
Seeing is Believing? Mitigating OCR Hallucinations in
Multimodal Large Language Models

Zhentao He1,† Can Zhang1,† Ziheng Wu1,� Zhenghao Chen1

Yufei Zhan1,2 Yifan Li1,3 Zhao Zhang1 Xian Wang1 Minghui Qiu1 ,�

1ByteDance 2CASIA 3RUC

Abstract

Recent advancements in multimodal large language models (MLLMs) have en-
hanced document understanding by integrating textual and visual information. How-
ever, existing models exhibit incompleteness within their paradigm in real-world
scenarios, particularly under visual degradation (e.g., blur, occlusion, low contrast).
In such conditions, the current response paradigm often fails to adequately perceive
visual degradation and ambiguity, leading to overreliance on linguistic priors or
misaligned visual-textual reasoning. This difficulty in recognizing uncertainty fre-
quently results in the generation of hallucinatory content, especially when a precise
answer is not feasible. To better demonstrate and analyze this phenomenon and
problem, we propose KIE-HVQA, the first benchmark dedicated to evaluating OCR
hallucination in degraded document understanding. This dataset includes test sam-
ples spanning identity cards, invoices, and prescriptions, with simulated real-world
degradations and pixel-level annotations for OCR reliability. This setup allows for
evaluating models’ capacity, under degraded input, to distinguish reliable visual
information and answer accordingly, thereby highlighting the challenge of avoiding
hallucination on uncertain data. To achieve vision-faithful reasoning and thereby
avoid the aforementioned issues, we further introduce a Group Relative Policy Opti-
mization (GRPO)-based framework featuring a novel reward mechanism. By incor-
porating a self-awareness of visual uncertainty and an analysis method that initiates
refusal to answer to increase task difficulty within our supervised fine-tuning and
reinforcement learning framework, we successfully mitigated hallucinations in am-
biguous regions. Experiments on Qwen2.5-VL demonstrate that our 7B-parameter
model achieves a ∼28% absolute improvement in hallucination-free accuracy over
GPT-4o on KIE-HVQA and there is no significant performance drop in standard
tasks, highlighting both effectiveness and robustness. This work advances the devel-
opment of reliable MLLMs for real-world document analysis by addressing critical
challenges in visual-linguistic alignment under degradation. Data is available at
https://huggingface.co/datasets/bytedance-research/KIE-HVQA.

1 Introduction

In recent years, there have been significant advancements in MLLMs [1, 9, 33, 4] for document
understanding [11, 18]. These models integrate textual semantics with visual features, offering new
paradigms for automated processing of identity cards, invoices, contracts, and similar applications.

MLLMs demonstrate near-human performance in documents understanding across several domains.
Enhancements in language models have improved multilingual support and incorporated prior
knowledge, leading to more accurate text parsing. Advancements in visual encoders [31, 16, 15],
such as increased resolution, have enhanced the ability to capture image details. Additionally,
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Figure 1: The performance of Qwen2.5-VL-7B (left) and GPT-4o (right) in interpreting degraded
text images. The Qwen2.5-VL-7B model may experience hallucinations, identifying values not
present in the image, while the GPT-4o model struggles with unrecognized degradation due to partial
text occlusion. Previous models have not thoroughly addressed these issues, whereas the model
proposed in this paper effectively resolves them, providing more accurate recognition results.

refined layout-based instructions [35, 20] have enabled systems to better understand document
structures. In particular, current MLLMs [4, 40] exhibit strong cross-modal reasoning capabilities
when working with high-quality images and standardized layouts. However, current research has
not yet fully addressed the incompleteness within their paradigm in real-world scenarios. The core
challenge stems from models’ inability to enforce strict adherence to visual signals. When confronted
with practical complexities—including image blurring or unconventional formatting—the models
frequently generate cross-modal hallucinatory content that deviates substantially from input data.

The OCR hallucination issue in MLLMs stems from three critical challenges across the model
development process. First, during the pre-training phase, there is a significant lack of key information
extraction (KIE) data and clear annotations related to degraded visual scenarios[32], which limits the
model’s ability to process challenging visual inputs. Second, in the instruction fine-tuning phase, the
paradigm for handling degraded visual scenarios is often overlooked, as researchers generally assume
OCR tasks involve non-degraded inputs [17, 8, 21, 14]. Even MLLMs with strong visual capabilities
fail to demonstrate the necessary reasoning abilities for real-world degraded documents. Third,
in the evaluation phase, the absence of dedicated benchmarks for quantifying OCR hallucination
in document understanding tasks impedes progress, as the field lacks both comprehensive metrics
and sufficient annotated data due to the inherent challenges in collecting and labeling degraded
samples. As a result, when confronted with visually compromised inputs like glare-obstructed
identity cards or low-contrast reports, models exhibit cognitive bias by defaulting to linguistic priors
rather than anchoring decisions to observable visual evidence, leading to potentially catastrophic
misinterpretations in critical applications [6]. The examples are illustrated in Figure 1.

To address these pressing challenges, this paper introduces a comprehensive benchmark and a novel
framework designed to tackle the critical issues of vision-faithful reasoning in degraded document
understanding. We present KIE-HVQA, the first benchmark specifically designed to evaluate OCR
hallucination under real-world noise conditions. This dataset includes 2,000 annotated training
samples and 400 rigorously curated test instances spanning diverse document types, including identity
cards, receipts, and invoices. Each sample is carefully designed to simulate real degradation scenarios,
such as motion blur and low contrast, necessitating fine-grained visual-textual alignment for accurate
key information retrieval. For instance, the task may involve extracting ID numbers from partially
occluded cards or resolving ambiguous dosage entries in faded prescriptions.

Inspired by the successful practices of reinforcement learning in computer vision tasks [40, 19],
we employ reinforcement learning as a tool to provide a feasible approach to addressing this issue.
Unlike typical MLLM tasks such as VQA [2], the KIE [39] task benefits from having quantifiable
standard answers, which allows for the construction of precise foundational rewards and the design
of appropriate rewards for various degradation scenarios. By employing Group Relative Policy
Optimization (GRPO) algorithm [10], we can supervise the model to enhance its existing OCR
capabilities and develop a self-reflective KIE instruction paradigm that addresses visual degradation.
This approach encourages models to prioritize visual evidence over linguistic priors, ensuring that
decisions are more robustly anchored to observable data, marking a significant advancement in
overcoming the challenges of vision-faithful reasoning and cross-modal OCR hallucination.
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To validate the ef�cacy of our training methodology and dataset, we implemented our proposed
approach to enhance Qwen2.5-VL [4] and conducted comprehensive experiments to benchmark our
method against state-of-the-art multimodal models. Our method achieves a notable� 28% absolute
improvement in hallucination-free accuracy on the KIE-HVQA benchmark. The contributions of this
paper are summarized as follows:

• We propose KIE-HVQA, the �rst benchmark for evaluating hallucinations in degraded documents.
This benchmark simulates real-world degradations with pixel-level annotations and OCR reliability
scores, enabling a comprehensive assessment of OCR hallucinations under degraded conditions.

• Based on the characteristics of the KIE task, we designed precise reward modeling for the GRPO
algorithm. By integrating this with an appropriate coldstart, we successfully enhanced the model's
ability to reason effectively with degraded visual input, signi�cantly reducing hallucination without
sacri�cing its original OCR capabilities.

• Through extensive experiments, our model demonstrates superior reasoning capabilities. Our
model achieves a �28% improvement in hallucination suppression compared to GPT-4o.

2 Related Work

2.1 Reasoning in Multimodal Large Language Models

Recent developments in large language models (LLMs) [1, 30, 5] demonstrate that simulating human-
like thought processes and implementing sequential reasoning strategies can signi�cantly improve
performance on complex problem-solving tasks. A signi�cant innovation [10, 29] involves DeepSeek-
R1's implementation of extensive reinforcement learning [22, 24] techniques to foster self-evolving
cognitive pathways in LLMs, substantially enhancing their performance on sophisticated reasoning
challenges. Inspired by advancements in LLM reasoning, researchers [36, 7, 40, 28] have applied
CoT prompting and developed SFT datasets with step-level reasoning for MLLMs.

Despite recent advancements, there remains a paucity of research focused on applying reasoning to
OCR tasks, particularly in addressing hallucination issues. To our best knowledge, our approach is
the �rst to utilize RL training to effectively tackle hallucination problems in OCR tasks.

2.2 OCR benchmarks

In the early era of deep learning, a variety of specialized benchmarks emerged to address different
challenges, such as natural-scene text [13], web-scene text [25], and multi-directional and curved
text recognition. The current OCRBench [17, 8, 37] for evaluating MLLMs primarily targets line-
granularity recognition. Other benchmarks, such as DocLocal4K [11] and FOX [14], curate data
mainly from document images.

Currently, these OCR benchmarks predominantly focus on document understanding and key in-
formation retrieval, often neglecting issues such as hallucinations and misrecognitions caused by
image degradation. Our newly proposed benchmark KIE-HVQA takes a signi�cant step forward by
addressing these overlooked challenges for the �rst time.

3 KIE-HVQA

3.1 Task Description

To provide a comprehensive evaluation framework for degraded document hallucination tasks, the
KIE-HVQA benchmark introduces a visually-grounded question answering task. This task demands
precise alignment between textual semantics and degraded visual evidence in real-world documents.
When presented with a degraded document image, such as a blurred ID card or occluded images,
and a question, models are required to perform several key tasks. Initially, they must identify text
elements relevant to the question through multi-modal grounding. Subsequently, they need to assess
recognition con�dence at the character level by analyzing edge sharpness, measuring contrast ratios,
and verifying contextual coherence. Finally, models should generate answers based on visually
veri�able content, while clearly indicating regions of uncertainty.

3



Figure 2: Visualization of the three types of data in our KIE-HVQA benchmark. [Q] represents the
question, [G] denotes the ground truth, and [P] indicates the prediction generated by Qwen2.5-VL
with zero-shot prompt. The data exhibit varying degrees of degradation, such as blurriness or damage,
which affect the model's predictive accuracy.

The benchmark focuses on evaluating models' ability to minimize reliance on parametric knowledge
biases in situations of partial legibility, such as medical prescriptions where dosage units are clear,
but frequencies are not. This requires that models adhere strictly to the available visual evidence,
ensuring accurate interpretation and response based on the information present in the document.

3.2 Annotation Curation

This section presents the curation of annotations in three stages: dataset collection, instruction
formulation, and manual veri�cation of results.

To tackle the challenge of vision-faithful reasoning in degraded document understanding, we as-
sembled a diverse dataset from three main sources: OCRBench [8], WildReceipt [27], and GPT-4o-
generated images. Each source was carefully chosen to simulate realistic degradation scenarios and
test the robustness of MLLMs.

OCRBench. Our methodology is benchmarked on 100 key information queries from OCRBench. We
�rst employ a text detection model combined with a character localization model [3], trained under a
weak supervision framework, to extract the precise coordinates of characters in the answers. Given the
potential randomness in the reading order of image characters, we utilize GPT-4o to reconstruct the
correct character sequence. Subsequently, these coordinates undergo a random degradation process.

To ensure the accuracy of the degradation results and prevent model hallucinations, we established a
rigorous dual-model evaluation mechanism. This process involves cropping each character from its
degraded region in the original image and inputting these sub-images into two leading Multimodal
Large Language Models (MLLMs)—GPT-4o and Qwen2.5-VL-72B—for parallel veri�cation. This
model pairing was strategically chosen to leverage their complementary strengths: GPT-4o serves as
the performance benchmark for closed-source models, excelling in complex visual pattern recognition,
while Qwen2.5-VL-72B is a state-of-the-art open-source model for OCR tasks. Each MLLM
independently provides a binary judgment (visible/invisible), and any discrepancies between their
outputs are resolved through expert human review. This design mitigates bias from any single
model and ensures the accurate annotation of borderline cases, providing a solid foundation for
subsequent character-level reliability annotations. The detailed format of our answer data is presented
in Section 4.
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WildReceipt. From the WildReceipt dataset, we extracted entity-type answers from the original
dataset and used MLLMs to generate corresponding questions. The images were modi�ed using the
same techniques applied to OCRBench, and the answers were reconstructed in a similar manner.

GPT-4o-generated Images. We used GPT-4o image generator1 to create 200 synthetic templates
of IDs and documents with �ctional information, ensuring privacy compliance. The information on
these IDs was generated by GPT-4o and then added using Photoshop. Based on this, we designed
corresponding question-and-answer pairs. To evaluate the model's performance in handling complex
visual information, we applied degradation techniques to the answers, including adding obfuscation
and blur effects.

We provide some samples from the KIE-HVQA dataset in Figure 2. This comprehensive dataset
allows for rigorous testing of the ability to maintain visual-textual alignment and avoid hallucinations,
even under conditions of visual degradation.

3.3 Evaluation Criteria

To assess the performance of our model in understanding degraded documents, we have developed
three comprehensive evaluation metrics. These metrics are designed to capture various aspects of
OCR performance under different visual conditions.

Legible Character Accuracy. This metric measures the character-level accuracy in regions of
the document with high visibility. It serves as a indicator for the model's basic OCR capabilities,
re�ecting its ability to accurately recognize text in ideal conditions. A high score indicates that the
model can perform near-perfect recognition when the text is clearly visible, thus setting a standard
for its performance under optimal conditions.

Degraded Character Accuracy. This metric evaluates the recognition accuracy in prede�ned regions
that have been annotated as degraded due to factors such as motion blur, occlusion, or low contrast.
It is speci�cally designed to test the model's robustness against visual ambiguities and its ability
to maintain accuracy in challenging conditions. For words that are degraded but do not pose a risk
of hallucination, the model should output the corresponding characters. However, for areas with a
high risk of hallucination, the model should demonstrate awareness to appropriately reject providing
an answer. This metric ensures that the model can effectively handle and interpret text in degraded
circumstances while minimizing errors due to hallucinations.

Global OCR Performance. Focuses on task-speci�c text extraction quality through two critical
metrics: Accuracy of OCR results for question-critical text regions referenced in VQA answers and
Normalized Levenshtein distance between the OCR-extracted text and ground truth speci�cally for
information required to answer the question.

4 Method

In this section, we systematically model the OCR hallucination issue as a fundamental problem with
precise rewards, re�ecting various degradation issues through different reward functions. We then
extend this framework by introducing a new reward paradigm and aligning model behavior using
reinforcement learning. In Section 4.1, we provide an overview of the rule-based GRPO algorithm,
which serves as the basis for our approach. In Section 4.2, the cold-start initialization method and the
data generation process are elaborated in detail. In Section 4.3, we present the GRPO algorithm and
the degradation-based OCR reward function, explaining their roles in the training process.

4.1 Preliminaries

The training of DeepSeek-R1 [10] employs Group Relative Policy Optimization (GRPO), a novel
reinforcement learning algorithm that differs from conventional methods like PPO [23]. GRPO
assesses strategies by comparing groups of generated responses, eliminating the need for a critic
model and simplifying the training process.

For a given inputq, GRPO generatesG responsesfo 1; o2; : : : ; oG g using the current policy� � old. It
then evaluates each response via a prede�ned reward function to obtain rewardsfr 1; r 2; : : : ; rG g. To

1https://openai.com/index/introducing-4o-image-generation/
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Figure 3: Overview of our framework: The cross-modal reasoning pipeline begins with compre-
hensive data collection, incorporating visual formal descriptions to enhance reasoning capabilities.
We utilize a multimodal approach to generate training data. After training, the process includes
supervised �ne-tuning to address OCR hallucination issues and improve reasoning accuracy. Finally,
rule-based reinforcement learning is applied to enhance generalization across multimodal tasks.

determine the relative quality of each response, GRPO normalizes the rewards:

A i =
r i � mean(fr 1; : : : ; rG g)

std(fr 1; : : : ; rG g)
; (1)

In the training procedure, GRPO initializes a trainable policy model� � and a frozen reference model
� ref . The policy model �� is optimized by maximizing the following objective function of G.

J GRPO(�) =
1
N

NX

i=1

�
� � (oi jq)

� � old(oi jq)
A i � � � KL(� � (oi jq)k� ref(oi jq))

�
(2)

Here,N represents the number of completions in a group, and� is a hyperparameter. This objective
function encourages the model to prioritize completions with higher advantages within the group
while maintaining proximity to the initial model.

4.2 Cold-start Initialization

Recent studies have focused on developing multimodal reasoning datasets that build upon existing
�ne-tuned data, with the objective of enhancing the reasoning capabilities of MLLMs and improving
their overall performance. This paper built a multimodal CoT-OCR dataset that encompasses complex
OCR degradation scenarios, enabling models to reason in a human-like manner. Several reasoning
models, such as DeepSeek-R1 [10] and Kimi K1.5 [29], already possess the capability to perform
natural cognitive processes using CoT reasoning. These models can generate high-quality CoT data
that includes human-like self-re�ection processes. However, these models are purely language-based
and cannot directly process multimodal data to produce CoT data.

To address the challenge of processing multimodal data with language-based models, we integrate
existing MLLMs with DeepSeek-R1. First, we convert multimodal information, such as images and
text, into purely textual information using GPT-4o. This involves inputting image-question-answer
pairs and prompts into GPT-4o to generate a pseudo-CoT that includes both image descriptions and
reasoning processes. Next, we merge these image-question pairs with the generated pseudo-CoT
and prompts, and feed them back into the MLLM to produce detailed image descriptions. These
descriptions are then combined with the textual information and input into DeepSeek-R1, allowing it
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