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Abstract

Multimodal Large Language Models (MLLMs)
have achieved remarkable performance in Vi-
sually Rich Document Understanding (VRDU)
tasks, but their capabilities are mainly evalu-
ated on pristine, well-structured document im-
ages. We consider document reconstruction
from shredded fragments, a challenging VRDU
setting that requires integrating visual pattern
recognition with semantic reasoning under sig-
nificant content discontinuities. To facilitate
systematic evaluation of complex VRDU tasks,
we introduce SHREDBENCH, a benchmark sup-
ported by an automated generation pipeline that
renders fragmented documents directly from
Markdown. The proposed pipeline ensures
evaluation validity by allowing the flexible in-
tegration of latest or unseen textual sources to
prevent training data contamination. SHRED-
BENCH assesses four scenarios (English, Chi-
nese, Code, Table) with three fragmentation
granularities (8, 12, 16 pieces). Empirical eval-
uations on state-of-the-art MLLMs reveal a
significant performance gap: The method is
effective on intact documents; however, once
the document is shredded, restoration becomes
a significant challenge, with NED dropping
sharply as fragmentation increases. Our find-
ings highlight that current MLLMs lack the
fine-grained cross-modal reasoning required to
bridge visual discontinuities, identifying a criti-
cal gap in robust VRDU research'.

1 Introduction

The advance in Multimodal Large Language Mod-
els (MLLMs), such as GPT-5 (OpenAl, 2025) and
Gemini 3 Pro (Google DeepMind, 2025), has revo-
lutionized the field of Visually Rich Document Un-
derstanding (VRDU) (Yin et al., 2024; Wang et al.,
2023b, 2025¢,b). By projecting visual features into
a shared semantic space with textual representa-
tions, these models have almost achieved human

!Code and dataset are available at https://anonymous.
4open.science/r/ShredBench-3BEE.
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Figure 1: Evaluation results on SHREDBENCH across 6
dimensions (Metric: ROUGE-L). Our proposed bench-
mark reveals significant gaps in current MLLMs’ capa-
bilities on fragmented documents.

expert performance on tasks ranging from stan-
dard Optical Character Recognition (OCR) (Lee
et al., 2023; Lv et al., 2023) to complex informa-
tion extraction (CIE) from well-formatted docu-
ments (Kim et al., 2022; Yu et al., 2023b; Tang
et al., 2023). However, real-world document pro-
cessing often encounters inputs that are far from
ideal, where documents may be occluded, dam-
aged, or physically torn. Although recent high-
resolution MLLMs (Wang et al., 2023a; Li et al.,
2024) attempt to mitigate visual noise and enhance
fine-grained perception, the specific challenge of
reconstructing physically fragmented information
remains underexplored. While recent benchmarks
have begun to address robustness against image
corruptions (Qiu et al., 2025) or super-long con-
text retrieval (Hong et al., 2024), the challenge of
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reconstructing physically fragmented information
remains underexplored. While humans can rely on
strong language priors and world knowledge (Yu
et al., 2023a; Zhai et al., 2023) to mentally piece to-
gether fragmented information, the extent to which
MLLMs possess this capability remains an open
question.

In this paper, we explore shredded document re-
construction at the intersection of vision and NLP.
Unlike traditional jigsaw puzzles based on edge
matching, this task demands profound semantic
reasoning (Wang et al., 2024). For instance, con-
necting “The algorithm optimiz-" with “-es the loss
function” relies less on ambiguous visual cuts than
on syntactic expectation. Consequently, this task
serves as a rigorous probe for evaluating whether
MLLMs can leverage internal language priors to
maintain coherence across visual discontinuities.

To systematically evaluate this, we propose
SHREDBENCH, a benchmark characterized by
three key dimensions: (1) Multi-Granularity Com-
plexity. We partition images into 8, 12, and 16
fragments. This hierarchy enables the analysis of
how visual entropy correlates with performance
degradation. (2) Diverse Scenarios. Comprising
756 documents, our dataset spans English and Chi-
nese text, source code (strict syntax), and tables
(complex 2D structure). Tables and code are no-
tably difficult, requiring models to restore rigid
indentation and alignment—a challenge even for
specialized models (Zhang et al., 2024). (3) Exten-
sive Experiments. We evaluate state-of-the-art pro-
prietary and open-source MLLMs. Using standard
textual metrics, we establish the first quantitative
baselines to facilitate future research.

We employ NED, TEDS, BLEU, and ROUGE-
L as our primary evaluation metrics and conduct
extensive experiments across 14 representative
MLLMs, including both leading proprietary and
open-source models. The results are sobering:
While models exhibit high proficiency on intact
documents, their performance collapses under frag-
mentation. In the hardest setting (16 fragments),
the average NED reaches a high of 0.73, even the
most advanced models failing to identify correct
reading orders or hallucinating non-existent bridg-
ing text (Guan et al., 2024; Li et al., 2023b). Our
study reveals that current MLLMs struggle to ef-
fectively align visual positional embeddings with
semantic continuity, often treating fragments as in-
dependent entities rather than parts of a cohesive
whole.

Our contributions are summarized as follows.
First, we introduce SHREDBENCH, the first bench-
mark specifically designed to stress-test the seman-
tic reasoning capabilities of MLLMs via document
reconstruction. Second, we design an automated
pipeline for generating shredded document bench-
marks with adjustable granularity. This enables
the synthesis of diverse samples covering English
and Chinese text, source code, and tables, thereby
presenting a comprehensive range of semantic and
structural challenges. Third, we conduct a compre-
hensive evaluation of various MLLMs, revealing
significant limitations in their ability to handle vi-
sual structural noise and maintain coherence in both
textual semantics and 2D spatial layouts.

2 Related Work

2.1 Benchmarking Multimodal Reasoning

Recent MLLM benchmarks have expanded beyond
visual perception to evaluate complex reasoning.
Representative works include MMBench (Liu et al.,
2023b) and SEED-Bench (Li et al., 2023a) for
general and generative comprehension, alongside
domain-specific benchmarks like MathVista (Lu
et al., 2024) and MME-Reasoning (Yuan, 2024)
that target mathematical and logical deduction.
However, these benchmarks largely focus on co-
herent and clean inputs, leaving models’ ability to
reason under structurally disordered or fragmented
data underexplored. In contrast, SHREDBENCH is
specifically designed to evaluate semantic recon-
struction in the presence of structural disruption,
providing a rigorous assessment of long-context
coherence under disordered inputs.

2.2 Document Parsing and Understanding

The field has evolved from modular OCR to end-
to-end MLLMs capable of holistic parsing and un-
derstanding. In document parsing, models like
Nougat (Blecher et al., 2023) reconstruct papers
into markup, while TextMonkey (Liu et al., 2024)
and Vary (Wei et al., 2023) handle dense text
and layout reconstruction. For document under-
standing, proprietary models such as GPT-5 (Ope-
nAl, 2025) and Gemini 3 Pro (Google DeepMind,
2025) show strong zero-shot reasoning, while open-
source models like LLaVA (Liu et al., 2023a),
Qwen-VL (Bai et al., 2023), and InternVL (Chen
et al., 2024) focus on high-resolution processing
and reducing hallucinations.

Comprehensive benchmarks support these
tasks: OmniDoc (Ouyang et al., 2025) and



. . . . . Capabilities
Benchmark ‘ Domain ‘ Modality ‘ Deformation ‘ Reasoning Type ‘ Granularity ‘ OCR  Reconst.
Document Parsing Benchmarks
OmniDocBench (Ouyang et al., 2025) Document | Text, Table, Formula / Structural Parsing / v X
WildDoc (Wang et al., 2025a) Scene Doc Text, Chart Shadow, Blur, Warp | Robust Perception / v X
DocPTBench (Du et al., 2025) Photo Doc Text Geom. Warp Parsing & Trans. / v X
Visual Jigsaw & Reconstruction Benchmarks
Jigsaw-Puzzles (Lyu et al., 2025) Natural Img Visual Pixels Grid Crop (2D) Spatial Arrangement Grid (2x2 to 5x5) X v
RePAIR (Tsesmelis et al., 2024) Artifacts 3D Geometry Erosion, Fragments | Geometric Matching / X v
Proposed Benchmark
ShredBench (Ours) ‘ Hybrid ‘ Text, Table, Code ‘ 3D Shredding ‘ Semantic Bridging ‘ Voronoi (8, 12, 16 pcs) ‘ v v

Table 1: Comparison of ShredBench with representative benchmarks. Domain: target data domain. Modality: input
data types. Deformation: visual or physical distortion applied to inputs. Reasoning Type: core cognitive ability
evaluated. Granularity: fragment or subunit size/layout. Capabilities: evaluated capabilities, including OCR and

implicit reconstruction reasoning.

HierText (Long et al.,, 2022) target multi-
task reconstruction and dense text percep-
tion, DocVQA (Mathew et al.,, 2021) and
ChartQA (Masry et al., 2022) assess informa-
tion extraction and logical reasoning, and Wild-
Doc (Wang et al., 2025a) evaluates MLLMs on
natural scene documents with lighting and physical
distortions, revealing robustness limitations.

However, these approaches predominantly as-
sume clear, intact inputs, ignoring scenarios where
document structure is physically disrupted. Con-
sequently, the ability of MLLMs to reason over
fragmented or shredded documents remains under-
explored. SHREDBENCH addresses this gap by
evaluating semantic reconstruction under structural
disruption, advancing research into physically im-
paired document understanding.

2.3 Visual Reconstruction

Visual reconstruction has traditionally been framed
as the Jigsaw Puzzle problem in computer vision.
In the image domain, traditional methods use edge
detection or Deep Metric Learning (Noroozi and
Favaro, 2016; Paixao et al., 2020), and neural
approaches like PairingNet (Zhou et al., 2023)
leverage graph networks and transformers for im-
proved matching. Benchmarks such as Jigsaw-
Puzzles (Lyu et al., 2025) and RePAIR (Tsesmelis
et al., 2024) assess spatial reasoning on natural im-
ages and fragmented artifacts, but focus primarily
on visual or geometric cues.

However, document reconstruction adds chal-
lenges due to sparse text and uniform backgrounds,
where visual cues are ambiguous. Semantic rea-
soning—completing truncated text or formulas—is
essential. SHREDBENCH evaluates this capability,
testing scenarios beyond the reach of purely visual
methods.

3 ShredBench Dataset

In this section, we present the construction pro-
cess of SHREDBENCH. Our pipeline consists of
three stages: content acquisition across multiple
domains, physics-based shredding simulation, and
the formulation of the reconstruction task.

3.1 Data Collection

To ensure the model’s robustness across different
semantic contexts and layouts, we constructed a di-
verse corpus comprising bilingual news, program-
ming code, and scientific tables.

News Articles. We collected high-quality jour-
nalism text to represent standard natural language
prose. For English content, we scraped articles
from China Daily via RSS feeds (covering World,
Business, and Opinion sections). For Chinese con-
tent, we sourced articles from People.com.cn (Peo-
ple’s Daily Online). To ensure content density, we
filtered articles with lengths between 800 and 2,500
characters.

Source Code. To introduce structured syntax and
indentation challenges, we utilized the GitHub API
to crawl code snippets in three major programming
languages: Python, C++, and Java. We specifically
targeted files with sizes between 1KB and 4KB and
extracted metadata (e.g., commit dates) to enrich
the dataset context.

Scientific Tables. To introduce structured data
challenges, we sourced tabular samples from the
public SWHL table recognition dataset®>. This
dataset aggregates a diverse range of table lay-
outs, including bordered and borderless styles, com-
plex headers, and spanning cells. Incorporating

2https: //huggingface.co/datasets/SWHL/table_
rec_test_dataset


https://huggingface.co/datasets/SWHL/table_rec_test_dataset
https://huggingface.co/datasets/SWHL/table_rec_test_dataset

Y¢(1) Data Collection = (2) Shredding Simulation

E News
(China Daily)

Codes

—J (Python,C++,Java)
Tables
(SWHL)

Evaluate ‘

@ Answer

[ (3) Task Formulation
Unordered, Rotated

() Voronoi Cutting
Seed Point

©) 3D Synthesis

A Cu

Figure 2: Schematic illustration of the SHREDBENCH data generation pipeline. The process consists of three
stages: (1) Data Collection from diverse sources (News, Code, Tables), (2) Shredding Simulation including Voronoi
tessellation and physics-based 3D rendering, and (3) Task Formulation where the unordered fragments serve as the

final input.

these samples ensures that SHREDBENCH rigor-
ously evaluates the model’s capacity to reconstruct
strict spatial dependencies and grid-like structures
typical in academic and financial documents.

3.2 Shredding Simulation

Standard 2D cropping preserves pixel-perfect con-
tinuity, allowing models to bypass semantic rea-
soning by exploiting trivial edge matches. To rig-
orously benchmark document understanding, we
developed a physics-based rendering pipeline that
simulates real-world artifacts, including crumpling,
shadows, and irregular edges. This approach sup-
presses visual shortcuts, ensuring that successful
reconstruction depends on interpreting the seman-

tic context.
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Figure 3: Distribution of dataset input lengths (in char-
acters). The dataset is segmented into intervals of 400
characters, showing the count of files for each category
(Code, News, Tables).

Document Rendering. First, raw text data is ren-
dered into high-resolution images (1600px width)
using a headless Chrome browser. We apply cus-
tom CSS styling (Times New Roman/SimSun fonts,

28px size) and inject random RGB noise to simu-
late paper texture.

Voronoi Cutting Algorithm. To generate real-
istic, irregular fragments, we employ a Voronoi
tessellation approach. For a given document im-
age, we randomly sample N seed points (N €
{8,12,16}) on the canvas. A k-d tree algorithm
assigns each pixel to the nearest seed point, nat-
urally forming jagged, non-rectilinear boundaries
that mimic manual shredding.

3D Physical Synthesis. The 2D fragments are
then imported into Blender for physical simula-
tion. We apply a Solidify modifier (thickness 0.002)
and distinct displacement maps: a Marble texture
for large-scale waves and a Musgrave texture for
sharp crumples. The fragments are scattered us-
ing a pixel-perfect packing algorithm to ensure no
overlap. Finally, the scene is rendered using the
Cycles engine at 4K resolution (4096 x 4096) with
global illumination, creating realistic shadowing
and spatial depth.

3.3 Quality Control

To ensure the rigorousness of SHREDBENCH, we
implemented a verification process on a random
sample of 50 documents. Two independent hu-
man annotators assessed whether the fragments
contained sufficient semantic cues for unique re-
construction. The inspection yielded a Cohen’s
Kappa (k)(Cohen, 1960) of 0.79, indicating sub-
stantial inter-annotator agreement and confirming
the objective nature of the task. Crucially, final
adjudication confirmed that 96% of the sampled
fragments (48/50) were strictly solvable, while only



a marginal fraction (4%) was deemed ambiguous
and subsequently removed. Although a minor noise
floor exists, it is statistically negligible compared to
the drastic performance collapse observed in state-
of-the-art MLLMs (avg. NED 0.73), confirming
that the reported failure stems from model reason-
ing limitations rather than data defects.

3.4 Task Formulation

We formulate the document reconstruction prob-
lem as a set-to-sequence task. Formally, let 7 =
{f1, f2,-.., fn} be a set of unordered, scattered
image fragments derived from a single source doc-
ument D. The input to the model is the visual set
7, where each fragment f; contains partial visual
information, potentially rotated and subjected to
lighting distortions.

The objective is to generate a text string T that
matches the ground-truth text content 7" of the orig-
inal document D. Unlike geometric reconstruction
tasks that require predicting the spatial coordinates
(z,y,0) of each piece, our task focuses purely on
content restoration. The model must implicitly
solve the jigsaw puzzle to recover the correct read-
ing order and utilize OCR capabilities to transcribe
the text.

4 Experimental Setup
4.1 Models Evaluated

To ensure a comprehensive evaluation across dif-
ferent architectures and capabilities, we selected a
diverse set of MLLMs, ranging from proprietary
state-of-the-art model APIs to leading open-source
model weights.

Proprietary Models: We select GPT-5 Mini and
GPT-5.1 (OpenAl, 2025) as representative base-
lines for efficiency and high-level reasoning, re-
spectively. Similarly, we evaluate Google’s Gem-
ini 3 Flash for low-latency tasks and Gemini 3
Pro (Google DeepMind, 2025) for state-of-the-art
multimodal logic.

Open-Source Models: InternVL (Chen et al.,
2024) and Qwen-VL series (Plus/Flash) (Bai et al.,
2023) serve as robust general-purpose baselines
with strong visual understanding. For special-
ized capabilities, we include GLM-4.6v (GLM
et al., 2024) for bilingual interactions, and Mistral3-
Reasoning (Team, 2025a) for transparent multi-
step logic. In the domain of document parsing, we
evaluate DeepSeek-OCR (Wu et al., 2024), which
utilizes an MoE visual encoder for high-resolution

processing, and Hunyuan-OCR (Team, 2025b),
optimized for end-to-end text spotting.

4.2 Evaluation Metrics

We employ three standard metrics to quantitatively
evaluate the similarity between the generated text
and the ground truth. Let Y denote the ground
truth (reference) text and Y denote the generated
text (hypothesis).

NED and TEDS: We employ Normalized Edit
Distance (NED) (Levenshtein, 1965) for general
text similarity. It normalizes the Levenshtein dis-
tance (Lev) between prediction Y and ground truth
Y: .
Lev(Y)Y)

max(| Y[, [Y])
A lower NED implies higher similarity. For ta-
bles, we use Tree-Edit-Distance-based Similarity
(TEDS) (Zhong et al., 2020), which models content
as trees (e.g., HTML DOM) to assess both structure
and accuracy:

NED(Y,Y) = (1

TED(T,T)

TEDS(T,T)=1—- ————"_
max(|T], |T')

(2)
where TED(-) is the tree edit distance; higher
scores indicate better reconstruction.

BLEU (Bilingual Evaluation Understudy):
Proposed by Papineni et al. (2002), BLEU cal-
culates the geometric mean of n-gram precision,
penalized for brevity:

N
BLEU = BP - exp (Z wy, log pn> (3)

n=1

where p,, is n-gram precision and w,, are weights.
The Brevity Penalty (B P) accounts for generation
length bias:

1 ife>r
BP = ’ 4
{e(l_r/c) ifc <, @)

with ¢ and r denoting generated and reference
lengths, respectively.

ROUGE-L: We use ROUGE-L (Lin, 2004) to
capture sentence-level structure via the Longest
Common Subsequence (LCS). Precision (Pj.,) and
recall (Ry.s) are defined as:

LCS(Y,Y) _ LCS(Y,Y) )

Ry.s = =
lcs ‘Y‘ ) les ‘Y’



Model l

8 Fragments

| 12 Fragments

16 Fragments

| NEDJ BLEUT ROUGET | NED, BLEUT ROUGE? | NED] BLEUT ROUGE?T

Open-source Models

InternVL3.5-8B 0.78 0.07 0.24 0.79 0.05 0.21 0.78 0.05 0.21
InternVL3.5-14B 0.76 0.08 0.26 0.77 0.07 0.24 0.78 0.07 0.23
InternVL3.5-38B 0.74 0.10 0.28 0.75 0.08 0.26 0.76 0.08 0.24
Mistral3-Reas-8B 0.77 0.09 0.28 0.79 0.06 0.23 0.79 0.06 0.24
Mistral3-Reas-14B | 0.76 0.10 0.30 0.77 0.09 0.28 0.77 0.08 0.27
DeepSeek-OCR 0.86 0.02 0.12 0.87 0.01 0.09 0.87 0.01 0.10
Hunyuan-OCR 0.88 0.01 0.15 0.88 0.01 0.14 0.89 0.00 0.12
GLM-4.6v 0.67 0.20 0.45 0.70 0.17 0.40 0.71 0.15 0.37
Qwen-VL-Flash 0.59 0.26 0.58 0.63 0.22 0.54 0.65 0.19 0.50
Qwen-VL-Plus 0.59 0.26 0.58 0.63 0.22 0.53 0.73 0.20 0.50
Proprietary Models
GPT-5 Mini 0.86 0.06 0.27 0.84 0.04 0.26 0.84 0.05 0.25
GPT-5.1 0.77 0.07 0.28 0.81 0.05 0.22 0.82 0.04 0.21
Gemini 3 Flash 0.34 0.47 0.82 0.40 0.44 0.77 0.44 0.41 0.74
Gemini 3 Pro 0.33 0.51 0.83 0.37 0.48 0.81 0.41 0.44 0.76

Table 2: Overall Performance Summary. Aggregated results across all categories. The metrics are split into separate
columns for clarity: NED ({), BLEU (1), and ROUGE (7). Gemini 3 Pro shows consistent superiority across all

settings.

The final score is the weighted F-measure of these
components:

(1 + ﬁQ)Rlcsf)lcs
Rlcs + ﬁ2Plcs

where [ controls the relative importance of preci-
sion versus recall.

ROUGE - L =

(6)

4.3 Performance Analysis

In this section, we conduct a multi-dimensional
analysis of reconstruction performance. Our evalu-
ation is structured into four key aspects: (1) Natu-
ral Language, covering general prose; (2) Source
Code, focusing on syntactic logic; (3) Structured
Data, assessing tabular processing; and (4) Gran-
ularity Impact, analyzing performance degrada-
tion as fragment counts increase. Table 2 sum-
marizes the overall performance across all cate-
gories. Gemini 3 Pro demonstrates the strongest
resilience, achieving the lowest NED (0.33) and
highest ROUGE (0.83) scores at the 8-fragment
level, consistently outperforming other proprietary
and open-source models.

Natural Language (Table 3). We observe a
marked performance disparity between languages,
with models consistently scoring lower on Chinese
News compared to English. This divergence stems
partially from the high information density of Chi-
nese logograms: unlike Latin scripts where redun-
dancy is distributed across multi-letter words, a
physical tear through a single Chinese character
often obliterates its semantic identity, creating a
harder reconstruction task. Furthermore, this nu-
merical gap is amplified by metric sensitivity. Since

metrics like BLEU and ROUGE rely on exact n-
gram matching, the lack of explicit delimiters in
Chinese means that even minor reconstruction er-
rors can disrupt word segmentation boundaries, dis-
proportionately penalizing the scores compared to
English.

Source Code (Table 4). Results reveal a per-
formance hierarchy driven by syntax. Averaged
across all models and fragment settings (N €
{8,12,16}), explicitly structured languages like
Java (Avg. NED 0.59) and C++ (0.62) outperform
Python (0.68). We attribute this to syntactic redun-
dancy: explicit delimiters (curly braces ‘{ }‘, semi-
colons) act as visual anchors for alignment. Con-
versely, Python’s whitespace dependence proves
challenging as shredding disrupts spatial layout.
Lacking explicit closures, models struggle to infer
indentation and maintain logical scope, resulting in
higher structural error rates.

Structured Data (Table 5). Table reconstruction
presents a unique anomaly. While Gemini 3 Pro
leads in text and code, Gemini 3 Flash significantly
outperforms it on tabular data (NED 0.49 vs. 0.59).
We suspect Flash’s architecture might be more op-
timized for preserving rigid 2D spatial structures,
whereas Pro prioritizes semantic flow, which can
sometimes be detrimental when “reading” a non-
linear table.

4.4 TImpact of Granularity

We analyze the rate of performance decay as frag-
mentation increases (N = 8 — 16). As shown in
Table 2, performance degrades linearly for most



Model English News Chinese News
N=8 N =12 N =16 N=8 N =12 N =16
Open-source Models
InternVL3.5-8B 0.75/0.07/0.18  0.77/0.06/0.18  0.77/0.04/0.15 | 091/0.01/030 0.92/0.02/0.22  0.91/0.02/0.21
InternVL3.5-14B 0.73/0.11/022  0.73/0.11/0.25 0.75/0.06/0.19 | 092/0.01/0.26  0.92/0.01/020  0.93/0.01/0.22
InternVL3.5-38B 0.70/0.14/0.27  0.71/0.13/025  0.74/0.07/020 | 0.92/0.01/024  0.92/0.01/0.20 0.92/0.01/0.19
Mistral3-Reas-8B 0.70/0.14/030  0.71/0.11/0.25 0.72/0.08/0.22 | 0.94/0.04/023  0.95/0.02/0.16  0.96/0.02/0.17
Mistral3-Reas-14B | 0.69/0.17/0.29  0.71/0.16/0.28  0.71/0.13/0.25 | 0.93/0.05/026  0.94/0.03/0.24  0.94/0.03/0.25
DeepSeek-OCR 0.80/0.03/0.13  0.82/0.02/0.12  0.83/0.01/0.10 | 0.95/0.00/0.13  0.95/0.01/0.10  0.95/0.01/0.13
Hunyuan-OCR 0.88/0.02/0.08 0.85/0.02/0.08 0.88/0.01/0.07 | 0.92/0.01/0.27 0.94/0.01/0.23  0.94/0.00/0.24
GLM-4.6v 0.66/0.31/038 0.70/0.27/0.34 0.70/0.21/0.30 | 0.86/0.03/0.47 0.86/0.03/0.41  0.88/0.03/0.35
Proprietary Models
Qwen-VL-Flash 0.58/0.40/049  0.63/0.35/043 0.65/0.27/0.37 | 0.76/0.09/0.63  0.82/0.07/0.57  0.83/0.06/0.54
Qwen-VL-Plus 0.59/041/047 0.63/035/043  0.65/0.28/0.38 | 0.77/0.08/0.63  0.79/0.08/0.58  0.84/0.06/0.56
GPT-5 Mini 0.82/0.04/023 0.82/0.04/024 0.86/0.01/0.16 | 0.97/0.04/030 0.97/0.03/029  0.98/0.03/0.27
GPT-5.1 0.74/0.09/022  0.73/0.08/0.23  0.80/0.03/0.15 | 0.94/0.06/032 0.96/0.03/024  0.96/0.03/0.25
Gemini 3 Flash 020/0.81/085 0.31/0.75/0.76  0.41/0.67/0.67 | 0.59/0.11/0.75 0.68/0.10/0.70  0.74/0.09/0.68
Gemini 3 Pro 0.16/0.87/090 0.25/0.79/0.82 0.35/0.70/0.73 | 0.47/0.14/0.84 0.57/0.12/0.81 0.60/0.10/0.76

Table 3: Natural Language Reconstruction. Comparison on English and Chinese News. Format: NED ({) / BLEU
(1) / ROUGE (7). Models are grouped by availability (Open-source vs. Proprietary).

Model C++ Java Python
N =38 N =12 N =16 N =38 N =12 N =16 N =38 N =12 N =16
Open-source Models
InternVL3.5-8B 67/.15/.34  74/.10/.29  70/.11/.27 | 67/.17/.37 .67/.13/.35  .66/.14/.36 | .76/.07/.24  .76/.05/.22 7371.07/ .26
InternVL3.5-14B .63/.18/.40  .69/.11/.32  .68/.13/.32 | .63/.17/.41  .65/.15/.39  .65/.16/.38 | .73/.07/.26  .76/.05/.24 73/.09/.30
InternVL3.5-38B .61/.20/.43  .65/.15/.38  .65/.18/.36 | .60/.21/.46  .61/.18/.41 62/.20/.43 | 72/.11/7.29  73/.07/.29 73/.08/.30
Mistral3-Reas-8B J1/.2/.31 75/.06/.25  75/.07/.24 | 64/.18/.42  .66/.14/.36  .66/.15/.39 | .75/.08/.31 .76/.05/.27 74/.07/.28
Mistral3-Reas-14B | .69/.14/.35  .69/.12/.33  71/.10/.28 | .60/.21/.47  .64/.17/.41  .62/.17/.44 | 71/.09/.32  .73/.08/.30 72/.09/.33
DeepSeek-OCR .82/.03/.14  .83/.02/.11  .84/.02/.10 | 81/.05/.17 .85/.02/.10  .83/.03/.11 | 86/.01/.09  .87/.01/.06 .86/.01/.09
Hunyuan-OCR .87/.03/.06 91/.00/.02 91/.00/.02 | 91/.00/.03 .90/.00/.02 .91/.00/.03 | 89/.01/.07 91/.01/.04 91/.00/.04
GLM-4.6v 51/.37/.61  .56/.31/.54  58/.26/.50 | 45/.44/.67 51/.37/.64 .51/.36/.61 | 63/.20/.48 .65/.14/.44 65/.16/ .43
Proprietary Models
Qwen-VL-Flash A7/1.43/.66  48/.37/.62  .54/.31/.54 | 42/.48/.74  48/.45/.68  55/.41/.63 | 57/.32/.55 .56/.25/.55 .60/.22/.51
Qwen-VL-Plus A47/.43/.66  .53/.35/.59  .55/.33/.55 | 42/.49/.73  47/.45/.70  .53/.44/.65 | 59/.31/.56 .58/.25/.54 1.18/.20/.48
GPT-5 Mini 74/.13/.30  .74/.09/.25  78/.08/.21 | .75/.15/.38 .79/.08/.29  .74/.13/.36 | .98/.04/.19  .80/.04/.23 75/.08/.28
GPT-5.1 .69/.14/.29 .76/.05/.21 .76/.06/.21 | .63/.14/.37 .71/.07/.26  .70/.10/.30 | .76/.05/.16  .77/.05/.18 78/.05/.22
Gemini 3 Flash 21/.73/91  23/.68/.89 29/.66/.85 | 20/.78/.92 .21/.78/.91  23/.71/.89 | 23/.68/.86 .32/.61/.79 .30/.58/.80
Gemini 3 Pro 20/.78/.92  21/.76/.90 .25/.74/.88 | .18/.84/.93 .19/.81/.92 .22/.77/.90 | 20/.72/.88 .19/.70/.88 25/.64/.85

*Leading zeros (e.g., 0.74) are omitted in this table for space efficiency.

Table 4: Source Code Reconstruction Breakdown. Detailed metrics for C++, Java, and Python.

Format: NED (),

BLEU (1), and ROUGE (7). Open-source and Proprietary models are separated.

Category: Structured Table Data (Not Text/Code)

Model | N =38 N =12 N =16
Open-source Models

InternVL3.5-8B 0.85/0.06/0.10  0.83/0.07/0.09  0.84/0.03/0.09

InternVL3.5-14B 0.82/0.03/0.12  0.82/0.04/0.11  0.84/0.02/0.09

InternVL3.5-38B
Mistral3-Reas-8B
Mistral3-Reas-14B
DeepSeek-OCR
Hunyuan-OCR
GLM-4.6v

0.80/0.06/0.12
0.82/0.05/0.20
0.83/0.03/0.19
0.87/0.01/0.07
0.80/0.09/0.30
0.7570.04/0.23

0.79/0.05/0.12
0.84/0.03/0.16
0.84/0.05/0.18
0.85/0.00/0.06
0.81/0.04/0.30
0.79/0.04/0.19

0.79/0.05/0.11
0.83/0.05/0.19
0.84/0.03/0.16
0.86/0.01/0.06
0.83/0.03/0.22
0.82/0.05/0.16

Proprietary Models

Qwen-VL-Flash
Qwen-VL-Plus

0.62/0.15/0.49
0.61/0.17/0.51

0.66/0.12/0.44
0.68/0.12/0.44

0.63/0.12/0.48
0.67/0.10/0.43

GPT-5 Mini 0.84/0.06/025 0.85/0.06/0.24  0.85/0.05/0.24
GPT-5.1 0.80/0.10/0.30  0.84/0.06/0.22  0.87/0.04/0.18
Gemini 3 Flash 0.49/0.23/0.69 0.49/0.22/0.68  0.49/0.22/0.68
Gemini 3 Pro 0.59/0.20/0.63  0.58/0.22/0.63  0.61/0.19/0.57

Table 5: Structured Data Reconstruction. Evaluation on
tabular data. Format: NED ({) / TEDS (1) / ROUGE

2

models. However, stronger models exhibit a “flat-
ter” decay curve. For instance, while Qwen-VL-
Plus sees a significant NED increase (+0.14) when
moving from 8 to 16 fragments, Gemini 3 Pro is
remarkably stable, with NED increasing by only
0.08. This suggests that advanced reasoning mod-
els can maintain global coherence even when the
local visual context is severely partitioned.

5 Qualitative Analysis

To understand the cognitive processes underlying
reconstruction, we examine specific success and
failure modes visualized in our case studies.

5.1 Success Cases: Visual Semantic Bridging

Figure 4 illustrates a successful reconstruction of a
news article by Gemini 3 Pro. The model demon-
strates two key capabilities. First, regarding visual
closure (green highlights), the model successfully
recovers words that are physically bisected by cuts.
For example, the word “school” was split across
two separate shards. The model did not merely
OCR the fragments as “sch” and “ool”; instead, it
synthesized the disjointed visual cues to recover the
complete token “school”. This indicates the model
is performing multimodal bridging—using visual
edge continuity to inform semantic prediction. Sec-
ond, regarding layout sensitivity (red highlight),
the model is highly sensitive to physical gaps. In
one instance, a horizontal gap between fragments
was misinterpreted as a paragraph break (“When
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Reference News Article 14
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ate: 2025-12-21

An NGO helped an epileptic boy from eastern China
realize his dream to ride a race car on an
international circuit on Monday.

Yang Tao, 14, from Nantong, Jiangsu province, has had
convulsions almost every four days since he was born
and has to wear a helmet at all times to protect
against head injuries.

He dropped out of school in the third grade of
primary [school and seldom plays with other children,
usually staying at home.

Yet he has loved cars since he was little and long

dreamed of racing
[whenworkers at Childream, an NGO based in Hangzhou,

learned about his ambition, they spent three|months |
arranging for him to take a spin round Zhejiang
Circuit in Shaoxing, Zhejiang province.

After some professional training on Monday morning,
Yang rode in a car once driven by| racing driver Jiang
Tengyi and best-selling author and rally driver Han
Han, traveling at speeds of up to 210 km/h.

Key Points
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ian, traveling at speeds of up to 210 km/h

Wdren who are critically ill,

[ Minor Layout Deviation

i

spiritual support.”

"I felt like I was flying," Yang said afterward.
Xu Wenjun from Childream said, "Many NGOs offer
financial aid to help children who are critically ill,
but we feel it is equally important to give them

[ ] Accurate Reconstruction

Figure 4: Good Case Study. The red rectangle highlights a minor layout inconsistency where the model interpreted
a horizontal gap between fragments as a paragraph boundary (over-segmentation), despite the semantic continuity.
The green rectangle demonstrates the model’s robustness to physical fragmentation. Even though the characters are
physically bisected, the model accurately synthesizes the disjointed visual cues to recover the complete word.

Main Difference
Ground Truth
Shred Sample

Preference

Preference

ror: Missing content

Figure 5: Bad Case Study. An example of code reconstruction failure. The pink arrow indicates an ordering error,
where lines of code were structurally recognized but placed in the wrong logical sequence due to ambiguous visual
cues. The orange box highlights content loss, where a narrow strip containing code (e.g., unsigned int) was

completely omitted, likely treated as visual noise.

workers...”), leading to a minor layout deviation
(over-segmentation) despite the text being semanti-
cally continuous.

5.2 Failure Analysis: Where do MLLMs fail?

Despite high aggregate scores, models struggle
with global logic in complex documents, as seen in
the code reconstruction example in Figure 5.
Regarding ordering error (pink highlight), the
most common error in code is logical misalignment.
The model correctly identified the text of lines
22 and 23 but swapped their order. Unlike prose,
where semantic flow dictates order, code often con-
sists of independent statements whose order is de-
termined solely by algorithm logic, which is harder
for the model to infer from visual shards alone.
As for content loss (orange highlight), we observe
instances of “Hallucinated Deletion,” where the
model omits an entire line of code (e.g., line 43
‘unsigned int). This tends to happen with small,

narrow strips of paper that contain only one line of
text; the model may treat these isolated shards as
visual noise or fail to integrate them into the larger
context.

6 Conclusion

In this work, we introduced SHREDBENCH, a novel
benchmark for evaluating the document reconstruc-
tion capabilities of Multimodal LLMs. Our experi-
ments across 756 documents and various modali-
ties reveal that reconstruction is not merely a visual
matching task but a complex reasoning challenge
requiring the integration of visual cues (edge conti-
nuity) and semantic priors (language modeling).

We find that Gemini 3 Pro establishes a new
state-of-the-art, demonstrating superior resilience
to fragmentation. However, significant challenges
remain, particularly in strictly structured data (Ta-
bles), where even top models struggle to align dis-
jointed cells.



Limitations

Our study operates under specific controlled con-
straints. First, regarding regular cuts, we employ
rectilinear grid cuts in our dataset, whereas real-
world document destruction often involves irregu-
lar tearing or cross-cut shredding mechanics. Sec-
ond, regarding our 2D assumption, we assume all
fragments are flat and fully visible, currently ab-
stracting away 3D physical complexities such as
crumpling, folding, or occlusion between overlap-
ping pieces. Third, regarding digital synthesis,
while our “ShredBench” pipeline mimics phys-
ical fragmentation, domain shifts introduced by
real-world environmental factors—such as variable
lighting conditions and paper textures—remain an
area for future exploration.
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