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Abstract

In high-precision scenarios, vision language
models suffer from Linguistic Priors Halluci-
nation. When processing familiar text, models
tend to over-rely on internal parametric knowl-
edge, effectively "reciting" the content rather
than "reading” the image. In this paper, we first
systematically investigate this phenomenon by
constructing the GlitchText Probing Dataset.
We discover that the model’s reliance on vi-
sual grounding diminishes significantly as the
generation length increases. To mitigate this,
we propose PAR (Positional Perturbation and
Attention Recycling), a training-free, inference-
time intervention framework. PAR consists
of two parts: (1) Positional Perturbation (PP)
injects structured phase noise into the rotary
positional embeddings; (2) Foveal Attention
Recycling (FAR) detects over-confident lin-
guistic priors and dynamically redistributes at-
tention mass back to important visual regions.
Extensive experiments across state-of-the-art
models, demonstrate that PAR significantly re-
duces hallucination rates (reducing CER by
12%), particularly in long-context scenarios,
while maintaining robust generalization on stan-
dard benchmarks. Our code is publicly avail-
able at https://github.com/Zoeyyao27/PAR-for-
Faithful-OCR.

1 Introduction

By deeply integrating visual encoders with
Large Language Model decoders, modern Vision-
Language Models (VLMs), such as DeepSeek-
OCR (Wei et al., 2025) and GPT-40 (Hurst et al.,
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2024), have demonstrated remarkable performance
in Visual Question Answering (VQA), and gen-
eral scene understanding. However, as these mod-
els are increasingly deployed in high-precision
tasks like Optical Character Recognition (OCR)
and document analysis, a pernicious failure mode
has emerged: Linguistic Priors Hallucination. Un-
like traditional object hallucination, where models
detect non-existent objects in an image (Shu et al.,
2025; Favero et al., 2024; Li et al., 2025a), Lin-
guistic Priors Hallucination in OCR manifests as
an over-correction of textual content driven by the
model’s internal language distribution. When a con-
flict arises between visual grounding and linguistic
priors, VLMs tend to disregard the visual evidence,
favoring the text sequence with the highest proba-
bility according to their pre-trained knowledge, as
illustrated in Figure 1. This phenomenon is particu-
larly pronounced when processing high-familiarity
text. In the pursuit of semantic fluency, models sac-
rifice visual fidelity, which is a trade-off that poses
a severe threat to applications requiring "What You
See Is What You Get" accuracy, such as archival
digitization, legal forensics, and academic colla-
tion. In these scenarios, the semantic perplexity
of the output is secondary to its faithfulness to the
source image.

To systematically investigate and quantify this
issue, we construct the GlitchText Probing Dataset.
This dataset consists of high-familiarity texts (e.g.,
classic Chinese poetry and famous English quotes),
into which we inject visual anomalies via charac-
ter glyph confusion (Visual Confusion) for Chi-
nese and keyboard proximity interference (Typos)
for English. Experiments on this benchmark con-
firm that existing VLMs suffer from a severe de-
pendency on priors. Furthermore, our findings
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Figure 1: Linguistic Priors Hallucination: When visual
input conflicts with training data priors, the model tends
to ignore specific visual details and output the text it has
memorized, leading to unfaithful OCR results.

align with observations in object hallucination re-
search (Favero et al., 2024): as the generation
length increases, the model’s reliance on textual
tokens progressively intensifies while its attention
to visual tokens diminishes. This attention drift
leads to a significant degradation in OCR accuracy
for long sequences, as the model effectively stops
"reading" and starts "reciting".

To mitigate this issue, we draw inspiration
from biological vision mechanisms, specifically
the foveal vision of the human eye, where visual
performance degrades rapidly away from this cen-
tral line of sight (Tuten and Harmening, 2021) and
human visual attention operates akin to a Gaus-
sian distribution (He et al., 2015), prioritizing the
central processing of details similar to the foveal
vision. Motivated by these biological insights, we
propose Training-Free Positional Perturbation and
Attention Recycling (PAR) for faithful OCR. PAR
operates on two components to mimic the human
visual verification process. First, it introduces Po-
sitional Perturbation during the Transformer de-
coding process to disrupt the inertia of long-range
linguistic dependencies, preventing the model from
falling into the reciting mode. Second, it employs
a Foveal Attention Recycling mechanism which
detects when the model becomes overly confident
in its language priors and forces it to look back
at the visual features, redistributing attention us-
ing a Gaussian kernel to mimic the biological vi-
sual span. Extensive experiments demonstrate that
PAR significantly reduces the hallucination rate
and restores sensitivity to visual details without
the need for expensive fine-tuning. Our method
achieves substantial improvements on both our pro-
posed GlitchText Probing Dataset and the docu-
ment parsing benchmark OmniDocBench (Ouyang
et al., 2024), proving its efficacy in balancing lin-
guistic coherence with strict visual grounding.

2 The GlitchText Probing Dataset and
Empirical Analysis

2.1 Dataset Construction

To quantitatively evaluate the conflict between vi-
sual grounding and linguistic priors, we introduce
the GlitchText Probing Dataset. Unlike standard
OCR benchmarks, GlitchText is specifically de-
signed for Linguistic Priors Hallucination. The
construction pipeline follows a three-stage process:
familiarity-driven selection, adversarial glitches in-
jection, and standardized visual synthesis.

Familiarity-Driven Selection The core premise
of our study is that linguistic priors are most potent
when the model encounters text it has memorized
during training. To maximize this prior activation,
we create a high-familiarity corpus. For Chinese,
we utilize the Chinese Poetry Dataset', which com-
prises 73,281 ancient poems. For English, we se-
lect the English Quotes Dataset >, which contains
2,510 quotes retrieved from goodreads quotes .
To ensure the selected texts strictly trigger strong
priors, we employ DeepSeek-OCR (Wei et al.,
2025) to calculate the Perplexity (PPL) of candi-
date texts. We rank the texts by PPL in ascending
order (lower PPL indicates higher familiarity) and
retain the top candidates. Specifically, we select
the top-500 Chinese texts and the top-200 English
texts. This ensures that the base model has a strong
intrinsic tendency to predict the future sequence.

Adversarial Anomaly Injection To synthesize
a conflict between visual grounding and linguistic
priors, for each instance, we systematically inject
top-20 “glitches” into high-familiarity texts. (1)
Chinese: Visual Glitch. Utilizing the logographic
nature of Chinese, we replace original characters
with visually confounding counterparts (e.g., “f%”
to “F=) based on visual similarity scores. (2) En-
glish: Morphological Glitch. For English, we
introduce grammatical inconsistencies by altering
tenses or pluralization (e.g., go — went) for tar-
geted verbs and nouns, prioritizing changes that
maintain high string similarity. Detailed generation
pipelines, including specific toolkits and filtering
algorithms, are provided in Appendix A.

Standardized Image Synthesis To isolate the
impact of textual content, all texts are rendered

"https://github.com/javayhu/poetry

2https: //huggingface.co/datasets/Abirate/
english_quotes

*https://www.goodreads. com/quotes
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Chinese English
#Instance 500 200
Max ppl 2.40 5.69
#Glitches 20 20
Average Length 180.76  146.31

Table 1: Detailed statistics of the GlitchText Probing
Dataset. The symbol “#” denotes the count. Note that
the average length is measured in characters for the
Chinese subset and words for the English subset.

on a pure white background with black font using
standardized layouts and high-resolution settings.

Table 1 summarizes the key statistics of the con-
structed benchmark, including the number of in-
stances, the strict Perplexity thresholds used for
familiarity filtering, and the density of injected
glitches. It is worth noting that to maintain con-
sistency in difficulty, we inject a fixed number of
glitches per sample.

2.2 Experimental Setup

Based on the GlitchText Probing Dataset, we con-
ducted a comprehensive evaluation of six repre-
sentative VLMs, including open-source models
(DeepSeek-OCR (Wei et al., 2025), Qwen3-VL-
2B/8B (Bai et al., 2025), InternVL3.5-8B(Wang
et al., 2025)) and closed-source models (GPT-40
(Hurst et al., 2024), Claude-3.5-Sonnet).

To rigorously disentangle the contribution of vi-
sual perception from linguistic prediction, we con-
structed a Shuffle variant of our dataset. In this
variant, the character (Chinese) or word order (En-
glish) is randomized. This setup allows us to probe
the model’s pure visual grounding capability with-
out linguistic priors.

Metrics We employ three key metrics to diag-
nose the failure modes:

¢ Character Error Rate (CER) | A standard
measure of edit distance between the pre-

diction and the ground truth (visual content)
(Morris et al., 2004).

* Identification Rate (Ident) T The proportion
of glitches that are correctly transcribed as
anomalies. This reflects visual faithfulness.

* Correction Rate (Cor) | The proportion of
glitches that are corrected back to the origi-
nal characters. This reflects the intensity of
linguistic hallucination.

Note that Ident and Cor do not necessarily sum
to 100%, as models may also omit characters or
produce unrelated errors.

2.3 Empirical Analysis

As presented in Table 2, regardless of the language
and model type, shuffling the text consistently leads
to a sharp decline in Correction Rate. While the Cor
is significantly higher in Chinese than in English,
likely due to the logographic nature of Chinese
where visual confusion maps directly to valid se-
mantic tokens, the relative trend remains universal.
This universally confirms that Linguistic Priors
Hallucination is a bottleneck for advanced OCR
models that are capable of seeing the details but
choose to ignore them. Once the semantic flow
is disrupted, the model’s inclination to fix the text
vanishes, allowing the visual evidence to prevail.
On Shuffle, the DeepSeek-OCR’s CER drops while
the Iden doubles (44.81% — 82.39%). A similar
pattern in Qwen3-VL suggests that for models with
strong visual encoders, linguistic priors act as a
distractor in high-fidelity OCR. Conversely, gener-
alist models like GPT-40 show increased CER on
Shuffle (0.2283 — 0.5587), indicating they rely on
linguistic context to compensate for weaker fine-
grained visual grounding.

Attention Decay Analysis To investigate the in-
ternal mechanism driving this hallucination, we
analyze the dynamic dependency of the model on
visual modality versus linguistic modality during
the generation process. We select two architectures,
DeepSeek-OCR and Qwen3-VL-8B, and extract
their attention weights from the last transformer
layer during inference on the GlitchText dataset.
For each generated token ¢, we calculate the
Image-to-Text Focus Ratio (R focys), defined as:

_ Ziev At,i
Zjea Ay

where V and L represent the set of image tokens
and historical text tokens, respectively, and A j,
denotes the attention weight assigned by token ¢
to token k. This metric serves as a proxy for the
model’s instantaneous reliance on visual evidence
relative to linguistic context. As illustrated in Fig-
ure 2, we observe a distinct attention decay pattern
across both models. This decay suggests that the
accumulation of text history creates an inertia that
progressively suppresses the visual signal. In long-
context OCR tasks, the model effectively shifts

RO

focus —

ey
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Chinese

| English

Models Ori

Shuffle | Ori Shuffle

CER| Ident Corl

CER/| Ident Corl ‘ CER| Ident Cor] CERJ Ident Corl

Deepseek-OCR (Wei et al., 2025)
Qwen3-VL-2B (Bai et al., 2025)
Qwen3-VL-8B (Bai et al., 2025)

GPT-40 (Hurst et al., 2024)
Claude-Sonnet-4.5 *

0.1000 44.81 49.57 0.0546 82.39 11.52|0.0016 99.31 0.69
0.0883 79.46 14.91 0.0422 90.71 3.95
0.0729 58.68 37.87 0.0293 92.80 3.90
InternVL3.5-8B (Wang et al., 2025) 0.2837 63.63 34.03 1.3008 64.25 2.41
0.2283 24.83 53.53 0.5587 30.99 6.16
0.6365 15.61 78.15 0.7297 60.51 16.58|0.0002 99.93 0.07

0.0019 69.88 0.07
0.0035 69.25 0.21
0.0033 69.53 0.00
0.0056 69.25 0.35
0.1890 51.59 0.55
0.1164 57.89 0.00

0.0023 98.28 1.37
0.0022 98.35 1.51
0.0047 97.18 2.20
0.0320 93.88 0.62

Table 2: Quantitative results on the GlitchText Benchmark. Iden and Cor are reported in percentages (%). Ori
represents the original high-familiarity texts, whereas Shuffle represents texts with randomized word order.

Image-to-Text Focus Ratio during Generation

Qwen3-VL-8B (ratio_img_txt)
—— DeepSeek-OCR (ratio_img_txt)
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-- DeepSeek-OCR trend
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Figure 2: Visualization of the Image-to-Text Focus Ra-
tio during generation. Both DeepSeek-OCR and Qwen3-
VL-8B exhibit a significant Attention Decay: as the gen-
erated sequence lengthens, the model’s attention drifts
away from image tokens and becomes increasingly dom-
inated by textual history.

from a “reading mode” to a “reciting mode”, indi-
cating that hallucinations and correction behaviors
can be exacerbated in the later parts of texts.

3 PAR: Positional Perturbation and
Attention Recycling

To tackle the Linguistic Priors Hallucination identi-
fied in Section 2.3, we propose Positional Pertur-
bation and Attention Recycling (PAR), a training-
free, inference-time intervention mechanism, as
illustrated in Figure 3. PAR consists of two com-
ponents: Positional Perturbation (PP), and Foveal
Attention Recycling (FAR).

3.1 Diagnose Layer-wise Attention Dynamics

Before applying interventions, it is crucial to diag-
nose where the model loses visual grounding. We
utilize an attention visualization probe to map the
layer-wise distribution of attention weights. For

each layer [ and head h, we calculate the Image-
to-Text Focus Ratio R,y as defined in Equation
1. The resulting heatmaps are visualized in Figure
4 (with additional architectures provided in Ap-
pendix B). From these visualizations, we identify
distinct attention signatures across different mod-
els. Some models exhibit a “Decay” pattern (e.g.,
DeepSeek-OCR, InternVL). Shallow layers main-
tain high R,..s, whereas deep layers, which are
responsible for semantic integration, show a sharp
drop in visual attention. Another type of models
exhibits a "Late-Fusion" pattern (e.g., Qwen3-VL).
Shallow layers are text-dominated, while deeper
layers re-attend to visual features to integrate mul-
timodal information.

Adaptive Layer Selection Strategy Motivated
by these observations, we adopt an Adaptive Layer
Selection strategy, dynamically locates the optimal
intervention windows, maximizing efficacy while
minimizing degradation: (1) We apply Positional
Perturbation primarily in the shallow-to-middle lay-
ers (e.g., Layers 0-5). Our experiments in the sec-
tion 4.1 indicate that disrupting positional depen-
dency early prevents the formation of rigid linguis-
tic patterns. (2) We apply Foveal Attention Recy-
cling in the deep, text-dominated layers. Our exper-
iments show that since these layers correspond to
the phase where the drift to text generation occurs,
recycling is more effective.

3.2 Positional Perturbation

Preliminaries Standard LLMs typically employ
Rotary Positional Embeddings (RoPE) (Su et al.,
2024) to encode sequence order. For a query or
key vector x € R? at position m, RoPE operation
can be computationally realized via the following
efficient formulation:
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Figure 3: Overview of the PAR Framework. The mechanism consists of two key components applied dynamically
during inference. Positional Perturbation (PP) introduces a phase shift d,,, into the Rotary Positional Embeddings
(RoPE), blurring precise position indices to break "reciting" inertia. Foveal Attention Recycling (FAR) detects
outlier attention on text tokens and redistributing this mass to salient image regions via a Gaussian kernel.

DeepSeek-OCR Attention Focus

Qwen3-VL-2B Attention Focus

=4
o

Layer Index
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Image Attention Ratio
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Head Index
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Figure 4: Layer-wise attention heatmaps illustrating
the Image-to-Text Focus Ratio ([2f4¢ys) for DeepSeek-
OCR and Qwen3-VL-2B.

Rd@mx =x ® Cos + X ® Sin

T cos mb
T9 cos mb
= " |®

Zq cosmbgs 2)

—I9 sin m#f
Tl sin m¢91
+ . &

Td—1 sin m9d /2

where ® denotes the element-wise product, X =
(—x9,21,...,24_1) is the conjugate pairs of x
and © = {6; = 10000~20=D/d j € [1,d/2]} rep-
resents the pre-defined frequency basis.

Perturbing the Rotary Basis To disrupt this po-
sitional inertia without corrupting the semantic con-

tent, we introduce Positional Perturbation (PP). Our
core intuition is to modulate the basis functions
(cos and sin) in Equation 2 while leaving the input
feature x untouched.

Specifically, we introduce a structured noise 6y
to the position index m, effectively blurring the
rotation angle from m#; to m#; — é,,s. Applying
the first-order Taylor expansion, we can have:

cos(mb; — Opos) = cos(mb;) + Opos sin b;

sin(mb; — dpos) & sin(mb;) — pos cos b;

Therefore, we define the Perturbed Basis Vectors
Cos’ and Sin’ as:

Cos’ = Cos + §,05 ® Sin

4
Sin’ = Sin — §,s ® Cos @)

where Cos and Sin are the original cosine and
sine vectors from Eq. 2, and d,,, is the broadcasted
noise vector. Consequently, the PP-enhanced
ROPE is formally defined as:

PP(x,m) =x® Cos' +X® Sin’  (5)

By injecting noise strictly into the rotation basis,
PP creates a positional blur effect that forces the
attention mechanism to rely on visual grounding
rather than precise token indices, preserving the
norm and semantic integrity of x.

Structured Harmonic Noise Generation Prior
work (Melo et al., 2025) suggests that incorporat-
ing harmonic signals into positional embeddings
offers superior stability compared to random noise.
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Consequently, to maintain local coherence, for the
generated token ¢, the perturbation dpe() is not
modeled as random white noise but rather as a
structured harmonic signal, defined as:

Opos(t) = a- S(t) - sin(w - t + @)

where w is a fixed frequency, and ¢ ~ NV (0,1) is a
random phase noise applied per sequence to ensure
diversity. S(t) is a Peak-Hold-Decay Scheduler
designed to protect the initial system prompt while
targeting the hallucination-prone generation phase:

max(0,t—tp)

S(t) = tanh ( >[6 +(1—pB)e  Tdecay

Trise
Here, 7,;sc allows a smooth warm-up to peak ¢,,
and Tgecqy Stabilizes the noise amplitude /3 for long
sequences.

3.3 Foveal Attention Recycling (FAR)

While PP weakens the prior, Foveal Attention Re-
cycling actively steers the attention mechanism.
Inspired by human biological foveal vision, when
linguistic prediction fails, FAR dynamically redis-
tributes attention mass.

Outlier Detection & Suppression In deep lay-
ers, attention heads often collapse onto specific text
tokens (e.g., punctuation or repeated words). We
identify these outliers using dynamic statistics. For
the text attention distribution A;,; for token ¢, we
calculate the mean fi,¢ and standard deviation oyy;.
A penalty mask Ppepqity 18 generated:

Ppenalty = ReLU(Atxt - (:utxt +k- Utxt)) : )\(t)

)\(t) = Sbase T Sadd \V/ t/Lsat

where \(t) is a progressive strength factor that
increases with generation length to counteract
growing hallucination as discovered in Section
2.3. Specifically, spqse represents the base penalty
strength, 5,44 denotes the additional penalty ampli-
tude, and L, is the saturation length that controls
the growth rate. This ensures that the suppression
mechanism becomes more aggressive as the se-
quence lengthens and the prior becomes stronger.

Foveal Refill via Gaussian Diffusion To simu-
late the biological mechanism of foveal vision, we
first identify salient image regions by thresholding
the visual attention:

Aimg = ReLU(Aimg - (,Uimg + 1-5Uimg)> (6)

Chinese | English

CERJ Ident Corl \ CER| Ident Corl

Deepseek-OCR  Ori  0.1000 44.81 49.57|0.9040 38.35 10.86
PAR 0.0959 47.13 47.09|0.6343 46.05 13.20
Qwen3-VL-8B Ori 0.0729 58.68 37.87|4.1021 93.20 1.51
PAR 0.0617 69.86 26.90|2.9075 93.54 1.72
InternVL3.5-8B Ori 0.2837 63.63 34.03|3.2550 76.56 4.40
PAR 0.2806 64.38 33.28|3.2400 79.24 3.44

Models

Table 3: Main results on the GlitchText Probing Dataset.
We compare the standard inference baseline (Ori) with
PAR. PAR achieves consistent improvements in CER
across different architectures without training.

To preserve the spatial structure of these regions,
we apply a 1D Gaussian convolution, mimicking
the biological point spread function to diffuse the
salient attention:

Aim o
A;mg:Aimg_ny.M.Ag—*G (7
> (Aimg * Go)

where GG, is a Gaussian kernel with a window
size proportional to o, and v is a refill factor that
modulates the intensity of the re-injected attention.
This strategy ensures that the recycled attention re-
inforces coherent, high-confidence visual regions
rather than scattering mass onto isolated pixels.

4 Experiments

Experimental Setup We evaluated the pro-
posed PAR mechanism on three state-of-the-
art open-source VLMs with distinct architec-
tures: DeepSeek-OCR (Wei et al., 2025), Qwen3-
VL-2B/8B (Bai et al., 2025), and InternVL3.5-
8B (Wang et al., 2025). All experiments were
conducted on our proposed GlitchText Probing
Dataset. For the Chinese subset, we utilized the
original dataset configuration. For the English sub-
set, given the relatively short length of the quotes,
each sample was left-padded with 200 words of
the corresponding glitch-free text. The specific
hyperparameter configurations for each model are
detailed in Appendix C, and the evaluation metrics
follow the definitions provided in Section 2.3.

Main Results Table 3 presents the comparative
results of standard inference (Ori) versus PAR.
Improvement in General Fidelity (CER) As
shown in Table 3, PAR consistently reduces the
CER across all models and languages without
requiring any parameter updates. For instance,
Qwen3-VL-8B achieves a significant CER reduc-
tion on the English subset (4.10 — 2.91) and the
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Method CER|] Ident Corl
Baseline (Original) 0.0729 58.68 37.87
VCD (Leng et al., 2024) 0.0865 63.65 31.82
TVC-7B (Sun et al., 2025) 36.80 60.21 16.04
PAR (Ours) 0.0617 69.86 26.90

Table 4: Comparison with training-free (VCD) and
training-based (TVC) on the GlitchText dataset using
Qwen3-VL-8B.

Chinese subset (0.0729 — 0.0617). This confirms
that PAR does not disrupt valid semantic process-
ing but rather enhances the model’s grounding on
visual evidence.

Mitigation of Hallucination (Iden vs. Cor):
A higher Iden with lower Cor indicates success-
ful anomaly detection. First, note that Iden and
Cor do not sum to unity; the remainder represents
cases where the model omits the glitch or outputs
unrelated mismatches. Thus, a rise in Cor does not
necessarily imply worse performance if accompa-
nied by a significant drop in omissions and CER.
On the Chinese subset, PAR demonstrates a re-
markable ability to suppress linguistic priors. For
Qwen3-VL-8B, the Identification Rate increases
by over 11 points (58.68% — 69.86%), while the
Correction Rate drops significantly (37.87% —
26.90%), proving effective alleviation of the auto-
correction effect. Similar trends are observed in
DeepSeek-OCR and InternVL3.5, validating the
efficacy of the proposed noise injection and atten-
tion recycling mechanisms. For Qwen3-VL-8B on
the English subset, we observe a slight increase in
Cor. However, this is outweighed by the substantial
reduction in CER (4.10 — 2.91) and the increase
in Iden. This indicates that PAR successfully re-
calls previously ignored tokens. While a minor
fraction of this recovered text was auto-corrected,
the majority are correctly identified, significantly
enhancing overall fidelity.

4.1 Further Explorations

Comparison with Visual Conditioning Methods
As shown in Table 4, PAR consistently outper-
forms both training-free and training-based base-
lines across all key metrics.

VCD (Leng et al., 2024) is a representative
inference-time method that mitigates hallucinations
via contrastive decoding, where predictions from
the original image are contrasted against those from
a visually perturbed (e.g., blurred) version to pe-
nalize language-driven generations. Compared to

Metric: CER

2.00
—— Deepseek-OCR
Deepseek-OCR (PAR)

1.75

1.50

1.25 e
§1.00 T
8

0.75

+— InternVL3.5-8B

- InternVL3.5-8B (PAR)
Qwen3-VL-2B
Qwen3-VL-2B (PAR)

+~ Qwen3-VL-8B
Qwen3-VL-8B (PAR)

0 200 500
Padding Length

Figure 5: Impact of Context Length on CER. We evalu-
ate model performance with increasing padding lengths.
As the sequence lengthens, the baselines (solid lines)
suffer from catastrophic error increases, whereas PAR
(dashed lines) maintains significantly better stability.

VCD, PAR achieves a lower CER. We attribute
this to the fact that VCD relies on visual pertur-
bations (e.g., blurring), which can destroy fine-
grained glyph features critical for OCR.

TVC (Sun et al., 2025) is a recent training-based
approach that addresses visual forgetting in long
CoT reasoning by re-injecting visual tokens during
decoding to maintain global visual context. Inter-
estingly, despite this design, TVC exhibits substan-
tially higher CER in our setting. We further analyze
its failure mode through qualitative examples. In
cases where the input image contains only a par-
tial text fragment (e.g., the first half of a classical
poem), TVC often completes the entire sequence
based on its parametric memory.

This highlights a key distinction between global
visual retention and fine-grained visual grounding.
PAR directly addresses this issue by intervening
in the decoding dynamics, effectively enforcing
token-level visual alignment.

Robustness to Context Length Building upon
the "Attention Decay" phenomenon analyzed in
Section 2.3, we hypothesize that the hallucination
effect intensifies as the generated sequence length-
ens. To verify this and evaluate the robustness of
our method, we extend the context by left-padding
each sample with its original poems or quotes with-
out glitches. This setup effectively delays the oc-
currence of visual glitches, pushing them deeper
into the generation sequence (e.g., after 200 or 500
tokens) to simulate extreme prior accumulation.
Figure 5 illustrates the CER trends across dif-
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ferent padding lengths. The results reveals that
as the padding length increases, all baseline mod-
els exhibit a catastrophic surge in CER. This con-
firms that as the linguistic context accumulates, the
model enters "reciting mode", becoming increas-
ingly blind to visual evidence. In contrast, models
equipped with PAR (Dashed Lines) demonstrate
superior stability. PAR consistently maintains a
much lower CER than the baseline. Crucially, the
performance gap widens as the length increases,
providing compelling evidence that PAR effec-
tively counteracts the cumulative inertia of lin-
guistic priors and preserves visual fidelity even
in long-context scenarios. A comparative analy-
sis within the same architecture family reveals a
counter-intuitive scaling phenomenon. As shown
in Figure 5, the smaller Qwen3-VL-2B maintains
a lower CER compared to the larger Qwen3-VL-
8B across extended contexts. This suggests that a
more powerful Language Model head imposes
stronger linguistic priors, thereby exacerbating
the hallucination effect when visual signals con-
flict with high-probability semantic predictions.

Ablation Studies We conduct a series of abla-
tion studies on the DeepSeek-OCR model using
the Chinese subset. As summarized in Table 5,
removing either FAR or PP leads to a degrada-
tion in all metrics. We also replace our structured
harmonic noise with random noise and Gaussian-
based foveal refill with a naive uniform distribution
strategy. The results both show a clear performance
drop. Although average refill achieves a slightly
lower Correction Rate, it comes at the cost of a
higher CER. This indicates that simply scattering
attention mass uniformly disrupts the local coher-
ence of visual features, impairing the fluency and
fidelity of generation. Furthermore, we replace our
Peak-Hold-Decay scheduler with a Constant strat-
egy (fixed o without warm-up/decay) and a Linear
strategy (linearly increasing with position). As
shown in Table 5, the Linear scheduler yields the
highest Identification Rate (50.56%), suggesting
that intensifying noise effectively shatters linguis-
tic inertia. However, this aggressiveness severely
compromises the primary OCR capability, resulting
in the worst CER (0.1002). The Constant sched-
uler also fails to match the baseline, confirming
that a dynamic regulation, protecting the initial
prompt and stabilizing long-tail generation, is es-
sential. Finally, we verify the efficiency of our
layer-wise application strategy; experiments where

Models CER | Iden? Corl
Deepseek-OCR

PAR 0.0959 47.13 47.09
w/o FAR 0.0981 45.65 48.86
w/o PP 0.0971 46.68 47.32

w/ Random Perturbation 0.0986 46.94 47.53
w/ Average Refill 0.0973 47.71 46.34
w/ Constant Scheduler 0.0966 47.01 47.28
w/ Linear Scheduler 0.1002 50.56 43.46

Table 5: Ablation studies on the Chinese subset using
DeepSeek-OCR. The full PAR achieves the lowest CER.

intervention layers are shifted result in significant
performance drops, as detailed in Appendix D. For
a detailed analysis of the computational efficiency,
please refer to Appendix G.

4.2 Generalization on OmniDocBench

Beyond the adversarial GlitchText dataset, we fur-
ther evaluate the generalization capability of PAR
on OmniDocBench (Ouyang et al., 2024), a com-
prehensive benchmark designed for diverse doc-
ument parsing tasks. We adopt the official End-
to-End evaluation setting and standard metrics as
defined in the benchmark. As presented in Table
6, applying PAR yields consistent improvements
across different architectures. These results sug-
gest that the benefits of PAR extend to general
document understanding. By mitigating the over-
reliance on linguistic priors, PAR encourages the
model to attend more faithfully to complex lay-
out structures (such as table alignments), thereby
enhancing performance on standard benchmarks
without any fine-tuning. Detailed analysis and case
studies can be found in Appendix E and F.

5 Related Work

Hallucination in VLMs typically refers to the gen-
eration of content not present in the visual input
(Tonmoy et al., 2024). Extensive research has fo-
cused on Object Hallucination, where models de-
scribe non-existent objects or incorrect attributes
(Li et al., 2023; Wang et al., 2023; Rawte et al.,
2025; Augustin et al., 2025; Park et al., 2025). Li
et al. (2023) discovered that objects that frequently
appear in the visual instructions or co-occur with
the image objects are obviously prone to be hallu-
cinated by LVLMs. Metrics like POPE (Li et al.,
2023) and CHAIR (Rohrbach et al., 2018) have
been established to quantify this phenomenon, and
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Models TextPdt | TableTEP54  Table?PP9~5¢  Read Order®®* |  Overall 1
DeepSeek-OCR  Ori 0.3812 83.6621 88.2035 0.1080 48.5140
PAR  0.3802 83.9923 88.0966 0.1066 48.6574

Qwen3-VL-8B  Ori 0.0585 66.5593 70.6068 0.0722 53.5698
PAR  0.0675 71.5517 76.3676 0.0824 54.9339

Qwen3-VL-2B  Ori 0.0922 48.379 51.6288 0.1136 46.3863
PAR  0.0941 49.5061 52.6606 0.1132 46.6987

InternVL3.5-8B  Ori 0.1538 65.8361 72.0031 0.1416 50.1520
PAR  0.1586 66.7146 73.0953 0.1434 50.2849

Table 6: Performance on the OmniDocBench dataset.

mitigation strategies often involve reinforcement
learning (He et al.; Gunjal et al., 2024) or visual
evidence prompting (Li et al., 2025b). Sun et al.
(2025) further identified that vision-language mod-
els suffer from visual forgetting in long chain-of-
thought reasoning, where visual evidence is grad-
ually overshadowed by accumulated textual con-
text and proposed Take-along Visual Conditioning
(TVC), which re-injects visual tokens into the de-
coding process to refresh visual memory during
long reasoning chains. TVC requires additional
training or fine-tuning to integrate visual condi-
tioning, whereas PAR is a purely training-free,
inference-time intervention.

However, Textual Hallucination, specifically in
OCR, remains underexplored. Unlike object hallu-
cination, OCR hallucination often manifests as an
"auto-correction" driven by semantic priors. Shu
et al. (2025) highlighted how semantic context can
mislead vision in scene text spotting, causing mod-
els to output semantically plausible but visually in-
correct words. Liang and Zhang (2025) introduced
ReViCo, a benchmark for real-world visual spelling
correction, and proposes Background Information
Enhancement to mitigate the recognition failures.
Our work extends this line of works to the domain
of dense document OCR, specifically focusing on
the Linguistic Priors Hallucination where models
ignore visual glitches in high-familiarity texts due
to excessive reliance on parametric memory.

Recent inference-time interventions employ
Contrastive Decoding (CD) (Wang et al., 2024;
Leng et al., 2024) or attention manipulation (Kang
et al.; Zhang et al., 2025) to curb hallucinations.
VAR (Kang et al.) identified the Visual Attention
Sink phenomenon and proposed Visual Attention
Redistribution to identify image-centric heads and
recycle attention back to relevant visual features.
Zhang et al. (2025) proposed Enhancing Vision

PAR achieve consistent improvements in Overall scores.

Attention Sinks (EVAS), demonstrating that main-
taining dense vision attention sinks in shallow lay-
ers is critical for grounding. While methods like
VAR and EVAS optimize visual grounding by re-
distributing attention or reinforcing shallow sinks,
they primarily target general Object Hallucination.
Direct application to OCR proves suboptimal for
two reasons. First, CD approaches rely on global
image distortions which obliterate the fine-grained
glyph features essential for OCR; furthermore, they
penalize linguistic priors at the probability level,
risking the suppression of correct text where pri-
ors align with ground truth. Second, unlike EVAS
which reinforces shallow patterns, our task requires
breaking the autoregressive inertia. In contrast, our
PAR framework targets Linguistic Priors Halluci-
nation in OCR. PAR actively disrupts positional
inertia and synergizes this with a Foveal-Vision
recycling mechanism to recover neglected details
without compromising linguistic fluency.

6 Conclusion

In this work, we identify and quantify the bottle-
neck of Linguistic Priors Hallucination in VLMs.
Through experiments on our proposed GlitchText
probing datset, we find that longer linguistic con-
texts and more powerful language models often
tend to ignore visual details and output the text se-
quence it has memorize. To address this, we intro-
duce PAR, a novel training-free mechanism which
consists of Positional Perturbation and Foveal At-
tention Recycling to enforce faithful visual ground-
ing. PAR effectively balances semantic fluency
with visual fidelity. Experiment results confirm that
PAR not only rectifies hallucinations in adversarial
settings but also enhances robustness in general
document parsing tasks without extra fine-tuning.
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Limitations

Different VLM architectures exhibit distinct atten-
tion dynamics. While PAR effectively mitigates
this issue by diagnosing specific models, it implies
that applying PAR to a completely new architec-
ture might require a preliminary diagnostic run to
identify the optimal intervention layers for Posi-
tional Perturbation and Attention Recycling. Fur-
thermore, our current implementation operates at
the layer level. Future research could refine the
granularity of PAR from the layer level to the indi-
vidual attention head level. By specifically target-
ing hallucination-prone heads for recycling while
leaving semantic-rich heads untouched for Posi-
tional Perturbation, we could achieve a more pre-
cise balance between visual fidelity and linguistic
fluency.

Ethics Statement

The GlitchText probing dataset constructed in this
study relies entirely on synthetic generation using
public dictionaries and standard font libraries, en-
suring the absence of Personally Identifiable Infor-
mation and strict compliance with copyright reg-
ulations. By actively mitigating linguistic halluci-
nations, this research enhances the faithfulness of
automated document digitization, thereby reduc-
ing the societal risks associated with Al-generated
misinformation in high-precision applications.
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A Dataset

A.1 Dataset Construction

Adversarial Anomaly Injection To synthesize
a conflict between visual grounding and linguistic
priors, we systematically inject “glitches”, includ-
ing subtle visual or semantic deviations, into the
high-familiarity texts. (1) Chinese: Visual Glitch.
Given the logographic nature of Chinese, errors
frequently manifest as visually similar characters.
We leverage the Confused_Chinese dictionary >
to map original characters to their visually con-
founding counterparts (e.g., replacing “Jx” with
“f£7). For each sample, we iterate through the text
and prioritize replacements based on visual sim-
ilarity scores provided by the dictionary, select-
ing the top-20 hardest-to-distinguish characters to
maximize visual discrimination difficulty. (2) En-
glish: Morphological Glitch. For English, we
employ SpaCy ¢ for Part-of-Speech (POS) tagging
and lemminflect 7 for morphological transforma-
tion. We specifically target Verbs and Nouns to
introduce grammatical inconsistencies, such as al-
tering tenses (e.g., go — went) or pluralization
(e.g., apple — apples). To refine the selection, we
utilize Gestalt Pattern Matching (Black, 2021) to
calculate string similarity between the original and
transformed words, retaining the top-20 anomalies
to replace the original tokens.

Standardized Image Synthesis To isolate the
impact of textual content and rule out background
noise, the text is rendered on a pure white back-
ground with black font. We use SimHei for Chinese
and DejaVuSans for English to ensure glyph clarity.
The layout is standardized with character-level line
breaking for Chinese and word-level line break-
ing for English, generating high-resolution PNG
images ready for probing.

Rationale for Synthetic Design A potential con-
cern regarding GlitchText is the artificial nature of
the injected anomalies compared to natural OCR
noise (e.g., blur, occlusion, or low resolution).
We explicitly clarify that the primary objective of
GlitchText is not to simulate general in-the-wild
degradation, but to serve as a specialized diagnostic
probe for Conflict Maximization. While relying on
linguistic priors to infer missing content is often

Shttps://github.com/Macielyoung/Confused_
Chinese

6https://pypi.org/project/spacy/

"https://pypi.org/project/lemminflect/0.1.0/

KENE, SERT, BELZY, STLWURZEE,
WEE, DKM, IAELEE, BRET, LEBR *ppl": 11966,
EA, SIMUNFRRIK, FISER. BRELNELLE, —H—WK, T *error_positions": [
BoUmRE. 2RE, XESE, BRAW, ORFEIKX, HES %mmmmw

K2, FROSEMI, BAURIIZE, ETRE. RAZES,
I—t, REEA, FE—22P; SEGHHE, ARVEZN. B anomaly char' "3,
BETH, BT, HARTHE, HATE, RABR, TMEZ  smilarity’: 09756
BE. REFZER, WHET, BEEZR. FZRR, BOZE, )

AT, RETAZNIN. B, WTR, SAZ: ‘L
ENAR. " ETAE! BEEANEZE, FA—R KFmE  PSIOTA0 L
0, FEMZ TR, BR—TCENBE, FRHNEE. BZRS, K anomaly char "B,
WEZAE. BK! MPBIGA, REFE, RHKER, FOOUR,  simiarity” 0977
RE—t. BZEE, THABTHY. )

"original_char": "F",

It is not the critics who counts; not the man who points out “ppl 8 1‘26.9.7’ "
error_positions": [

how the strong man stumble, or where the doers of deed could {

have done them better. The credits belongs to the man who is "position”: 14,

actually in the arenas, whose faces is marred by dust and
sweats and bloods; who strives valiantly; who errs, who comes
short again and again, because there is no efforts without " e

: N ‘word_start_idx": 14,
errors and shortcomings; but who does actually striven to do "word end idx": 21
the deeds; who knows great enthusiasm, the great devotion; ) -
who spends himself in a worthy causes; who at the best knows {

"original_char": "critic",
"anomaly_char": "critics",
"similarity": 0.9231,

in the end the triumphs of high achievements, and who at the :PO_Si_tiOH"i 80, .
worst, if he fails, at least fails while daring greatly, so that his "original_char": "stumbles”,
anomaly_ch stumble”,

places shall never be with those cold and timid souls who

) N "similarity": 0.9333,
neither know victory nor defeats.

"word_start_idx": Sb,
"word_end _idx": 87
b

Figure 6: Examples of the GlitchText Probing Dataset

employed as an error correction mechanism in stan-
dard noisy OCR, this dependency acts as a double-
edged sword. In high-precision scenarios requiring
strict fidelity, such reliance often backfires, leading
to unfaithful “auto-corrections” where visual evi-
dence is overridden by semantic expectations. By
isolating “visual clarity” from “linguistic familiar-
ity,” GlitchText creates an ideal testbed to diagnose
this specific Linguistic Priors Hallucination, forc-
ing the model to demonstrate whether it chooses
to “read” the actual visual glyphs or “recite” the
memorized text when a conflict arises.

A.2 Detailed Examples

Figure 6 visualizes representative examples from
both the Chinese and English subsets. Each vi-
sual sample is paired with its ground-truth anno-
tation (formatted in JSON), which details the spe-
cific error_positions, both original and anomaly
characters, and their similarity scores.

B Attention Heatmaps

In this appendix, we provide supplementary at-
tention visualizations for other representative ar-
chitectures. Figure 7 and Figure 8 illustrate the
layer-wise Image-to-Text Focus Ratio heatmaps
for InternVL3.5-8B and Qwen3-VL-2B, respec-
tively. These visualizations further validate the
classification of models into "Decay" and "Late-
Fusion" patterns discussed in Section 3.1.
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Models Instructions Tasks PP Layers FAR Layers o« Spase tp Tdecay B  Lsat Sadd 7
. OCR 0 0,11 0.1 0.1 300500 05 200 0.8 25
Deepseck-OCR  <image> Free OCR. Omnidoc 0 910,11 0.0l 0.05 300 500 03 200 03 1.5
o OCR 0,123 0123 0.05 0.1 300 500 005 300 0.7 15

Qwen3-VL-2B  Read all the textin the image. G40 o157 3 0.05 0.1 300 500 0.05 300 0.5 1
o OCR 0,123 0123 0.05 0.1 300 500 005 300 0.7 15
Qwen3-VL-8B  Read all the textin the image. o iqo0 07123 0123 01 01 300 1000 05 300 08 2.5
OCR 27 31 0.02 0.1 300 500 05 200 0.7 15
InternVL3.5-8B Read all the text in the image. OCR_padding 3,4 33 0.02 0.1 300 500 0.05 300 0.7 1.5
Omnidoc 3.4 33 0.1 01 300500 05 300 0.7 25

Table 7: Detailed hyperparameter settings for PAR across various models and tasks. PP Layers and FAR Layers
denote the indices of transformer layers where Positional Perturbation and Attention Recycling are applied,
respectively. Fixed parameters are omitted for brevity (w = 1,k = 3, 755 = 100, 0 = 20, G, = 80).
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Figure 7: Layer-wise attention heatmap for

InternVL3.5-8B, exhibiting a Type A (Decay)
pattern where visual attention diminishes in deeper
layers.

B.1 Visualization of Attention Redistribution

To explore how PAR alters the internal attention
dynamics, we visualize the differential layer-wise
attention maps between the PAR-enhanced model
and the baseline Qwen3-VL-2B. We define the At-
tention Focus Shift as AR = R?ﬁ?us — R%Z‘ﬁgﬂe,
where R 7,5 is the Image-to-Text Focus Ratio.
As illustrated in Figure 9, the heatmap does not
show a uniform increase in visual attention. In-
stead, it facilitates a functional specialization of
attention heads: reinforcing visual attention where
grounding is critical, while suppressing it in heads
responsible for language modeling. This validates
that our method achieves a refined balance between
"reading" (visual) and "reciting" (linguistic), rather
than simply applying a global penalty to text to-
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Figure 8: Layer-wise attention heatmap for Qwen3-
VL-2B, exhibiting a Type B (Late-Fusion) pattern with
varying visual focus across layers.

kens.

C Hyperparameters

Table 7 presents the detailed hyperparameter con-
figurations used for each model in our experiments.
To ensure a fair comparison and reduce the search
space, we universally set the following parameters
across all architectures and tasks: the perturbation
frequency w = 1, the outlier detection threshold
multiplier k = 3, 7,55 = 100, the Gaussian devia-
tion o = 20, and the kernel window size G, = 80.
For closed-source models (e.g., GPT-40, Claude),
we use "Read all the text in the image." as instruc-
tions.

The remaining parameters, including the target
layers for Positional Perturbation (PP) and Foveal
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Figure 9: Attention Focus Difference Heatmap (PAR -
Baseline) on Qwen3-VL-2B. The heatmap confirms that
PAR does not uniformly boost visual weights but rather
optimizes attention allocation, enabling specific heads
to specialize in either visual grounding or linguistic
modeling.

Attention Recycling (FAR), as well as the noise
amplitude scheduler («, 8, 7), were tuned to adapt
to the specific attention dynamics of each model
(as diagnosed in Section 3.1).

D Layer Ablation

To validate the necessity of our layer selection strat-
egy, we conducted a counter-factual experiment.
We inverted the target layers for the DeepSeek-
OCR and InternVL models (applying PP to deep
layers and FAR to shallow layers) and shifted the
intervention window to the deep layers for the
Qwen3-VL models. As presented in Table 8, these
sub-optimal layer configurations lead to a consis-
tent degradation in performance. Specifically, the
Identification Rate (Iden) drops and the Correction
Rate (Cor) increases, indicating that the model fails
to break the linguistic inertia when PP is applied
too late, or fails to recover visual details when FAR
is applied too early. This confirms that applying
PP to disrupt early-stage inertia and FAR to rectify
late-stage attention drift is crucial for the frame-
work’s success.

E Performance Analysis across
Generation Lengths on OmniDocBench

To evaluate the stability of our method during long-
context generation, we analyzed the distribution of
errors relative to the generation position. Document
parsing tasks often suffer from error accumulation,
where the model’s performance degrades as the
sequence length increases due to attention drift.

Models PP Layers FAR Layers CER | Ident Cor |
Deepseek-OCR 0 0,11 0.0959 47.13 47.09
0,11 0 0.1011 46.15 48.18

Qwen3-VL-2B 0,1,2,3 0,1,2,3 0.0737 81.86 12.64
24,25,26,27 24,25,26,27 0.0838 78.83 15.33

Qwen3-VL-8B 0,1,2,3 0,1,2,3 0.0617 69.86 26.90
24,25,26,27 24,25,26,27 0.0615 63.09 33.52
InternVL3.5-8B 27 31 0.2806 64.38 33.28
31 27 0.2814 63.88 33.75

Table 8: Ablation study on Adaptive Layer Selection.
We compare the proposed layer configuration (first row
per model) against counter-intuitive configurations (sec-
ond row), such as swapping the application layers for
PP and SAR or shifting the intervention window to deep
layers. The results demonstrate that deviating from the
adaptively selected layers leads to performance degra-
dation.

Figure 10 visualizes the Average Table Edit Dis-
tance (ED) of the DeepSeek-OCR model across
different predicted position ranges (from O to over
2000 tokens) on the OmniDocBench dataset. We
observe that the PAR-enhanced model (solid line)
consistently achieves a lower Edit Distance com-
pared to the Baseline (dashed line) across all po-
sition intervals. This indicates that our inference-
time intervention is robust and does not destabilize
the generation at any stage.

Table Edit Distance

Family

—— DeepSeek-OCR
Type

*- Baseline

—=— PAR

Average Edit Distance (Lower is Better)

N N N N
§ $ s §
o & o
S N
& $ &

Predicted Position Range

Figure 10: Average Table Edit Distance (ED) across
different predicted position ranges on OmniDocBench.
The solid line (PAR) consistently stays below the dashed
line (Baseline), demonstrating that PAR reduces recog-
nition errors throughout the generation process.

F Case Studies

To qualitatively evaluate the efficacy of PAR in
real-world document parsing scenarios, we visual-
ize the inference results of DeepSeek-OCR on the
OmniDocBench dataset. As illustrated in Figure 11
and Figure 12, the baseline model often succumbs
to two primary failure modes: (1) Linguistic Pri-
ors Hallucination, where the model "auto-corrects"
or fabricates content based on semantic fluency
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rather than visual evidence, and (2) Visual Omis-
sion, where fine-grained details (e.g., footnotes,
complex layouts) are ignored due to attention de-
cay. In contrast, by incorporating PAR, the model
effectively suppresses these hallucinations and re-
covers neglected visual details, demonstrating su-
perior faithfulness to the original document.

Context Length  Baseline (ms) PAR (ms)
1,024 0.0092 0.2809
2,048 0.0064 0.2773
4,096 0.0065 0.2788
8,192 0.0080 0.2829

Table 9: Inference latency per decoding step (in mil-
liseconds) across different context lengths. Results are
averaged over 100 runs. Notably, since PAR is only
activated in a few deep layers (e.g., 1-2 layers out of
32), the cumulative overhead for the entire model is
negligible.

G Computational Overhead Analysis

Although PAR is a training-free framework that
avoids the prohibitive cost of parameter updates,
the inference-time intervention, specifically the
Foveal Attention Recycling mechanism which in-
troduces additional computational steps. In this
section, we analyze the theoretical complexity and
empirical latency of our method.

Theoretical Complexity In the standard autore-
gressive decoding phase, the attention mechanism
scales linearly O(L) with respect to the sequence
length L due to the KV cache. Our PAR framework
introduces two additional operations:

* Positional Perturbation (PP): This opera-
tion applies element-wise transformations to
the Rotary Positional Embeddings. Since it
operates solely on the current query token’s
position index, its complexity is O(d) where
d is head dimension, which is computationally
negligible.

* Foveal Attention Recycling (FAR): This
component involves calculating statistics
(mean/std) over the attention logits and apply-
ing a 1D Gaussian convolution. The statistical
computation iterates over the sequence length
L, resulting in O(L). The Gaussian convolu-
tion is applied to the attention logits of size L.
Given a fixed kernel window size K (where
K < L), the complexity of the convolution
is O(K - L), which simplifies to O(L).

Therefore, PAR maintains the same linear com-
plexity class O(L) as the standard decoding step,
merely adding a constant factor to the inference
time.

Empirical Latency Evaluation To quantify the
actual computational cost, we benchmarked the
inference latency of a single decoding step using
an NVIDIA A100 GPU. We compared the standard
Attention mechanism against our PAR-enhanced
Attention across varying context lengths.

As detailed in Table 9, the PAR mechanism intro-
duces a measurable latency increase at the operator
level (rising to ~0.28ms) due to the requisite statis-
tical aggregation and Gaussian convolution opera-
tions. However, this operator-level overhead does
not translate to a bottleneck in the overall model
inference. Crucially, PAR is designed as a sparse
intervention strategy, typically activated only in 2-
4 specific deep layers (determined by our Adaptive
Layer Selection) out of the 35 layers in standard
VLMs (e.g., Qwen3-VL-8B). Consequently, the cu-
mulative overhead for a full forward pass is strictly
bounded.

To address potential concerns regarding latency
accumulation over long generation sequences (e.g.,
>1000 tokens), we further conducted an End-
to-End Wall-Clock Time evaluation on the Om-
niDocBench dataset. When generating 100 long-
document samples, the total inference time for the
baseline was 4h 02m 36s, while the PAR-enhanced
model took 4h 21m 24s. This result confirms that
the cumulative overhead remains strictly bounded
and practical for real-world document processing
pipelines.
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Figure 11: Qualitative comparison on OmniDocBench (Case 1). By applying PAR (right column), the model
successfully rectifies these errors, faithfully recognizing the specific visual glyphs and correctly transcribing the text

as it appears in the image.
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Figure 12: Qualitative comparison on OmniDocBench (Case 2). This example highlights the model’s ability to
handle complex layouts. The baseline model fails to ground the visual content effectively, missing entire blocks
of text and image details. With PAR, the model exhibits stronger visual grounding, successfully detecting and
transcribing the fine-grained footnotes and layout structures that were previously ignored.
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