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Abstract

Vision Language Models (VLMs) are increasingly
adopted for document understanding tasks, often replac-
ing traditional OCR systems. However, VLMs exhibit a
fundamental difference: they frequently correct or rewrite
imperfect text rather than transcribe it literally, a behav-
ior that remains largely underexplored. We present a sys-
tematic investigation through controlled experiments with
intentionally perturbed text across seven models and 1,706
documents. Our evaluation reveals three distinct behavioral
patterns: pipeline OCR systems maintain near-zero degra-
dation (~ 1%) through character-by-character processing;
general purpose VLMs show substantial performance drops
(up to 14% F1) due to semantic-level processing that pri-
oritizes plausibility over literal transcription; and OCR-
specialized VLMs achieve intermediate performance with
minimal degradation (0.2-8%). These findings expose fun-
damental differences in how models process text, ranging
from character-level transcription to holistic semantic un-
derstanding, with important implications for model selec-
tion in applications requiring literal transcription.

1. Introduction

Vision Language Models (VLMs) [1, 5, 11], which integrate
vision encoders with Large Language Models (LLMs), have
demonstrated strong capabilities in document understand-
ing, with their Optical Character Recognition (OCR) per-
formance often matching or surpassing traditional systems.
Driven by this success, VLMs are becoming convenient al-
ternatives to traditional OCR models for various document
processing applications.

However, behind this success lies a subtle yet conse-
quential behavior: VLMs exhibit a systematic tendency to
“rewrite” text rather than transcribe it literally. When en-
countering imperfect text in images containing typos, visual
artifacts, or other ambiguities, these models often output
plausible corrections rather than faithful transcriptions. For
instance, a VLM presented with the typo “prbolem” might
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confidently return “problem”. This behavior resembles the
typoglycemia phenomenon in human reading, where peo-
ple comprehend text despite scrambled letters. Unlike tra-
ditional OCR systems [7, 23], which output exactly what
appears in the image, VLMs process text at a holistic level,
extracting semantic meaning from imperfect inputs.

While this correction behavior can be beneficial when
encountering genuine errors, it raises concerns for appli-
cations requiring literal transcription, such as legal docu-
ment analysis, medical record digitization, and historical
manuscript preservation. Despite its practical importance,
this behavior has been largely overlooked in prior VLM re-
search. Existing OCR benchmarks [4, 19] focus on clean
text recognition and are therefore insufficient for investigat-
ing how models handle imperfect text.

In this work, we conduct a controlled perturbation study
to systematically characterize text correction hallucinations
in VLMs, uncovering their tendency to prioritize seman-
tic correction over literal transcription. Through empirical
analysis across major VLM architectures, we reveal impor-
tant model-specific behaviors that inform practical consid-
erations for model selection in OCR applications requiring
literal accuracy.

2. Related Work

Our work draws on three areas of research: vision-language
models, optical character recognition, and hallucination.

2.1. Vision Language Models

VLMs extend the capabilities of LLMs by processing vi-
sual inputs alongside text, typically comprising a pretrained
vision encoder, a language backbone, and a connector mod-
ule that projects visual features into the language embed-
ding space [28]. Building on this foundation, recent archi-
tectures including LLaVA [11], InternVL [5, 25], Qwen-
VL [1, 2], and commercial models such as GPT-4V [16]
have shown strong capabilities across diverse visual reason-
ing and understanding tasks, establishing VLMs as power-
ful multimodal systems with broad applicability. However,
while these general-purpose models can handle document-



related tasks, they prioritize broad visual understanding
over domain-specific OCR capabilities.

2.2. Optical Character Recognition

OCR has evolved from traditional systems like Tesseract
[22] with engineered pipelines to deep learning approaches
including CRNN [21] and transformer-based architectures
[3]. More recently, OCR-specialized VLMs [6, 15, 26, 27]
combine visual encoders with language models, represent-
ing the current state-of-the-art for text-rich document pro-
cessing. While existing benchmarks such as DocVQA [13],
OCR-Bench [8, 12], and OmniDocBench [18] evaluate doc-
ument understanding and text recognition, they are not de-
signed to assess whether models faithfully transcribe text as
written or silently introduce corrections.

2.3. Hallucinations in Language Models

Hallucinations, the generation of plausible but incorrect
content, have been extensively studied in LLMs [9, 14].
However, text correction hallucinations in VLMs remain
largely underexplored. While work on adversarial text [20]
and typographic attacks [24] addresses related security vul-
nerabilities, the tendency of VLMs to silently correct text
during transcription has not been systematically investi-
gated, particularly for document processing applications re-
quiring literal accuracy.

3. Experiment Setup

In this section we describe our experimental setup including
our dataset construction in Section 3.1, evaluated models in
Section 3.2 and finally evaluation protocol in Section 3.3.

3.1. Dataset

We construct our evaluation dataset on top of READoc
[10], a benchmark for structured content extraction from
documents. READoc provides high-quality ground truth
annotations. To enable our controlled study, we modify
READoc’s Markdown files by applying targeted perturba-
tions, render them as PDF images for model input, and use
the modified Markdown as ground truth for evaluation. This
approach allows us to measure whether VLMs transcribe
perturbed text literally or attempt to correct it.

We introduce three types of perturbations, along with un-
modified originals as controls:
 Original: Unmodified documents serving as baseline.
* Random: Each character is replaced with a random letter

(e.g., “standard” — “xkpmewqi’).

* Scramble: Internal characters are shuffled while preserv-
ing the first and last (e.g., “standard” — “sdanartd”).
* Visual: Characters are replaced with visually similar al-
ternatives (e.g., “standard” — “stsnbard”).
Our dataset comprises four variants per document (orig-
inal, random, scramble, visual). Perturbations are applied

Table 1. Dataset statistics

Dataset Documents Total Pages Words (Avg) Perturbed (Avg)

arXiv 891 2,016 1,361 167
GitHub 815 1,685 697 56

only to non-stopwords with length > 4 to ensure meaning-
ful modifications. We limit documents to 10,000 characters
for computational efficiency, resulting in 1,706 documents
total. READoc provides two subsets (arXiv and GitHub);
dataset statistics are summarized in Table 1.

3.2. Models

Model Selection We evaluate eight models across three
categories, enabling comparison spanning different model
architectures, from general-purpose VLMs to OCR-
specialized VLMs and traditional pipeline approaches.

* General VLMs: State-of-the-art VLMs with strong gen-
eral visual understanding but no explicit OCR specializa-
tion (Qwen3-VL-4B and 235B[2]).

* OCR-Specialized VLM: explicitly optimized for doc-
ument understanding (DeepSeek-OCR-v2 [26], GLM-
OCR [17], MinerU2.5 [15], PaddleOCR-VL-1.5 [6]).

* Pipeline Models: Traditional pipeline-based OCR model
(Tesseract [22]).

Text Extraction We employ a consistent text extraction
task across all models without explicit instructions about
handling perturbed text, allowing us to observe natural
model behavior. Each page is rendered as an image with-
out preprocessing and passed to the models for conversion
to Markdown format.

Prompt Please convert this document image to mark-
down format. Make sure not to add any text other than what
is written in the document.

3.3. Evaluation Metrics

We employ metrics built from the READoc evaluation suite.

* Edit Distance Similarity (EDS): measures character-
level similarity based on normalized Levenshtein dis-
tance, where 1.0 indicates a perfect match.

* F1: provides a balanced measure of word-level accuracy
that combines precision and recall measured for individ-
ual word.

4. Experimental Results

This section presents our experimental findings on model
performance and behavior patterns when encountering per-
turbed text.



4.1. Baseline Performance

On original, unperturbed documents, all evaluated models
achieve strong performance as shown in Table 2. On arXiv
documents, for example, Qwen3-VL-235B (96.66% EDS,
92.64% F1) and GLM-OCR (96.41% EDS, 91.66% F1)
demonstrate top-tier accuracy. These results confirm that
general-purpose VLMs achieve performance comparable to
OCR-specialized models on clean text.

Table 2. Baseline performance on original documents.

‘ arXiv ‘ GitHub
Model | EDS Fl | EDS Fl
Qwen3-VL-4B 95.11  90.67 | 94.30 93.85

Qwen3-VL-235B 96.66 92.64 | 96.58 95.15
DeepSeek2-OCR 94.64 90.00 | 93.24 92.29

MinerU 2.5 9590 89.74 | 92.86 91.94
PaddleOCR-VL-1.5 | 9475 89.73 | 89.99 91.88
GLM-OCR 96.41 91.66 | 94.05 92.94
Tesseract 89.74 88.96 | 92.30 90.65

4.2. Performance Degradation Under Perturbation

Tables 3 and 4 present performance degradation under each
perturbation type, measured as the drop in percentage points
from baseline shown in Table 2. Figure | visualizes these
drops across all models and perturbation types. The results
reveal that model responses to perturbations vary widely de-
pending on architecture and perturbation type.

Table 3. Performance drop against baseline in arXiv dataset.

\ EDS \ F1
Model ‘ Random  Scramble  Visual ‘ Random  Scramble  Visual
Qwen3-VL-4B —3.06 —4.05 —2.71 —9.88 —11.38 —14.18
Qwen3-VL-235B —0.47 —2.47 —3.08 —-1.91 —6.48 —12.44
DeepSeek2-OCR —0.52 —1.79 —-1.14 | —4.71 —8.71 —8.49
MinerU 2.5 —0.25 —0.47 —0.96 —2.20 —3.15 —7.64
PaddleOCR-VL +0.02 —0.14 —0.39 | +0.39 —0.37 —2.90
GLM-OCR —0.06 —0.05 —0.24 | 40.52 +0.23 —1.63
Tesseract —1.27 0.19 0.04 —0.82 +0.35 —0.18

Table 4. Performance drop against baseline in GitHub dataset.

| EDS | F1
Model ‘ Random  Scramble Visual ‘ Random  Scramble Visual
Qwen3-VL-4B —1.02 —1.22 —1.15 | —4.50 —5.29 —7.04
Qwen3-VL-235B —0.69 —2.86 —3.42 | —143 —4.14 —6.96
DeepSeek2-OCR —0.08 —0.91 —-0.32 | —2.25 —4.75 —4.44
MinerU 2.5 —0.25 —0.26 —0.53 | —1.44 —-1.71 —4.01
PaddleOCR-VL +0.11 —0.18 —-0.16 | —0.15 —0.86 —2.40
GLM-OCR —0.06 —0.21 —0.29 | +0.07 —0.13 —1.21
Tesseract —0.30 —0.07 —0.03 —0.62 —0.07 —0.55

Models exhibit three fundamentally different behaviors.
Pipeline models (Tesseract) demonstrate remarkable ro-
bustness with drops about 1% or less, as their character-
by-character processing is immune to linguistic interfer-
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Figure 1. Performance degradation across models and perturba-
tions.

ence. General VLMs (Qwen3-VL) suffer the most se-
vere degradation, with F1 drops of 12-14% on arXiv vi-
sual perturbations, revealing strong tendencies to prioritize
semantic plausibility over literal transcription. In contrast,
OCR-specialized VLMs demonstrate substantially greater
robustness. GLM-OCR and PaddleOCR maintain excep-
tional stability (F1 drop <2.9%) on arXiv, while others
such as DeepSeek-OCR exhibit moderate degradation (4.7-
8.7%), suggesting that OCR-specialized training substan-
tially mitigates but does not entirely eliminate the halluci-
nation behavior.

Notably, the divergence between character-level (EDS)
and word-level (F1) metrics reveals the nature of model er-
rors. In models that tend to predict original words, F1 drops
substantially exceed EDS drops. For example, Qwen3-VL-
235B on arXiv visual perturbations shows 3.08% EDS drop
but -12.44% F1. This disparity reflects a strong bias to-
ward valid words from training data: when encountering
perturbed text that resembles familiar words, these mod-
els actively correct toward plausible alternatives rather than
transcribe literally, preserving most characters while pro-
ducing lexically incorrect words and causing larger word-
level degradation.

4.3. Word-Level Hallucination Behavior

Table 5 examines error patterns on perturbed words. For
cases where the model fails to transcribe the perturbed form
literally, we categorize the output as either recovering the
original unperturbed word (“Orig.”) or producing an output
matching neither the original nor perturbed form (“Incorr.”).
Both cases represent transcription errors in which the model
rewrote what appeared in the image to produce a more plau-
sible alternative. Figure 2 visualizes the distribution of these
error types across all models.

Model architectures reveal a fundamental distinction be-



Table 5. Error analysis: “Orig.” represents where model predicted the original unperturbed word while “Incorr.” is for predictions matching
neither the original nor the perturbed form (Note that both represent transcription errors).

\ arXiv \ GitHub

‘ Scramble ‘ Visual ‘ Random ‘ Scramble ‘ Visual ‘ Random
Model ‘ Orig.  Incorr. ‘ Orig. Incorr. ‘ Orig.  Incorr. ‘ Orig.  Incorr. ‘ Orig. Incorr. ‘ Orig. Incorr.
Qwen3-VL-4B 54.14 4586 | 6444 3556 | 036  99.64 | 4892 51.08 | 5846 4154 | 028 99.72
Qwen3-VL-235B | 69.04 30.96 | 80.16 19.84 | 0.66 99.34 | 67.57 3243 | 7408 2592 | 1.01  98.99
DeepSeek-OCR2 | 44.93 55.07 | 37.87  62.13 | 0.07 9993 | 5323  46.77 | 43.65 5635 | 0.05 99.95
MinerU 2.5 18.42 81.58 | 49.56  50.44 | 0.11 99.89 | 18.12  81.88 | 47.94  52.06 | 0.04 99.96
PaddleOCR-VL 33.05 6695 | 62.75 3725 | 043 9957 | 37.01 6299 | 61.04 3896 | 0.24  99.76
GLM-OCR 25.04 7496 | 66.33  33.67 | 041 99.59 | 3488  65.12 | 71.61 2839 | 1.62  98.38
Tesseract 0.00 100.00 | 14.72  85.28 | 0.00  99.99 025 99.75 | 16.15  83.85 | 0.33  99.67

tween pipeline models and VLMs. As shown in Table 5,
Pipeline model (Tesseract) always predicts the perturbed
words correctly for scrambled and random inputs, confirm-
ing that it can transcribe character-by-character without lin-
guistic interpretation. In contrast, both general and OCR-
specialized VLMs exhibit similar hallucination behaviors
despite their different training objectives. Both categories
demonstrate a strong tendency to output semantically plau-
sible words rather than literal transcriptions. This suggests
that plausibility-based rewriting is a fundamental charac-
teristic of VLM architectures, regardless of OCR-specific
training. The key difference lies in the magnitude of perfor-
mance degradation rather than the behavioral pattern itself,
as established in Section 4.2.

Examining the word-level errors patterns across pertur-
bation types in Table 5 reveals a clear ordering in how
frequently models hallucinate (predict) the original unper-
turbed word: visual (37-71% for VLMs) > scramble (18-
54%) > random (<4%). For instance, GLM-OCR predicts
the original word 66% of the time on arXiv visual pertur-
bations, dropping to 25% with scramble and vanishing to
<1% with random. Similarly, Qwen3-VL shows 64% orig-
inal word prediction for visual, 54% for scramble, and <1%
for random. This ordering directly reflects how VLMs pro-
cess text holistically: visual perturbations (e.g., ‘a’—‘s’)
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Figure 2. Percentages where model predicted the original word
(green) vs. failed to read perturbed word correctly (red). Note that
both are OCR failures.

preserve sufficient word shape and contextual cues to trig-
ger this rewriting behavior, scrambled letters partially dis-
rupt word recognizability while maintaining some gestalt,
and random character substitutions eliminate all lexical pat-
terns, forcing character-level processing that VLMs strug-
gle to perform accurately.

5. Conclusion

This work systematically investigates how VLMs handle
OCR tasks involving imperfect text. Across seven models,
we find that, unlike traditional OCR systems, VLMs pri-
oritize plausible corrections over literal transcription when
encountering imperfect text, even when performing well on
standard benchmarks.

These findings have immediate practical implications.
For applications requiring literal transcription, such as le-
gal document processing, historical manuscript digitization,
and forensic analysis, traditional pipeline systems or care-
fully selected OCR-specialized VLMs remain the safest
choice. General-purpose VLMs, while powerful for seman-
tic understanding, may introduce systematic biases when
exact character reproduction is required. This highlights
a broader tension in VLM development: the same holistic
processing that enables strong semantic understanding can
become a liability in tasks requiring literal output.

Our study has several limitations. We focus on En-
glish text in document contexts; behavior may differ sig-
nificantly for other languages, scripts, or specialized do-
mains. The perturbation types evaluated, while informa-
tive, represent only a subset of real-world text degradations.
An important direction for future research is evaluating
how this behavior impacts downstream task performance in
real-world applications where literal transcription is critical.
While our work establishes that the behavior exists system-
atically, understanding its practical consequences requires
task-specific evaluation. Finally, our analysis focuses on
zero-shot behavior with minimal prompting; systematic in-
vestigation of strategies to mitigate such behavior remains
an important direction for future work.
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