This makes their answers more reliable and aligned with
the question’s specific needs. Overall, redefining questions enables LLMs to provide more precise,
coherent, and contextually grounded questions, this is very essential for VQA.
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3.2.2 Key Facts

Key Facts Check essentially increase the reliability of LVMs by giving an extra layer of validation to
the model’s interpretation, helping it to be both more precise and reliable in final answer generation.
In our method, we have hierarchy design to minimize hallucinations by focusing on grounding
responses in observable details, it reduces the likelihood of the model introducing extra, unobserved
details into the answer. And this hierarchy design also can offer an early stop mechanism to save cost.

3.3 Visual Analysis

3.3.1 Auto-scaling

For general usage, a moderate resolution that retains essential details is often ideal. If the question
requires complex or small details, a higher resolution can improve accuracy, but if the question asks
simple or has large and easily recognizable elements in a simple image, a lower resolution may
suffice. Furthermore, larger images take more time and cost to process, so providing an excessively
high-resolution image could slow down the task without significantly improving accuracy.

Although many models include preprocessing steps that scales high resolution image inputs to not
exceed a specific range. If your input image is significantly higher than this specific resolution, the
preprocessing will scale the image to the maximum size, leading to potential cost waste. If your input
image is excessively low-resolution image, the performance may be greatly reduced.

We conduct auto-scaling on images before using them for final tasks. We input image and question
to LLM-autoscaler (adapt to the training sizes while keep the resolution ratio) to decide the input
resolution. This process will maintain consistency with the model’s expected input dimensions,
optimizing computational efficiency, and ensuring accurate feature extraction.

3.3.2 Visual Anchor

Vision encoders in the CLIP family, including BLIP series, are primarily designed for semantic
visual representations but are challenged by ambiguous encoding. This further leading to the lack of
spatial information for MLLMs to localize the target objects, which weakens the reasoning ability
of language model part and further increase the hallucination. However, we value the semantic
representations, but how can we increase the grounding ability but not change the visual encoder
dramatically.

We use a simple marker as visual anchor to simplify the language model part’s process of identifying
relevant target within the visual content. By associating specific parts of the image with discrete
markers, the model can better match text-based prompts to visual regions, improving both accuracy
and response specificity. This anchor is optional in our framework.

3.4 SoT Perception

Below is a step-by-step description of how the Schema of Thought (SoT) approach can be applied
to reduce hallucination in Large Multimodal Language Models (MLLMs) by leveraging Schema
Theory. The approach focuses on leveraging the above extracted information, aligning them with the
task schema, and ultimately ensuring the final answer is grounded in verified, factual information.

Identify the Schema: The first step is to clearly define the question. We ask LLMs to classify the
question into our predefined 9 schemas (8 VQA categories + 1 “Not belong to any of them" category).
Then beyond this background, we ask the model to identify the core intent of the user’s query (the
“question target”) and redefine the problem in this schema. This processing narrows down what type
of information or reasoning is necessary. And this help interpret and reshape the query information
based on the cognitive structures, or schemas.

Generate a SoT Graph: Base on the question target, input visual information, the visual anchor
(if we have) to generate a scene graph. If available, visual anchors (e.g., marker or bounding boxes)
provide an initial spatial representation in the visual information. These anchors help the model
locate specific objects or regions that are relevant to the question. For the graph, we will prune this
graph to be a task-schema—essential structure that specifies which elements of the scene are most
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relevant. This helps eliminate extraneous details from the scene graph that do not directly pertain to
the question. By focusing on the refined question, we remove nodes and edges in the scene graph
that don’t serve the primary query. This step mirrors the cognitive process of filtering out irrelevant
stimuli and focusing on the task schema.

Final Answer: In this final step, the model integrates the redefined question (focused on a clear
goal), the pruned graph (with only relevant objects, attributes, and relationships), the verified key
facts. This integrated approach encourages the model to produce an answer that is (a) aligned with
the user’s query, (b) grounded in the visible evidence from the scene, and (c) validated through
fact-checking.

By applying the Schema of Thought approach in MLLMs, we leverage a cognitive-psychology-
inspired structure to mitigate hallucinations. we refine the user task in accordance with human
cognitive schemas and validate crucial information through Key Facts Check. This process, grounded
in structured reasoning and verification, ultimately reduces the model’s tendency to fabricate details
and ensures that the final answer is credible, relevant, and factually aligned.

4 Experiments

Method Prompt Evaluation Performance Acc(%)
Human / Human Check Description 95.7
ChatGPT-4o / Human Check Description 68.0
ChatGPT-4o (Ours) SoT Perception Human Check Description 98.0
Llama3.2-11B / Automatic 37.3
Llama3.2-11B (Ours) SoT Perception Automatic 42.0
ChatGPT-4o / Automatic 64.7
ChatGPT-4o (Ours) SoT Perception Automatic 78.0
Claude3.5 / Automatic 31.3
Claude3.5 (Ours) SoT Perception Automatic 59.3

Table 1: Comparison on MMVP (Eyes Wide Shut). For human check, we check the SoT graph
and the output description manually. From Our experiments, ChatGPT-4o with SoT achieved 98%
performance with 30% improvement over the original ChatGPT-4o (68%). And it is the first time
MLLM beats human (95.7%) on visual question task. This demonstrated that SoT has a strong
theoretical upper bound. For automatic manner, we directly use SoT generated by Claude 3.5 Sonnet.
We tested both open-source and commercial VLMs. For open-source Llama 3.2, SoT achieved
4.7% improvement. For commercial VLMs, ChatGPT-4o with SoT achieved 13.3% improvement,
Claude 3.5 Sonnet with SoT achieved 28% improvement. This shows that our SoT can benefit both
open-source and commercial models.

We perform experiments on three datasets including MMVP, HallusionBench, and AutoHallusion
with both open-source Large Vision-Language Models (Llama 3.2 Vision) and commercial Large
Vision-Language Models (Claude 3.5, ChatGPT-4o). We assess performance by calculating the
accuracy of correct answers in a manner of visual question answering.

4.1 Benchmarks

MMVP [25] proposed CLIP-blind pairs, images that CLIP perceives as similar despite their clear
visual differences, demonstrating CLIP-based vision encoder struggles to encode “properly”. The
MMVP benchmark is designed to systematically evaluate the performance of recent CLIP-based
models in understanding and processing visual patterns. It distills a subset of questions from the
original MMVP benchmark into simpler language descriptions, categorizing them into distinct
visual patterns. Each visual pattern is represented by 15 text-image pairs. The benchmark assesses
whether CLIP models can accurately match these image-text combinations, providing insights into
the capabilities and limitations of these models.

HallusionBench [10] proposed that the strong language prior in most of the existing SOTA LVLMs
can be a double-edged sword: they may ignore the image context and solely rely on the (even
contradictory) language prior for reasoning. In contrast, the vision modules in VLMs are weaker than
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Method Evaluation Question Pair
(qAcc) ↑

Figure
(fAcc) ↑

Easy
(Easy aAcc) ↑

Hard
(Hard aAcc) ↑

All
(aAcc) ↑

GPT-4 (CVPR2024) GPT4-Assisted 28.79 39.88 75.6 37.7 65.3
Claude3 (CVPR2024) GPT4-Assisted 21.76 28.61 55.16 41.4 56.86

ChatGPT-4o GPT4-Assisted 37.80 47.40 78.46 46.28 68.64
ChatGPT-4o-SoT (Ours) GPT4-Assisted 46.15 52.02 79.34 54.42 71.83

Claude3.5 GPT4-Assisted 38.46 47.4 69.89 54.18 68.82
Claude3.5-SoT (Ours) GPT4-Assisted 42.20 46.25 73.19 57.44 71.66

Lamma3.2-11B GPT4-Assisted 10.99 15.90 27.91 27.91 36.67
Lamma3.2-11B-SoT (Ours) GPT4-Assisted 15.60 17.92 36.04 36.05 44.82

Table 2: Correctness Leaderboard on HallusionBench with various MLLMs: For commercial
model, Claude 3.5 Sonnet with SoT achieved 2.84% - 3.74% improvement. ChatGPT-4o with SoT
achieved 3.19% - 8.35% improvement. For open-source model, Llama 3.2 with SoT achieved 2.02%
- 8.59% improvement. And our SoT significantly improves accuracy on hard problems.

Method Quality Evaluation Synthetic
(sAcc) ↑

Synthetic SR
(ssrAcc) ↑

Real-World
(rAcc) ↑

Real-World SR
(rsrAcc) ↑

All
(aAcc) ↑

ChatGPT-4o 1,2,3 GPT4 75.42 68.44 69.86 58.83 72.93
ChatGPT-4o-SoT (Ours) 1,2,3 GPT4 77.68 70.94 72.64 62.90 75.42

ChatGPT-4o 2,3 GPT4 78.87 71.43 74.00 64.60 76.84
ChatGPT-4o-SoT (Ours) 2,3 GPT4 80.65 76.27 74.65 66.80 78.15

ChatGPT-4o 3 GPT4 76.96 76.67 76.34 71.54 76.60
ChatGPT-4o-SoT (Ours) 3 GPT4 79.58 82.22 78.24 73.08 78.81
Claude3.5 1,2,3 GPT4 59.63 39.22 49.21 27.19 54.97
Claude3.5-SoT (Ours) 1,2,3 GPT4 63.16 50.31 54.29 37.61 59.19

Claude3.5 2,3 GPT4 66.15 47.47 54.15 31.40 61.15
Claude3.5-SoT (Ours) 2,3 GPT4 68.47 54.84 58.14 41.60 64.16

Claude3.5 3 GPT4 73.30 72.22 65.27 52.31 68.65
Claude3.5-SoT (Ours) 3 GPT4 76.96 78.89 65.27 64.62 70.20
Lamma3.2-11B 1,2,3 GPT4 49.22 35.16 42.50 28.08 46.21
Lamma3.2-11B-SoT (Ours) 1,2,3 GPT4 60.21 43.75 59.71 46.89 59.99

Lamma3.2-11B 2,3 GPT4 52.12 32.26 44.88 27.4 49.10
Lamma3.2-11B-SoT (Ours) 2,3 GPT4 64.66 44.70 62.57 48.6 63.80

Lamma3.2-11B 3 GPT4 43.98 15.56 44.66 26.15 44.37
Lamma3.2-11B-SoT (Ours) 3 GPT4 60.21 46.67 63.74 46.92 62.25

Table 3: Correctness Leaderboard on AutoHallusion with various MLLMs: For different quality
settings, different scene settings, different models, SoT can consistently improve the performance.
Especially, our SoT significantly improves the Synthetic Spatial Relation performance, the highest
improvement with our SoT can reach 31.11%, demonstrating the promising of our proposed SoT. SR:
Spatial Relation

LLMs and may result in misleading visual representations, which are then translated to confident
mistakes by LLMs.

AutoHallusion [30] found that certain context cues in an image may trigger the language module’s
overconfident and incorrect reasoning on abnormal or hypothetical objects. Though a few benchmarks
have been developed to investigate LVLM hallucinations, they mainly rely on hand-crafted corner
cases whose fail patterns may hardly generalize, and finetuning on them could undermine their
validity. AutoHallusion probes the language modules in LVLMs for context cues and uses them to
synthesize images by: (1) adding objects abnormal to the context cues; (2) for two co-occurring
objects, keeping one and excluding the other; or (3) removing objects closely tied to the context
cues. It then generates image-based questions whose ground-truth answers contradict the language
module’s prior. A model has to overcome contextual biases and distractions to reach correct answers,
while incorrect or inconsistent answers indicate hallucinations.

4.2 Multimodal Large Language Models

To evaluate our Gestalt Perception, we conduct experiments on both open-source SOTA Multimodal
Large Language Models (Llama 3.2 Vision [1]) and SOTA commercial Multimodal Large Language
Models (Claude 3.5 [2], ChatGPT-4o [23]).
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Llama 3.2 Vision [1] supports image reasoning use cases, such as document-level understanding
including charts and graphs, captioning of images, and visual grounding tasks such as directionally
pinpointing objects in images based on natural language descriptions. Llama 3.2 can also bridge the
gap between vision and language by extracting details from an image, understanding the scene, and
then crafting a sentence or two that could be used as an image caption to help tell the story. We use
11B version for all experiments.

Claude 3.5 Sonnet [2] reaches graduate-level reasoning (GPQA), undergraduate-level knowledge
(MMLU), and coding proficiency (HumanEval). It shows marked improvement in grasping nuance,
humor, and complex instructions, and is exceptional at writing high-quality content with a natural,
relatable tone.

GPT-4o [23] aims toward much more reliable for various tasks, it accepts as input any combination
of text, audio, image, and video and generates any combination of text, audio, and image outputs.
It can respond to audio inputs in as little as 232 milliseconds, with an average of 320 milliseconds,
which is similar to human response time in a conversation. It matches GPT-4 Turbo performance
on text in English and code, with significant improvement on text in non-English languages, while
also being much faster. GPT-4o is especially better at vision and audio understanding compared to
existing models.

4.3 Results

On MMVP, as show in Table 1, we conduct different evaluations including human check and automatic
manner. For human check, we check the SoT graph and the output description manually. From Our
experiments, ChatGPT-4o with SoT achieved 98% performance with 30% improvement over the
original ChatGPT-4o (68%). And it is the first time MLLM beats human (95.7%) on visual question
task. This demonstrated that SoT has a strong theoretical upper bound. For automatic manner, we
directly use SoT generated by Claude 3.5 Sonnet. We tested both open-source and commercial VLMs.
For open-source Llama 3.2, SoT achieved 4.7% improvement. For commercial VLMs, ChatGPT-4o
with SoT achieved 13.3% improvement, Claude 3.5 Sonnet with SoT achieved 28% improvement.
This shows that our SoT can benefit both open-source and commercial models.

On Hallusionbench, as show in Table 2, for commercial model, Claude 3.5 Sonnet with SoT achieved
3.74% improvement on Question Pair Accuracy, 3.3% improvement on Easy Case Accuracy, 3.26%
on Hard Case Accuracy, 2.84% improvement on All Accuracy. ChatGPT-4o with SoT achieved 8.35%
improvement on Question Pair Accuracy, 4.62% improvement on Figure Accuracy, 8.14% on Hard
Case Accuracy, 3.19% improvement on All Accuracy. For open-source model, Llama 3.2 with SoT
achieved 4.31% improvement on Question Pair Accuracy, 2.02% improvement on Figure Accuracy,
8.31% improvement on Easy Case Accuracy, 8.59% on Hard Case Accuracy, 8.51% improvement on
All Accuracy. From our experiments, our SoT significantly improves accuracy on hard problems.

On AutoHallusion, as show in Table 3, for different quality settings (1 means low quality, 2 means
medium quality, 3 means high quality), different scene settings, different models, SoT can consistently
improve the performance. Especially, our SoT significantly improves the Synthetic Spatial Relation
performance, the highest improvement with our SoT can reach 31.11%, demonstrating the promising
of our method.

5 Conclusion

In conclusion, our Schema of Thought (SoT) approach leverages human cognitive psychology prin-
ciples to reduce hallucination in multimodal large language models and improve performance on
visually challenging question-answering tasks. By employing Schema Theory, SoT enables more
accurate processing of multimodal input, as it taps into systematical framework to integrate and
interpret text/visual cues with significantly reduced cognitive load. The experimental results on
multiple benchmark datasets—including Eyes Wide Shut (MMVP), HallusionBench, and Auto-
Hallusion—demonstrate that SoT not only mitigates hallucination but also streamlines information
organization for enhanced accuracy. Our findings highlight the promise of SoT as a robust and
grounded prompting technique, paving the way for more reliable visual question-answering models.
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