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ABSTRACT

Vision-language models (VLMs) achieve strong performance on chart question
answering but degrade significantly under visual corruptions such as blur and pix-
elation, primarily because text becomes illegible. We propose Relnk, a training-
free inference wrapper that extracts text from corrupted charts using OCR and
renders it as a spatially-aligned auxiliary image. By providing both the corrupted
chart and the re-inked canvas to the VLM, we give the model access to legible text
while preserving the original chart’s visual structure. On ChartQAPro-Corrupted,
Relnk achieves 27.95% accuracy, outperforming the baseline (15.74%) by +12.21
percentage points and a scrambled-text control (19.45%) by +8.50 percentage
points, demonstrating that correct text semantics—not just layout cues—drive the
improvement. Relnk’s effectiveness scales with OCR quality, with net benefit in-
creasing from +5.6pp in the lowest confidence quartile to +12.1pp in the highest,
providing practitioners with a predictable performance envelope.

WARNING: This paper was generated by an automated research system. The code
is publicly availableE]

1 INTRODUCTION

Charts are ubiquitous in scientific publications, business reports, and data journalism, serving as a
primary medium for communicating quantitative information. Vision-language models (VLMs)
have made substantial progress on chart question answering, with recent benchmarks such as
ChartQA (Masry et al.l |2022) and ChartQAPro (Masry et al., [2025)) driving advances in visual rea-
soning over data visualizations. However, these benchmarks predominantly evaluate performance
on clean, high-quality images, leaving a critical gap in understanding how VLMs perform under
realistic deployment conditions.

Real-world chart images are frequently degraded by compression artifacts, blur from scanning or
screenshots, pixelation from low-resolution sources, and noise from photocopying. Recent stud-
ies have shown that VLMs suffer dramatic performance drops under such corruptions (Shin et al.,
2025; Mukhopadhyay et al., [2024), with accuracy declining by 25-30 percentage points on blurred
or pixelated charts. The primary failure mode is text illegibility: when axis labels, tick marks, leg-
end entries, and titles become unreadable, VLMs cannot extract the information needed to answer
questions, even when their visual reasoning capabilities remain intact.

Existing approaches to improving robustness typically require retraining models on augmented data
or developing specialized architectures (Masry et al.l 2023} |Xu et al., [2024), which is expensive
and may not generalize to new corruption types. We observe that OCR systems, which are specifi-
cally optimized for text extraction, can often recover text from degraded images more reliably than
VLM vision encoders. This motivates a simple question: can we improve chart QA robustness by
providing OCR-extracted text to VLMs at inference time, without any model modification?

We propose Relnk, a training-free inference wrapper that extracts text from corrupted charts using
OCR and renders it as a spatially-aligned auxiliary image. By providing both the corrupted chart
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and the re-inked canvas to the VLM, we give the model access to legible text while preserving
the original chart’s visual structure. Our experiments on ChartQAPro-Corrupted demonstrate that
Relnk improves accuracy by +12.21 percentage points (27.95% vs 15.74% baseline), with gains
scaling predictably with OCR quality.

Our contributions are:

* We propose Relnk, a training-free inference wrapper that improves VLM robustness on
corrupted charts by providing OCR-extracted text as a spatially-rendered auxiliary image.

* We conduct comprehensive experiments on ChartQAPro-Corrupted, demonstrating
+12.21pp improvement over baseline and +8.50pp over a scrambled-text control, confirm-
ing that correct text semantics drive the gains.

* We analyze what components matter: text content is the primary driver (+11.57pp from
OCR text alone), while spatial rendering (+0.64pp) and bounding box outlines (+0.10pp)
provide marginal additional benefit.

2 RELATED WORK

Chart Question Answering. Chart QA has emerged as a challenging benchmark for evaluating vi-
sual reasoning capabilities. Early datasets such as FigureQA (Kahou et al.,[2017) and DVQA (Kafle
et al., 2018)) introduced synthetic charts with template-based questions, while PlotQA (Methani
et al., 2019) expanded to scientific plots requiring numerical reasoning. ChartQA (Masry et al.,
2022) advanced the field with real-world charts and human-authored questions demanding both vi-
sual and logical reasoning. Most recently, ChartQAPro (Masry et al.l [2025) introduced a more
diverse and challenging benchmark with multiple question types including factoid, conversational,
hypothetical, and fact-checking questions. These benchmarks have driven progress in chart under-
standing, yet they predominantly assume clean, high-quality input images.

VLM Robustness. The robustness of vision models to common corruptions has been extensively
studied since ImageNet-C (Hendrycks & Dietterich, 2019), which introduced a taxonomy of 15
corruption types including blur, noise, and compression artifacts. This work has been extended to
visual question answering through benchmarks that evaluate VLM performance under visual degra-
dations (Ishmam et al.,[2024]). In the chart domain, recent work has examined how VLMs degrade on
imperfect charts (Shin et al., 2025)) and investigated the consistency and robustness of chart under-
standing (Mukhopadhyay et al., |2024). These studies reveal that VLMs are particularly vulnerable
when text becomes illegible due to visual corruptions, motivating our focus on text recovery as a
robustness mechanism.

OCR-Augmented Visual Understanding. The integration of OCR with visual reasoning has
proven effective for text-rich images. TextVQA (Singh et al.l 2019) introduced the task of read-
ing and reasoning about text in natural images, while M4C (Hu et al.| 2019) proposed pointer-
augmented transformers that can copy OCR tokens to generate answers. For document under-
standing, DocLLM (Wang et al.l [2023) demonstrated that layout-aware processing of OCR text
improves comprehension. In the chart domain, DePlot (Liu et all |2022) converts charts to tables
using OCR, enabling one-shot reasoning with language models. UniChart (Masry et al., [2023) and
ChartMoE (Xu et al.| [2024) incorporate chart-specific pretraining, while Dragonfly (Thapa et al.,
2024) uses multi-resolution encoding to capture fine-grained details. Unlike these approaches that
require training or architectural modifications, Relnk operates as a training-free inference wrapper
that provides OCR-extracted text as a complementary visual input.

3 METHOD

We present Relnk, a training-free inference wrapper that improves chart question answering robust-
ness under visual degradations by providing OCR-extracted text as a spatially-rendered auxiliary
image.
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Figure 1: Relnk pipeline overview. Given a corrupted chart image, Relnk (1) extracts text using
OCR, (2) renders text at spatial locations on a clean canvas, and (3) provides both images to the
VLM for question answering. The re-inked canvas preserves text content and approximate layout
while eliminating visual corruption artifacts.

3.1 PROBLEM FORMULATION

Given a corrupted chart image .. and a natural language question g, the goal is to produce an answer
a. Visual corruptions such as blur and pixelation degrade text legibility in charts, causing VLMs to
fail on questions that require reading axis labels, tick marks, legend entries, or titles. Our key insight
is that OCR systems can often extract text from degraded images more reliably than VLM vision
encoders, and providing this text as a second image gives the model access to legible information
while preserving spatial relationships.

3.2 REINK PIPELINE

Relnk operates as a three-stage pipeline illustrated in Figure [T}

Stage 1: OCR Extraction. We apply an off-the-shelf OCR engine to the corrupted chart image
to extract a set of text detections {(;,b;,c;)} Y., where t; is the recognized text string, b; is the
bounding box coordinates, and c¢; is the confidence score. We use EasyOCR in our implementation,
though any OCR system that provides bounding boxes can be substituted. No confidence filtering is
applied, as even low-confidence detections may provide useful partial information.

Stage 2: Canvas Generation. We create a re-inked canvas [, by rendering each detected text
string at its original spatial location on a clean white background. For each detection (¢;, b;, ¢;):

1. Convert the bounding box to an axis-aligned rectangle.

2. Select a font size based on the box height to maximize legibility.

3. Render the text string ¢; in black using a standard sans-serif font.

4. Optionally draw a thin gray outline around the bounding box to preserve spatial anchors.

The resulting canvas has the same dimensions as the original image, with high-contrast text at ap-
proximately the same locations as in the original chart.
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Table 1: Main results on ChartQAPro-Corrupted. Relnk (C) achieves 27.95% overall accuracy, out-
performing all baselines. A = corrupted chart + blank canvas (baseline), A-SC4 = self-consistency
k=4, B = corrupted chart + scrambled-text canvas (control), C = corrupted chart + correct Relnk
canvas (proposed). Best results in bold.

Condition Overall Defocus Pixelate Factoid Conv. Hypo. Fact Chk.  Multi Ch.
A (Baseline) 15.74 12.78 18.70 15.94 0.73 32.72 10.86 34.35
A-SC4 17.62+161  14.10+162  21.15+166 15.08+0.14 16.84+242 29.39+056 18314943 25.47+545
B (Scrambled) 19.45 17.11 21.80 16.95 19.54 31.06 12.09 35.05
C (Relnk) 27.95 26.77 29.13 20.30 29.31 35.50 52.46 33.18

Stage 3: Dual-Image VLM Inference. We provide the VLM with two images: the corrupted
chart . and the re-inked canvas I,.. The prompt instructs the model to use the first image for chart
structure and visual elements, and the second image only to read text labels, tick marks, legends, and
titles. This separation allows the model to leverage the corrupted image for geometric relationships
while relying on the clean canvas for text content.

3.3 DESIGN RATIONALE

Relnk is designed to be model-agnostic and training-free, operating as a drop-in wrapper for any
VLM that supports multi-image input. The spatial rendering of OCR text (rather than providing
text as a string in the prompt) preserves the correspondence between text elements and their visual
locations in the chart, which is important for questions that require spatial reasoning (e.g., “What is
the value for the rightmost bar?”). Our ablation studies in Section 4 examine whether this spatial
rendering provides benefits beyond simply providing OCR text in the prompt.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

Benchmark. We evaluate on ChartQAPro (Masry et al.,[2025), a diverse chart QA benchmark with
1,948 questions across five types: factoid, conversational, hypothetical, fact-checking, and multiple-
choice. To assess robustness, we create ChartQAPro-Corrupted by applying two corruption types at
severity level 4 (major): defocus blur and pixelate, following the ImageNet-C protocol (Hendrycks
& Dietterich, 2019)). These corruptions primarily degrade text legibility while preserving chart struc-
ture.

Model and Baselines. We use Qwen2.5-VL-7B-Instruct (Wang et al., |2024) as our base VLM,
which supports multi-image input. We compare four conditions, all using two-image input to control
for extra image tokens: (A) corrupted chart + blank canvas (baseline), (A-SC4) self-consistency
with k£ = 4 samples on condition A (Wang et al.|[2022), (B) corrupted chart + scrambled-text canvas
(layout-only control), and (C) corrupted chart + correct Relnk canvas (proposed). The scrambled-
text control (B) preserves bounding box layout but randomly permutes text strings across boxes,
isolating whether gains come from correct text semantics versus high-contrast layout cues.

Evaluation. We use ChartQAPro’s enhanced relaxed accuracy: numeric answers are correct
within a 5% margin (years require exact match), textual answers use average normalized Leven-
shtein similarity (ANLS), and multiple-choice/fact-checking use exact match. All conditions use
greedy decoding except A-SC4, which uses temperature 0.7 with majority voting.

4.2 MAIN RESULTS

Table [I] presents the main comparison across conditions. Relnk (C) achieves 27.95% overall accu-
racy, substantially outperforming the baseline (A) by +12.21 percentage points and the scrambled-
text control (B) by +8.50 percentage points. This demonstrates that providing OCR-extracted text to
VLMs significantly improves chart QA robustness under visual degradations, and that the improve-
ment stems from correct text semantics rather than merely high-contrast layout cues.
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Table 2: Ablation study and sanity checks. OCR-as-text nearly matches Relnk spatial canvas
(—0.64pp difference), box outlines have negligible effect (+0.10pp), and clean chart sanity check
confirms no prompt confound (+0.13pp).

Variant Overall Defocus Blur Pixelate A vs Relnk
Relnk (C) 27.95 26.77 29.13 —
OCR-as-text  27.31 24.78 29.83 —0.64
No outlines 28.05 26.69 29.41 +0.10
Clean A 33.75 — — —
Clean C 33.88 — — +0.13

The +8.50pp improvement of Relnk over the scrambled-text baseline confirms that correct text
semantics—not just spatial layout or visual cues—drive the performance gains. Self-consistency
(A-SC4) provides only modest improvement (+1.88pp over baseline), demonstrating that inference-
time scaling alone cannot compensate for corrupted visual information. Relnk shows consistent
improvements across both corruption types, with particularly large gains on fact-checking questions
(+41.60pp over baseline), where accurate text reading is essential for verifying claims against chart
data.

4.3 ABLATION STUDIES

Table 2] presents ablation studies examining which components of Relnk contribute to its effective-
ness.

OCR-as-text vs. Spatial Rendering. Providing OCR text as a string in the prompt (OCR-as-
text) achieves 27.31% accuracy, nearly matching Relnk’s 27.95%. The marginal +0.64pp benefit of
spatial rendering suggests that the text content itself—not its spatial arrangement—is the primary
driver of improvement. This finding indicates that a simpler text-injection approach captures most
of Relnk’s benefit.

Bounding Box Outlines. Removing the thin gray bounding box outlines from the Relnk canvas
has negligible effect (+0.10pp), confirming that text content and positioning matter more than visual
boundary cues.

Clean Chart Sanity Check. On clean (uncorrupted) charts, Relnk provides negligible benefit
(+0.13pp: 33.88% vs 33.75%), confirming that the gains on corrupted images stem from text-
legibility recovery rather than prompt or format confounds.

4.4 ANALYSIS

OCR Quality Correlation. Figure 2| shows that Relnk’s effectiveness scales with OCR quality.
We partition questions into quartiles by mean OCR confidence score and compute the net benefit
(rescued minus hurt questions) for each quartile. Net benefit increases monotonically from +5.62pp
in the lowest confidence quartile (Q1) to +12.11pp in the highest quartile (Q4), with a trend slope of
approximately +2.1pp per quartile. This correlation suggests that practitioners can estimate expected
improvement based on OCR confidence scores, and that investing in better OCR systems would yield
proportionally larger gains.

Rescue vs. Hurt Analysis. Figure |3| presents a breakdown of Relnk’s impact across 3,896 ques-
tions. Relnk rescues 13.17% of questions (baseline wrong — Relnk correct) while hurting only
4.72% (baseline correct — Relnk wrong), yielding a favorable 2.8:1 rescue-to-hurt ratio and a net
benefit of +8.45 percentage points. The hurt rate decreases with OCR quality (6.4% in Q1 vs 3.8% in
Q4), indicating that higher-quality OCR extractions reduce the risk of introducing misleading text.
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Relnk Effectiveness Scales with OCR Quality

1 == Trend (slope: +2.1pp/quartile Higher OCR confidence
14 (slop PP/ ) - Greater Relnk benefit

Net Benefit (pp)
0o

6 +5.6pp __ -~
4 4
2 4
0 r
Ql Q2 Q3 Q4
(Low) (High)

OCR Confidence Quartile

Figure 2: Relnk effectiveness scales with OCR quality. Net benefit (rescued minus hurt questions)
increases monotonically from +5.6pp in the lowest OCR confidence quartile to +12.1pp in the high-
est quartile.
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Figure 3: Relnk rescue vs hurt analysis across 3,896 questions. Relnk rescues 13.2% of questions
while hurting only 4.7%, yielding a 2.8:1 favorable ratio and +8.45% net benefit.

5 CONCLUSION

We presented Relnk, a simple, training-free inference wrapper that improves VLM robustness on
corrupted charts by providing OCR-extracted text as a spatially-rendered auxiliary image. On
ChartQAPro-Corrupted, Relnk achieves +12.21pp improvement over baseline (27.95% vs 15.74%),
with gains scaling predictably with OCR quality. Our ablation studies reveal that text content is the
primary driver of improvement, while spatial rendering provides marginal additional benefit.

Relnk has limitations: its effectiveness depends on OCR quality, and we evaluated only one VLM
on one benchmark with two corruption types. Future work should evaluate across multiple VLMs

and corruption types, explore integration with chart-specific models, and investigate whether better
OCR systems can further improve robustness.
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