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Abstract

In the LLM era, many symbolic and structured
problems are presented to models through 1D
text serialization. Yet some problems are na-
tively two-dimensional: relations such as row–
column correspondence or spatial adjacency
are defined by position in a 2D layout rather
than by sequential order. This raises a repre-
sentational question: does preserving the same
symbolic entries in a 1D sequence also preserve
the relational structure needed for computation?
We study this issue through the lens of serial-
ization friction: the representational mismatch
in which the same underlying task instances
and entries are still present, but relations that
depend on layout become implicit under 1D
serialization. The study uses a controlled syn-
thetic testbed of three tasks: matrix transpose,
Conway’s Game of Life, and LU decomposi-
tion. The same instances are presented either as
1D text serialization or as their native 2D lay-
out rendered as an image. Across this testbed,
1D serialization degrades more sharply as task
size grows, and errors under serialization ex-
hibit spatially structured patterns, suggesting
that this presentation choice is consequential
within our testbed. To further interpret these
results, we add supplementary analyses that in-
clude a within-visual probe and an additional
comparison of the two input presentations un-
der the mixed-training transpose setting. These
findings suggest that, for layout-defined tasks,
reducing inputs to 1D serialization is not a neu-
tral choice of representation.

1 Introduction

Large language models (LLMs) have achieved
remarkable progress on text-based reasoning
tasks (Brown et al., 2020), yet their textual interface
still exposes inputs through a 1D token sequence
representation (Vaswani et al., 2017). This inter-
face fits ordinary text, but some structured tasks or-
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ganize their relevant relations in 2D layouts rather
than linguistic sequences. When such tasks are seri-
alized into text, their symbolic content may remain
present, but their positional and spatial relations
become less directly expressed. This raises our
central question: for tasks whose relevant structure
is naturally expressed in a 2D layout, is serializing
them into 1D text a neutral interface choice?

We use serialization friction to describe the rep-
resentational mismatch that can arise when a task
with native 2D structure is expressed through 1D
text serialization. By structured 2D tasks, we mean
problems whose native representation is a two-
dimensional layout, where task-relevant relations
such as row––column correspondence or spatial
adjacency are defined by position rather than by se-
quential order. The issue is not necessarily that the
symbolic content is removed: a serialized matrix
or grid can still contain the same entries as its 2D
counterpart. Rather, task-relevant relations that are
explicit in the original layout, such as column align-
ment or spatial adjacency, become implicit under
textual serialization and are no longer presented in
their native layout form.

This question is related to, but distinct from,
prior work on tables, documents, and layout-aware
modeling (Herzig et al., 2020; Huang et al., 2022;
Lee et al., 2023; Sui et al., 2024; Fatemi et al.,
2024; Yin et al., 2025; Dantart and Kóvacs-Navarro,
2026). Existing studies have shown that layout can
be useful for particular data formats and applica-
tions, such as table understanding, document pars-
ing, and visually grounded text processing (Wei
et al., 2025; Cheng et al., 2026; Zhao et al., 2025).
Our focus is different. We ask whether the common
LLM-era reduction of a layout-defined symbolic
instance to a 1D text sequence is itself a neutral
interface choice. In other words, the object of study
is not a new table or document benchmark, but the
broader assumption that text-serializable structure
can be safely treated as sequential text.
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To examine this assumption, we construct a con-
trolled synthetic testbed of three tasks that serve as
witnesses rather than end applications: matrix trans-
pose, Conway’s Game of Life (Gardner, 1970), and
LU decomposition. These tasks are intentionally
simple and programmatically generated, because
their role is to isolate the representational ques-
tion under exact supervision and evaluation. They
expose three distinct forms of layout-defined com-
putation: row––column alignment in matrix trans-
pose, local spatial adjacency in Conway’s Game of
Life, and sustained row––column structure across
dependent operations in LU decomposition. We
do not claim that these tasks represent all text-
expressible problems, nor that 2D representations
are generally superior to text. Instead, they provide
controlled evidence for a claim: there exist text-
serializable tasks for which reducing the input to a
1D sequence is not representation-neutral.

Across this testbed, we observe a consistent
empirical pattern. When the same problem in-
stances are flattened into 1D text, performance of-
ten degrades more sharply as task size grows, even
though the symbolic entries are preserved. This
degradation is not random: errors under serializa-
tion show spatial patterns tied to the structure of
each task. This pattern is notable because recent
work has found that multimodal models can strug-
gle when text is merely visualized as pixels rather
than provided directly as text (Sun et al., 2026; Liu
et al., 2026). To distinguish 2D layout from image
input alone, we further include a limited within-
visual comparison in which the same 1D serialized
string is rendered as an image. In this probe, the dis-
rupted visual representation performs worse than
the native 2D image layout, suggesting that render-
ing a 1D serialization as an image does not recover
the performance of the native 2D representation.
Taken together, these results are consistent with
the serialization friction lens and suggest that tasks
whose relevant relations are defined by 2D layout
may warrant reconsideration when automatically
reduced to 1D text serialization.

In summary, our contributions are as follows:

• We formulate serialization friction as a
representation-level lens for text-serializable
but layout-defined symbolic tasks, where en-
tries remain present under 1D serialization,
but task-relevant relations become implicit.

• We build a controlled testbed of three tasks
with native 2D structure: matrix transpose,

Conway’s Game of Life, and LU decomposi-
tion. The testbed lets us compare two practi-
cal ways of presenting the same underlying
instances: flattening them into serialized text
and preserving their native 2D layout as im-
ages.

• We provide diagnostic evidence that, for
tasks in this class, 1D serialization is not a
representation-neutral default. Serialization
friction is not all-or-nothing: text formats
that expose more row––column structure can
partially mitigate the effect, although perfor-
mance still degrades sharply at larger unseen
dimensions. Across the testbed, serialization
is also associated with task-structured error
patterns that reflect the underlying 2D rela-
tions.

2 Related Work

Visual-Text Compression for Context Scaling.
A recent alternative to token-based long-context
scaling is visual-text compression, which renders
long sequences into images and relies on a vision
encoder to produce a compact representation for
downstream decoding. Glyph exemplifies this di-
rection by treating long-context modeling as a mul-
timodal problem and showing substantial compres-
sion while maintaining accuracy on long-context
benchmarks, without requiring task-specific fine-
tuning for each downstream use case (Cheng et al.,
2026). DeepSeek-OCR similarly studies optical 2D
mapping as a compression mechanism and demon-
strates that high compression ratios can still pre-
serve strong decoding accuracy, reinforcing that
vision token budgets can be traded against text
length in a controllable way (Wei et al., 2025). In
our work, rendered inputs serve as an operational
probe for preserving native 2D structure.

Layout-Aware Modeling and 2D Inductive Bi-
ases. Prior work in Document AI and structured
input modeling suggests that preserving 2D struc-
ture can improve understanding by making align-
ment, locality, and grouping explicit. Work on
table understanding highlights the importance of
representation for row–column structure (Herzig
et al., 2020; Wang et al., 2021; Yin et al., 2020;
Sui et al., 2024), while layout-aware and OCR-
free approaches such as LayoutLMv3, Donut, and
Pix2Struct further show the value of exploiting
page structure end to end (Huang et al., 2022; Kim

31679



et al., 2022; Lee et al., 2023). Related work also
suggests that explicit visual structure and serializa-
tion choices can affect reasoning over structured
inputs, including in vision-language and graph set-
tings (Izadi et al., 2025; Wei et al., 2024; Fatemi
et al., 2024; Yin et al., 2025). Our setting differs
in goal: rather than optimizing for document or
table understanding, we use controlled structured
tasks to examine what happens to originally 2D
problems when they are presented through 1D text
serialization.

3 Concept

In this section, we first define serialization friction,
the representational mismatch that can arise when
inherently 2D tasks are flattened into sequential
form, and then describe the testbed through which
we examine what happens to tasks with explicit 2D
structure when they are presented through 1D text
serialization.

3.1 Serialization Friction in Structured 2D
Tasks

Concretely, serialization friction arises from a struc-
tural property of the text interface itself: common
textual serializations reduce a layout-defined input
to a 1D token sequence, making layout-dependent
relations implicit in sequential position, delimiters,
and tokenized content. This framing motivates the
central comparison of our study: comparing tex-
tual serialization with a visual representation that
preserves the native 2D layout on tasks where task-
relevant structure is part of the computation.

3.2 Representation Comparison Setup
We instantiate this comparison as a system-level
contrast between two practical input pathways, se-
rialized 1D text and the native 2D layout rendered
as an image, applied to the same family of tasks
with explicit 2D structure. For brevity, we refer to
these as the text condition and the visual condition
throughout. The aim of this setup is not to account
for every difference between the two conditions,
but to focus on the presentation choice: we there-
fore hold fixed the underlying task instances, task
definitions, prompts, train/eval splits, and evalua-
tion criteria across both conditions.

3.2.1 Input Representations
We compare two ways of presenting the same un-
derlying structured problem. In the textual rep-
resentation, the input is serialized into a one-

dimensional token sequence. Specifically, we se-
rialize matrices and grids in row-major nested-
bracket notation, e.g., a 2 × 2 matrix with rows
[−1, 3] and [2,−4] is represented as [[-1, 3],
[2, -4]]. In the visual representation, the same
structured content is rendered in its original two-
dimensional layout.

To instantiate this comparison, we use GLM-
4-9B-0414 (GLM et al., 2024) for the text con-
dition and Glyph (Cheng et al., 2026) for the vi-
sual condition. Glyph is a visual-text compression
method for long-context understanding, which con-
nects GLM with a vision encoder. This makes the
GLM/Glyph pair a comparatively close match for
studying how behavior changes across the two in-
put forms. Concretely, GLM receives serialized
text directly, whereas Glyph receives rendered 2D
inputs through its visual front end.

Because the textual and visual pathways use dif-
ferent input processors, their token counts are not
directly commensurate. We nevertheless report
input-token counts to characterize the scale of the
two representations. Using matrix transpose and
Conway’s Game of Life as representative matrix-
and grid-structured tasks, respectively, the visual
condition uses approximately 2.5–4.4× as many
input tokens as the corresponding text condition.
In these experiments, the visual pathway uses sub-
stantially more input tokens than the text pathway,
so the observed differences cannot be attributed to
a shorter visual representation. The text condition
may still be affected by increasing sequence length
or positional demands as the serialized inputs grow,
which is consistent with the broader notion of se-
rialization friction. Detailed token statistics are
provided in Table 1 in Appendix A.3.

3.2.2 Task Suite

We study three tasks whose computation depends
on explicit 2D structure: matrix transpose, Con-
way’s Game of Life (Gardner, 1970), and LU de-
composition. Full task definitions are provided in
Appendix A.2.

Matrix Transpose. This setting is governed by
explicit row–column correspondence in a 2D lay-
out. The required transformation preserves all
values and rearranges them solely according to
the transposed structure, without introducing ad-
ditional arithmetic or rule execution. It lets us ex-
amine whether 1D serialization is consequential
for a task whose output follows directly from row–
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2D layout 
(e.g. matrix)

Matrix Transpose Conway’s Game of Life LU Decomposition

1D serialization 
(e.g. string) 

-4 5 -9

8 -4 16

20 -25 37

1 2 3 4

5 6 7 8

721 -845 936 -214

418 -776 653 123

-671 958 -512 347

-735 981 -463 528

721 418 -671 -735

-845 -776 958 981

936 653 -512 -463

-214 123 347 528

Simple rule based Complex multiple rules based

1 0 0

-2 1 0

-5 0 1

-4 5 -9

0 6 -2

0 0 -8

Multi-step algorithmic problem solving

[[ 1 , 2, 3, 4], [ 5 , 6, 7, 8]]

a. Illustration of 1D serialization and 2D layout

b. Illustration of tasks

Figure 1: a. Illustration of serialization friction. In a 2D layout, structural relations such as column alignment
are explicit; under 1D serialization, the same relations are no longer explicitly encoded, but become implicit
in sequential position and delimiters. b. Illustration of the three tasks used in our study: (i) matrix transpose,
(ii) Conway’s Game of Life, and (iii) LU decomposition. Details of the actual rendered inputs are provided in
Appendix A.1.

column correspondence.

Conway’s Game of Life. Here, correctness is
determined by local neighborhood interaction on
a 2D grid. The next state is produced by applying
the same update rule to each cell based on its sur-
rounding neighbors, so the relevant structure lies
in spatial adjacency rather than row–column align-
ment alone. This task remains a one-step structure-
driven prediction problem: the output is determined
directly from the current grid configuration rather
than through a sequence of dependent intermedi-
ate transformations. It lets us probe whether the
same qualitative difference appears for rule-based
computation over local 2D structure.

LU Decomposition. In this setting, the relevant
structure must be maintained across a sequence
of dependent row–column operations. Producing a
valid factorization requires the matrix to be progres-
sively transformed while preserving relationships
that constrain later steps of the computation. It
lets us test whether the representation difference
remains visible when 2D structure stays relevant
throughout a sustained transformation process.

The first two tasks probe whether 1D serializa-
tion is consequential when the target transforma-
tion is directly tied to spatial alignment or local
neighborhood interaction. LU decomposition in-
stead examines a different role of structure, where
relevant row–column relationships must be main-
tained and reused across a sequence of dependent

operations.
Evaluation is task-specific but shared across the

two conditions within each task. For matrix trans-
pose and Conway’s Game of Life, predictions are
evaluated against the ground truth. For LU decom-
position, correctness is determined by whether the
predicted lower and upper triangular factors satisfy
the required structural constraints and can recon-
struct the original matrix. Full dataset construction
details, hyperparameter settings, and implementa-
tion specifics are provided in Appendix A.3.

3.2.3 Instantiation Overview
To support a controlled comparison, all tasks are
instantiated from synthetic datasets with program-
matically generated inputs and outputs. This design
lets us vary task dimensions systematically, gener-
ate exact supervision targets, and ensure that the
textual and visual conditions are derived from the
same underlying task instances.

We use different training paradigms according
to the natural supervision signal of each task. For
matrix transpose and Conway’s Game of Life, we
adopt supervised fine-tuning, since both tasks ad-
mit direct target outputs and primarily serve to test
whether the two conditions behave differently un-
der matched explicit supervision. For LU decom-
position, we instead use reinforcement learning
with verifiable reward, following recent work show-
ing that outcome-verified optimization can effec-
tively induce reasoning improvements in domains
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Figure 2: Accuracy on the matrix transpose task. (a)
Each model is trained and evaluated on the same matrix
size. (b) Both models are trained on a mixed dataset of
12× 12, 14× 14, and 16× 16 matrices and evaluated
across sizes.

with objective correctness checks (DeepSeek-AI
et al., 2025). Multiple valid intermediate tra-
jectories may lead to a correct decomposition,
and success depends on maintaining consistency
across a sequence of dependent elimination steps.
RLVR is therefore a natural fit for optimizing the
task’s outcome-level correctness criterion in this
setting (Yang et al., 2025; Shao et al., 2024; Yu
et al., 2025). Because the optimization paradigm
differs across tasks, we compare conditions within
each task rather than treating absolute accuracies
across tasks as directly comparable.

4 Results

We report results for the three tasks in turn under
the comparison setup introduced in Section 3.2.
Across this testbed, we examine how the text and
visual conditions compare on tasks with explicit
2D structure.

4.1 Matrix Transpose

Matrix transpose is the most direct task in our
testbed, since correctness is determined directly by
row–column correspondence in the input layout.

In the matched train/eval setting (Figure 2a), the
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Figure 3: Accuracy on Conway’s Game of Life task. (a)
Each model is trained and evaluated on the same grid
size. (b) Both models are trained on a mixed dataset of
4× 4, 5× 5, and 6× 6 grids and evaluated across sizes.

text and visual conditions already show clearly dif-
ferent trends. Exact-match accuracy under the text
condition drops from 92.7% at 12× 12 to 0.8% at
20× 20, while the visual condition remains above
90% across the tested dimensions, decreasing only
to 90.8% at 20× 20.

The mixed-training setting (Figure 2b) shows
the same pattern more clearly. Within the training
range, the visual condition remains near-perfect
(99.9%, 99.3%, and 95.4%), whereas exact-match
accuracy under the text condition is lower at the
same sizes (87.8%, 84.5%, and 56.7%). As evalua-
tion moves beyond the training range, larger unseen
sizes become challenging for both conditions. Un-
der the text condition, exact-match accuracy falls
to 4.1% at 18× 18 and 0% at 20× 20, indicating
strong sensitivity to dimension extrapolation in this
setting. Although larger unseen sizes remain chal-
lenging, this pattern provides preliminary empirical
support that presentation choice can affect how the
task scales with dimension. We additionally assess
the paired differences in this setting using exact
McNemar tests; detailed results are reported in Ap-
pendix A.4.
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Figure 4: Accuracy on LU decomposition across training and evaluation dimensions. The label above each panel
indicates the training setting, with mixed denoting training on a mixture of 3× 3, 4× 4, and 5× 5 matrices. The
x-axis shows the evaluation matrix dimension.

4.2 Conway’s Game of Life

Conway’s Game of Life shifts the structural de-
pendency from row––column correspondence to
local neighborhood interaction, and a similar pat-
tern emerges.

In the matched train/eval setting (Figure 3a), the
text and visual conditions again show clearly differ-
ent trends: accuracy under the text condition starts
at 86.5% on 4 × 4 and falls steadily to 46.6% at
8 × 8, while the visual condition remains above
99.7% across all tested sizes. This indicates that
the difference between the two is also visible in a
task defined by local neighborhood interaction.

The mixed-training results (Figure 3b) further
refine this picture. Within the training range, the
text condition falls from 90.2% to 70.9%, while the
visual condition remains near-perfect (100.0% to
99.5%). Outside the training dimensions, however,
the picture is more limited: both conditions lose
accuracy as the grid size increases, so the cross-
dimension results provide weaker evidence than the
within-range comparison. The pattern observed in
matrix transpose therefore carries over most clearly
within the training range, while extrapolation to
larger Conway grids remains challenging for both
presentations.

4.3 LU Decomposition

In LU decomposition, the role of structure differs
from the previous two tasks. Correctness is not
determined by a single spatial readout, but by a se-
quence of dependent row–column operations. The
task therefore tests a setting in which 2D structure
remains relevant throughout a multi-step transfor-
mation, rather than only at the input-output map-
ping.

Figure 4 shows that the separation between the

two conditions varies across training settings and
evaluation dimensions. In the single-dimension
training settings, the two are often comparable at
or near the training dimension, while the gap be-
comes more visible once evaluation moves beyond
it. When trained on 3× 3 matrices, both are near-
perfect at 3×3 (99.8% under text and 98.3% under
visual), but at 4× 4 accuracy drops to 15.3% under
text while remaining at 88.4% under visual. A re-
lated pattern appears when training on 4× 4: both
remain strong at the training size (89.4% under text
and 92.8% under visual), while at 5× 5 accuracy
falls to 61.5% and 69.0%, respectively.

The mixed-training setting is where the depen-
dence on presentation format is most apparent. Un-
der the text condition, accuracy remains near zero
across all training dimensions (0.6%, 0.3%, and
0.4%), while the visual condition maintains sub-
stantial accuracy at the same sizes (98.8%, 93.5%,
and 69.2%). Taken together, these results suggest
that even for a task requiring sustained 2D struc-
ture across dependent steps, the presentation choice
remains consequential.

5 Supplementary Experiments

Section 5.1 evaluates stronger text-side serializa-
tions that make the underlying 2D structure more
explicit within the text pathway. Section 5.2 uses
a within-visual probe to examine whether the ob-
served difference is explained by image encoding
alone. Section 5.3 uses a supplementary Qwen ex-
periment to test whether the question of input pre-
sentation remains relevant beyond the GLM/Glyph
setup. The final subsection analyzes task-structured
error patterns and relates them to each task’s under-
lying 2D structure.
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5.1 Stronger Text-Side Baselines
Text serialization can itself be structured in ways
that make spatial relations more explicit, for ex-
ample by preserving column alignment through
formatting or by annotating entries with their co-
ordinates. We therefore extend our analysis be-
yond the default text representation and examine
alternative 1D serializations. We focus this analy-
sis on the mixed-training matrix-transpose setting,
since transpose provides the most direct test of row–
column organization in our task suite. Specifically,
we consider two alternative formats: a monospaced
representation with fixed-width, right-aligned rows,
and a coordinate-tagged representation in which
each entry is explicitly annotated with its row and
column indices.
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Figure 5: Accuracy on matrix transpose under alterna-
tive text serializations in the mixed-training setting.

The different formats lead to noticeably different
results. Monospaced formatting improves accuracy
at 12 × 12 and 14 × 14, although the gain does
not persist at larger sizes. Coordinate tagging has
a larger effect within the training range, reaching
94.0% at 14 × 14 and 74.5% at 16 × 16. Across
the experiments considered here, alternative serial-
ization formats can materially change the observed
results, particularly within the training range. At
larger unseen dimensions, however, performance
under all tested text serializations degrades sharply.
Although these formats expose different amounts
of structural information, they all still present the
input through a 1D sequence rather than preserving
its native 2D layout.

5.2 A Within-Visual Probe for Interpretation
The preceding experiments do not fully separate the
effect of preserving 2D layout from the additional
capabilities introduced by the vision-language path-
way. To better separate these factors, we add a
smaller probe on matrix transpose in which only
the visual rendering is changed. Specifically, we
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Figure 6: Accuracy on matrix transpose under the
within-visual probe, where each model is trained and
evaluated at the same matrix size.

compare a native 2D matrix rendering with a layout-
disrupted rendering that presents the same row-
major textual content as an image. We use trans-
pose because it provides the most direct test of
row–column organization in our task suite. De-
tails of the two rendering strategies are provided in
Appendix A.1.

Figure 6 shows a clear separation among the
three conditions: across all tested dimensions, the
native 2D rendering performs best, the serialized
text condition remains in the middle, and the layout-
disrupted rendering performs worst. Although lim-
ited to a single task, this probe provides a more
constrained comparison for interpreting the main
result: within the same visual pathway, changing
the input layout substantially affects transpose per-
formance. This does not isolate a unique causal
mechanism, but it suggests that, in this setting, rep-
resentation choice matters beyond the use of visual
encoding alone.

5.3 Supplementary Evidence under the
Mixed-Training Transpose Setting
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Figure 7: Supplementary results on matrix transpose
under the mixed-training setting.

To examine whether the difference between 1D
serialization and native 2D layout is limited to
the specific model setup used in the main experi-
ments, we use the mixed-training transpose setting
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Figure 8: Cell-level transpose error heatmaps across matrix sizes for 2D layout (top) and 1D serialization (bottom).
The two representations exhibit visibly different spatial error patterns as matrix size increases.

as a supplementary probe with Qwen models. In
this setting, the text condition uses Qwen2.5-3B
base (Yang et al., 2024) and receives the matrix as a
1D serialized text input, while the visual condition
uses Qwen2.5-VL-3B-Instruct (Bai et al., 2025)
and receives the same underlying matrix rendered
in its native 2D layout. Both conditions are trained
on a mixture of 4× 4, 6× 6, and 8× 8 transpose
examples and evaluated separately on each size.
Experiment details are provided in Appendix A.6.

As shown in Figure 7, a similar pattern appears.
The visual condition sustains high exact-match ac-
curacy as matrix size increases, achieving 100.0%,
99.8%, and 97.6% accuracy at 4 × 4, 6 × 6, and
8× 8, respectively. In contrast, the text condition
drops sharply as matrix size increases, from 97.3%
at 4× 4 to 34.0% at 6× 6 and 0% at 8× 8. This
supplementary result suggests that the question of
input presentation choice remains relevant beyond
the original experimental setup.

5.4 Task-Structured Error Patterns

Aggregate accuracy shows that 1D serialization and
native 2D layout behave differently, but it does not
by itself explain how those differences arise within
each task. We therefore examine finer-grained error
patterns. Across the three tasks, the gap does not
appear as unstructured noise; instead, it follows the
particular kind of 2D structure each task depends
on.

Figure 8 shows the spatial concentration of er-
rors in matrix transpose. Under 1D serialization, er-
rors become increasingly concentrated in the lower-
right region of the matrix as dimension grows,
whereas under 2D layout they remain uniformly

low across sizes. This concentration grows more
pronounced as matrix size increases, with the lower-
right region becoming increasingly unreliable un-
der 1D serialization.
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Figure 9: Cell-wise error-rate difference heatmaps for
Conway’s Game of Life across grid sizes, computed as
the GLM error rate minus the Glyph error rate. Positive
values indicate regions where 1D serialization incurs
higher error than the native 2D layout.

A different pattern appears in Conway’s Game
of Life, shown in Figure 9. Here the error-rate
difference remains relatively diffuse rather than
concentrating in a single region, even as its magni-
tude grows with board size. This is consistent with
the nature of the task: since every cell depends on
its local neighborhood, the cost of losing spatial
adjacency under 1D serialization is not localized to
a particular region but distributed across the grid.

LU decomposition shows a different error pat-
tern, as illustrated in Figure 10. Under 1D serial-
ization, errors are more concentrated in later rows
and columns, especially on larger evaluation sizes,
whereas under 2D layout they remain milder and
less sharply localized. At a descriptive level, this
matches the structure of the task, where correct-
ness depends on a sequence of dependent elimi-
nation steps. A qualitative example is shown in
Appendix A.5: under 2D layout, the model’s rea-
soning is more closely organized around the visible
matrix structure, while under 1D serialization it
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Figure 10: Cell-level error heatmaps for LU decomposition across training configurations for 2D layout (top) and
1D serialization (bottom). Darker cells indicate higher error rates at the corresponding matrix positions.

relies more on symbolic index tracking.
Taken together, the degradation under 1D serial-

ization is not only larger in magnitude; its spatial
form tracks the relation structure required by each
task. Transpose errors increasingly concentrate
where long-range row––column correspondence
must be maintained, Game of Life errors remain
spatially diffuse under local neighborhood depen-
dence, and LU errors become more pronounced in
later rows and columns as dependent elimination
steps accumulate.

6 Conclusion

This paper examines what happens to problems
originally defined by explicit 2D structure when
they are instead presented through 1D serializa-
tion. Across the controlled synthetic testbed stud-
ied here, 1D serialization is consistently associ-
ated with sharper accuracy loss and more spatially
structured error patterns across most settings. Sup-
plementary analyses further qualify this pattern:
alternative text serializations yield partial gains
within the training range but still degrade at larger
unseen dimensions, while a within-visual probe
and an additional Qwen-based comparison provide
complementary evidence beyond the default text
format and the primary GLM/Glyph setup. For
the layout-defined tasks studied here, our results
suggest that reducing inputs to ordinary 1D serial-
izations should not be treated as a representation-
neutral default, but rather as a design choice whose
consequences warrant deliberate consideration.

7 Limitations

This is a system-level representation comparison
rather than a fully isolated test of layout alone. The
textual and visual conditions still differ in modality,
visual front end, pretraining-derived priors, tok-

enization regime, and input representation, so the
observed pattern should not be interpreted as evi-
dence for a unique causal mechanism. The within-
visual probe in Section 5.2 helps narrow this inter-
pretation, but remains supportive rather than defini-
tive evidence.

The testbed is intentionally narrow, covering
three synthetic tasks chosen because their relevant
relations are organized by explicit 2D structure.
This focus limits coverage across task types, and
leaves open how far the observed pattern extends to
broader classes of structured problems, real-world
inputs, and other model settings. Broader task cov-
erage and tighter controls separating layout, modal-
ity, tokenization, and encoder effects are needed to
assess the generality of the findings.
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A Appendix

A.1 Rendering Details

The visual inputs used in our experiments were ren-
dered programmatically from the same underlying
structured instances as the textual inputs. We used
task-specific rendering templates for each task in
this paper.

A.1.1 Matrix
The font-family and font-size determine how en-
tries are rendered, cell-padding-x and cell-padding-
y set the horizontal and vertical spacing between en-
tries, and margin defines the outer whitespace. The
bracket-gap, bracket-width, and bracket-thickness
specify the position and appearance of the enclos-
ing brackets, while cell-align controls how values
are positioned within each column. Background-
color and foreground-color define the overall color
scheme.

A.1.2 Conway Grid
The font-family and font-size control text appear-
ance, cell-padding sets the internal spacing within
each cell, and grid-thickness determines the visibil-
ity of row and column boundaries. Margin defines
the outer whitespace, while background-color and
foreground-color control the visual contrast.

A.1.3 Disruptive Matrix
The font-family and font-size determine how to-
kens are rendered, while margin defines the outer
whitespace of the canvas. Line-gap controls the ver-
tical spacing between lines, and word-gap-spaces
sets the number of spaces inserted between tokens,
affecting horizontal density. Background-color and
foreground-color specify the visual contrast.

We do not fix the text region width manually.
Instead, we derive it from the original matrix layout
by measuring rendered entries under the target font
and accounting for inter-column spacing, brackets,
and outer margins. The plainflow string is then
rendered within this derived canvas, with wrapping
controlled by the canvas geometry together with
the word spacing and line spacing settings.

A.2 Task Definitions

We study three structured tasks: matrix transpose,
Conway’s Game of Life, and LU decomposition.
In all cases, the underlying task is fixed across rep-
resentations. The same problem instance may be
presented either as serialized text or as a rendered
2D input, but the required transformation and cor-
rectness criteria remain unchanged.

Matrix Transpose. Given an input matrix A, the
model is asked to output its transpose A⊤. The in-
put is a square numeric matrix with integer entries.
The expected output is the full transposed matrix as
a 2D array. Correctness requires exact agreement
with the ground-truth transpose.
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Figure 11: Rendering parameter settings for matrix visual inputs. The left column lists the values for each parameter,
while the right column shows a representative rendered example. Images are rendered at their natural size without
additional resizing or normalization.

Figure 12: Rendering parameter settings for Conway grid visual inputs. The left column lists the values for each
parameter, while the right column shows a representative rendered example. Images are rendered at their natural
size without additional resizing or normalization.
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Figure 13: Rendering parameter settings for disruptive matrix visual inputs. The left column lists the values for
layout, font, spacing, while the right column shows a representative rendered example. Images are rendered at their
natural size without additional resizing or normalization.

Conway’s Game of Life. Given the current
board state of Conway’s Game of Life, the model
is asked to output the full next-generation board
of the same size. The input is a binary grid in
which 1 denotes a live cell and 0 denotes a dead
cell; input cells are sampled with equal probabil-
ity for the live and dead states. The next board is
computed according to the standard Game of Life
rules (Gardner, 1970) under zero-padding bound-
ary conditions: each cell is updated synchronously
based on the number of live neighbors in its 8-cell
neighborhood, a live cell remains live if and only if
it has 2 or 3 live neighbors, and a dead cell becomes
live if and only if it has exactly 3 live neighbors;
otherwise, the cell is dead in the next generation.
Cells outside the board are treated as dead. The
expected output is the full next-generation grid as a
2D array of binary values, and correctness requires
exact agreement at every cell position.

LU Decomposition. Given an input matrix A,
the model is asked to produce matrices L and U
such that A = LU , where L is a lower triangular
matrix and U is an upper triangular matrix. The
input is a square numeric matrix. We use LU de-
composition without pivoting, i.e., matrices are
constructed such that a valid factorization exists
without row permutations. The expected output is
the pair (L,U) in structured matrix form. Correct-
ness is defined functionally: the predicted factors
must satisfy the triangular constraints and recon-
struct the input matrix under matrix multiplication,

up to a small numerical tolerance.

A.3 Implementation Details

Models. Across all tasks, we use the same two
model families under two representation conditions.
The 1D condition uses GLM-4-9B-0414 (GLM
et al., 2024) with serialized textual inputs, while
the 2D condition uses Glyph (Cheng et al., 2026),
which connects GLM with a vision encoder. This
same GLM/Glyph pair is used for matrix transpose,
Conway’s Game of Life, and LU decomposition.

Data generation and splits. All datasets in this
study are synthetic and programmatically gener-
ated. For each task, the 1D and 2D conditions are
derived from the same underlying task instances,
so that the comparison differs in representation
rather than in problem content. Training and test
instances are generated separately, and evaluation
is always performed on held-out test sets.

For matrix transpose, each example consists of a
square integer matrix together with its gold trans-
pose. The standard single-size experiments cover
matrix sizes from 12 × 12 to 20 × 20. For each
size, we use 5,000 training instances and 1,000
held-out test instances. The mixed-training setting
combines examples from 12 × 12, 14 × 14, and
16× 16 matrices in a 1:1:1 ratio.

For Conway’s Game of Life, each example con-
sists of a binary grid together with its full next-
generation grid under standard Game of Life dy-
namics. The standard single-size experiments
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cover grid sizes from 4 × 4 to 8 × 8. For each
size, we use 5,000 training instances and 1,000
held-out test instances. The mixed-training setting
combines examples from 4× 4, 5× 5, and 6× 6
grids in a 1:1:1 ratio.

For LU decomposition, each example consists of
a square integer matrix generated by multiplying a
lower triangular matrix and an upper triangular ma-
trix with integer entries from −9 to 9. The standard
single-size experiments cover matrix sizes from
3× 3 to 6× 6. For each size, we use 5,000 training
instances and 1,000 held-out test instances. The
mixed-training setting combines examples from
3× 3, 4× 4, and 5× 5 matrices in a 1:1:1 ratio.

Input and output format. Across both modali-
ties, the task instruction remains the same and only
the representation of the structured input changes.
In the 1D condition, the prompt contains the serial-
ized matrix or grid directly in text. In the 2D condi-
tion, the same instruction is used, but the structured
input is provided as a rendered image. In both con-
ditions, the model is trained to produce a reasoning
trace enclosed in <think>...</think> tags fol-
lowed by the final structured answer. Evaluation
is performed only on the extracted answer portion
after the closing tag.

Input token budgets. As discussed in Sec-
tion 3.2.1, Table 1 reports the input-token counts
for matrix transpose and Conway’s Game of Life.
Values are rounded to the nearest integer. Text and
image tokens are counted using the GLM tokenizer
and Glyph image processor, respectively, and aver-
aged over the training examples at each size.

Task / Size Text tokens Image tokens

Conway’s Game
4× 4 48 210
5× 5 75 272
6× 6 108 342
7× 7 147 400
8× 8 192 484

Matrix Transpose
12× 12 537 2280
14× 14 731 2814
16× 16 955 3330
18× 18 1209 3969
20× 20 1492 4524

Table 1: Average input-token counts for the text and
visual conditions on matrix transpose and Conway’s
Game of Life.

Evaluation. Task definitions and correctness cri-
teria are specified in Appendix A.2. For matrix
transpose and Conway’s Game of Life, we report
exact-match accuracy on the full output grid. For
LU decomposition, we parse the predicted L and
U and verify triangular constraints, and check that
LU reconstructs the input matrix within an abso-
lute tolerance of 10−6.

SFT configuration for matrix transpose and
Conway’s Game of Life. For both matrix trans-
pose and Conway’s Game of Life, we use super-
vised fine-tuning with LoRA (Hu et al., 2022) for
both GLM and Glyph. Unless otherwise noted,
the two models share the same optimization hyper-
parameters: 2 epochs, an initial learning rate of
5× 10−6 decayed to 2× 10−6 with cosine schedul-
ing, a warmup ratio of 0.03, bf16 precision, maxi-
mum sequence length 8192, LoRA rank 32, LoRA
α = 32, and LoRA dropout 0.05. Effective batch
size is controlled through per-device batch size and
gradient accumulation. In our experiments, the
effective batch size is fixed within each task: we
use batch size 32 for matrix transpose and batch
size 8 for Conway’s Game of Life. These task-
specific choices are shared across GLM and Glyph,
so within each task the 1D and 2D conditions are
trained under the same effective batch size.

RLVR configuration for LU decomposition.
For LU decomposition, we use reinforcement
learning with verifiable reward. Specifically,
we adopt DAPO (Yu et al., 2025), a variant of
GRPO (Shao et al., 2024), implemented with the
verl library (Sheng et al., 2025). Unless otherwise
noted, training uses a group size of 8, max response
length of 2048, and a learning rate of 1 × 10−6.
The same RLVR setup is applied to both GLM and
Glyph.

A.4 McNemar Study
We additionally assess the paired differences be-
tween the text and visual conditions in the mixed-
training matrix-transpose setting using two-sided
exact McNemar tests. At each evaluation size, both
conditions are evaluated on the same 1,000 held-out
instances. At 12× 12, 122 discordant instances are
correct only under the visual condition and 1 only
under the text condition (p = 2.33 × 10−35); the
corresponding counts are 154 versus 6 at 14× 14
(p = 3.02 × 10−38), 417 versus 30 at 16 × 16
(p = 2.67 × 10−88), 741 versus 9 at 18 × 18
(p = 6.74× 10−206), and 358 versus 0 at 20× 20
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(p = 3.41 × 10−108). Across all five sizes, 1,792
discordant instances are correct only under the vi-
sual condition, compared with 46 that are correct
only under the text condition. These tests provide
statistical support for the observed paired differ-
ences on the held-out instances.

A.5 LU Decomposition Case Study
Figure 14 compares how the two models approach
the same LU decomposition instance. Under 2D
layout, the model structures its reasoning around
the visible matrix, producing step-by-step elimina-
tion with explicit spatial references such as ”elim-
inate the first column below it.” Under 1D serial-
ization, the model attempts a similar procedure but
relies on symbolic index tracking without spatial
grounding, leading to less organized intermediate
steps and numerical errors in the final output.

A.6 Qwen Matrix-Transpose Experiment
Details

The experiment follows the matrix-transpose setup
described in Appendix A.3. We use the same input
formatting, supervised fine-tuning protocol, and
exact-match evaluation criterion as in the main
matrix-transpose experiments. Both models are
trained on a mixed-size transpose dataset contain-
ing 4× 4, 6× 6, and 8× 8 matrices, with the three
sizes mixed in a 1:1:1 ratio. Evaluation is then
performed separately on each matrix size.

For the visual condition, matrices are rendered
using the same rendering pipeline and parameter
settings as the main matrix-transpose visual inputs,
as described in Appendix A.1 and illustrated in
Figure 11. Because this Qwen comparison uses
a different model scale and compares a base text-
only model with an instruct-tuned vision-language
model, we use it only as a supplementary qualita-
tive check rather than as a controlled estimate of
cross-family effect size.
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Figure 14: Representative reasoning trajectories for LU decomposition under 2D layout (left) and 1D serialization
(right). Orange highlights in the 2D trajectory mark phrases where the model explicitly references the spatial
structure of the rendered input to organize its elimination steps.
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