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Abstract

When faced with complex spatial problems, humans naturally sketch lay-
outs to organize their thinking, and the act of drawing further sharpens
their understanding. We ask whether the same principle holds for Large
Language Models (LLMs): can learning to construct explicit visual layouts
from spatial descriptions instill generalizable spatial understanding? We
introduce TEXT2SPACE1, a dataset that pairs natural language descriptions
with ground-truth ASCII grid layouts and spatial QA pairs, enabling us to
separate failures in constructing spatial representations from failures in rea-
soning over them. We adopt ASCII because it is human-readable, operates
entirely within the token space of language models, and encodes spatial
relations in a structurally verifiable form. Our evaluation reveals a pro-
nounced “Read-Write Asymmetry”: LLMs interpret ASCII representations
effectively but struggle to produce them from text, and these construction
errors propagate to incorrect answers downstream. We therefore train
models on layout construction (Desc→ASCII) and find that it substantially
improves spatial reasoning from text alone, even without producing any
ASCII at inference time. Combining construction with comprehension train-
ing further amplifies these gains on several benchmarks. Crucially, these
improvements hold across model families and scales and transfer to three
external benchmarks, demonstrating that, much as sketching sharpens hu-
man spatial thinking, learning to construct explicit layouts instills spatial
understanding that generalizes beyond the training format.

1 Introduction

Spatial reasoning (Byrne & Johnson-Laird, 1989; Newcombe & Huttenlocher, 2000) is fun-
damental to human cognition (Malanchini et al., 2020). As large language models (LLMs)
are increasingly applied to spatial reasoning tasks, a growing body of work has begun
evaluating their capabilities in this domain (Li et al., 2024; Cohn & Hernandez-Orallo, 2023;
Wang et al., 2024; Liu et al., 2023; Cheng et al., 2024).

However, existing benchmarks are limited to evaluating final answers (Yamada et al., 2024;
Liu et al., 2023). When a model fails, it is unclear whether the error stems from a flawed
spatial representation or from faulty reasoning over a correct one. More critically, even
correct answers may reflect surface-level pattern matching rather than robust spatial under-
standing. A model can exploit lexical cues in simple configurations yet fail unpredictably as
spatial complexity grows. Prior work on faithful reasoning has shown that correct answers
produced through unreliable intermediate steps offer no guarantee of consistent behavior on
novel problems (Jacovi & Goldberg, 2020; Creswell & Shanahan, 2022; Parcalabescu & Frank,
2024; Xiong et al., 2025). Without a way to inspect and verify the model’s intermediate
spatial representation, these failure modes remain invisible.
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Figure 1: Overview of the study design. Inspired by empirical cognitive human strategies,
we utilize Natural Language (NL) and ASCII representations as independent reasoning
sources. This bidirectional cycle connects the two modalities via Parsing, Drawing, In-
terpreting, and Describing steps. We find that training LLMs to mimic this human-like,
sketch-based reasoning process substantially improves accuracy on spatial reasoning tasks.

To open this black box, we use ASCII grid layouts as an explicit, structured text that makes
the reasoning process itself observable. ASCII is well suited as this diagnostic lens because
it lives within the model’s own token space, is immediately interpretable by humans, and
can be formally verified against ground truth. We introduce TEXT2SPACE, a benchmark
of diverse spatial configurations paired with natural language descriptions, images, and
three styles of ASCII grids. Each instance includes a ground-truth layout that enables direct
evaluation of the model’s intermediate spatial representation.

Figure 1 outlines our study design, which explores the bidirectional cycle between natural
language and ASCII representations. Using TEXT2SPACE, we contribute three investigations.
First, we benchmark language models on ASCII comprehension, generation, and spatial
reasoning. Second, we examine the reasoning process by assessing whether intermediate
ASCII representations faithfully support model reasoning. Most importantly, we investigate
whether the spatial understanding acquired through ASCII-based learning generalizes to
purely linguistic spatial reasoning tasks.

Our evaluation yields three main findings that progressively identify a representation bottle-
neck (what we call the construction gap) and show how to mitigate it. Finding 1: Models can
read spatial layouts but struggle to construct them. Across all models, interpreting ASCII
diagrams is substantially easier than producing them from text, identifying construction as
the primary constraint. Finding 2: This construction gap directly harms reasoning. When
models sketch layouts as an intermediate step, their construction errors propagate to the
final answer. Yet when accurate ASCII is provided instead, reasoning improves substan-
tially over text alone, showing that the bottleneck is not reasoning itself but the quality
of the representation it operates over. Finding 3: Training on construction reduces the
asymmetry and the benefits generalize. Training models on layout construction improves
spatial reasoning from text alone, even without producing any ASCII at inference time.
Comprehension training alone does not consistently help, isolating construction as the
active ingredient. Adding comprehension on top of construction yields the strongest results
on several benchmarks. These gains replicate across model families and scales and transfer
to three external benchmarks, confirming that construction training builds transferable
spatial understanding rather than format-specific heuristics.

We present three contributions: (1) TEXT2SPACE, a benchmark pairing natural-language
spatial descriptions with ground-truth ASCII layouts, rendered images, and spatial QA
pairs; (2) a diagnostic protocol that separates representation failures from reasoning failures
by measuring the construction, interpretation, and utilization of ASCII layouts; and (3)
empirical evidence that learning to construct spatial layouts builds transferable spatial
understanding, validated on three external benchmarks.
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2 Related Work

Linguistic Spatial Reasoning Benchmarks. Early work on spatial language processing
focused on extracting formal representations from natural language text (Kordjamshidi
et al., 2011). Subsequent benchmarks like bAbI (Weston et al., 2016) introduced positional
reasoning, while STEPGAME (Shi et al., 2022) and SPARTQA (Mirzaee et al., 2021) advanced
the field with more complicated reasoning and broader linguistic coverage. However, a
critical limitation remains across these benchmarks: they rely exclusively on final-answer
accuracy. This "black-box" evaluation obscures the underlying inference process, making
it impossible to distinguish between failures in representation and failures in reasoning.
Our work addresses this methodological gap by introducing ground-truth intermediate
representations, enabling precise diagnosis of spatial reasoning errors.

While integrating visual modalities (VLMs) offers a potential remedy for spatial understand-
ing, recent studies reveal that VLMs face their own challenges in visual perception (Liu et al.,
2023; 2024; Song et al., 2025; Kamath et al., 2023) and spatial reasoning (Chen et al., 2024;
Zhang et al., 2025a; Ogezi & Shi, 2025). Rather than relying on a separate visual encoder,
we use ASCII grids to represent spatial layouts entirely within the language model’s native
token space. These text-native grids serve a dual purpose: they act not only as a reasoning
source within the context but also as a verifiable representation of all spatial relations.

ASCII and Spatial Representation. The utility of intermediate reasoning steps is well-
established through Chain-of-Thought (CoT) prompting (Wei et al., 2022) and its extensions,
such as Tree-of-Thoughts (Yao et al., 2023) and latent reasoning (Hao et al., 2025). Beyond
purely linguistic traces, prior work has shown that symbolic, text-native spatial representa-
tions can effectively support spatial reasoning in language models, including grid-based
worlds and discrete relational layouts (Côté et al., 2018). Visualization-of-Thought (Wu
et al., 2024; Li et al., 2025) draws on human mental imagery to generate symbolic or pixel-
level visualizations for spatial reasoning. While we share the intuition that explicit spatial
construction aids reasoning, we focus on a different question: when and why does this
process fail, and can training on it improve performance? We use ASCII as a diagnostic
medium because, unlike natural language, its spatial outputs are structurally verifiable
against objective ground truth.

ASCII Environments and Game-Based Grounding. ASCII has long served as a produc-
tive spatial medium: agents in the NetHack Learning Environment (Küttler et al., 2020) and
MiniHack (Samvelyan et al., 2021) learn complex spatial behavior directly from ASCII ob-
servations, and ASCIIBench (Luo et al., 2025) evaluates language models on understanding
ASCII art. Our work instead treats ASCII as a structured encoding of spatial layouts and
uses it as a training signal for downstream reasoning. A related line grounds evaluation in
game play: Clembench (Chalamalasetti et al., 2023) assesses chat-optimized models through
dialogue games, Hakimov et al. (2025) extend this paradigm to multimodal models, and
Suglia et al. (2024) survey visually grounded language learning more broadly. We share
the motivation of structurally verifiable interaction but isolate the spatial-reasoning axis,
making layout construction the training objective itself, a text-native form of grounding free
of perceptual confounds.

Generalization of Spatial Reasoning. Recent research demonstrates that enhancing spe-
cific capabilities in LLMs often yields transfer benefits to other domains. For instance, Shao
et al. (2024) indicate that training on mathematics improves general reasoning benchmarks,
not just quantitative tasks. Prior work shows that spatial training benefits visual reasoning
tasks (Wei et al., 2025; Han et al., 2025; Wang et al., 2025; Hu et al., 2025), typically through
training on perception or comprehension objectives. We study a complementary mecha-
nism: whether learning to construct spatial layouts can strengthen spatial understanding in
language models, yielding transferable gains in spatial reasoning.
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3 TEXT2SPACE Dataset

We introduce TEXT2SPACE, a spatial reasoning QA dataset with text-based graph (ASCII)
representations designed to validate the reasoning process in LLMs. This dataset evaluates
how well LLMs interpret, align, and reason about spatial relationships. It presents diverse
spatial configurations across four formats: ASCII art, natural language, rendered images,
and Query-Answer pairs. An example is shown in Figure 2.

3.1 Data Generation

The dataset is constructed from connected spatial graphs where entities are linked via
eight directional relationships: above, below, left, right, upper-left, upper-right, lower-left, lower-
right. All relations adhere to a unified coordinate system, serving as the ground truth for
both ASCII diagrams and rendered images. Instances are generated using a breadth-first
search (BFS) procedure to guarantee connectivity. We enforce strict validation rules: self-
loops and duplicate edges are prohibited, and any configuration conflicting with existing
spatial constraints is rejected. These safeguards ensure that every instance represents a
valid, internally consistent topology. A detailed data generation process is presented in the
Appendix G.

We vary complexity from simple two-component structures to intricate graphs with up to
eight components and twelve relations, capturing configurations that require transitive rea-
soning across multiple inference steps. Each instance includes natural language descriptions
synthesized from the spatial graph, using diverse synonyms to ensure linguistic variation.
Corresponding queries are designed so that target object pairs admit unique inferability,
yielding a single unambiguous spatial relation.

3.2 Multi-Format Representations

Query

Where is B relative to D?

Answer

Upper-right

A is below B. D is located to the left of A. C is 
at 6 o'clock from D. E is to the northeast of A. 
B is to the left of E. A is at 1 o'clock from C.

Description

Figure 2: An example in our
TEXT2SPACE dataset: we have natu-
ral language description, Q-A pairs,
three types of ASCII, and an image.

We derive both ASCII and image representations
from the same underlying structure to facilitate mul-
timodal evaluation and cross-format consistency.

ASCII Visualization: We include three rendering
styles to test robustness against formatting variations.
The simple format uses minimal spacing without bor-
ders for clarity. The grid format introduces structure
using +, -, and | characters. The panel format employs
box-drawing characters for a visually distinct layout.
Image Representation: The spatial arrangement is
also rendered in a standardized image format with
configurable grid lines and directional arrows, serv-
ing as both a multimodal evaluation target and a
human-readable reference. Further dataset details
and data examples are provided in Appendix A.

4 Experiments

We split TEXT2SPACE into training and test sets, with the test set consisting of 1,000 samples
used in the following experiments. We choose the ASCII grid format throughout our experi-
ments; details of this format are provided in Appendix B. Our experiments address three
questions in sequence. Benchmarking: Can models both read and draw spatial layouts, and
where does the gap lie? Reasoning process: When models sketch a layout as an intermediate
step, does the quality of that sketch help or hurt downstream reasoning? Generalization:
Does training on layout construction instill spatial understanding that transfers to text-only
reasoning and external benchmarks, even when no layout is produced at inference time?
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Description: D is at the 9 o’clock position from F. A is at 10 o’clock from F. C is south of F. E is eastward of C. B is at 6
o’clock from C. D is underneath A.
Query: Where is C relative to E? Answer: left

(a) Zero-shot (×)
+--+--+--+
|A | | |
+--+--+--+
|D | |F |
+--+--+--+
| |B |C |
+--+--+--+
| | |E |
+--+--+--+

violates 2 of 6 relations

(b) Construction-tuned (✓)
+--+--+--+
|A | | |
+--+--+--+
|D |F | |
+--+--+--+
| |C |E |
+--+--+--+
| |B | |
+--+--+--+

matches the description

Figure 3: An example of construction task (Desc→ASCII) with our TEXT2SPACE. Zero-shot,
QWEN3-30B-A3B misplaces B and E (a): the layout is locally plausible but breaks the two
statements shown in red in the description. After construction training (FTD→A), the model
places both entities correctly (B, E) and reproduces the ground truth exactly (b). Such near-
miss sketches typify the failures analyzed in Section 5.1.

4.1 Models

We evaluate two model categories. Instruct models: including LLAMA-3-70B-INSTRUCT
(AI@Meta, 2024), QWEN2.5-7B-INSTRUCT (Yang et al., 2024; Team, 2024), QWEN3-30B-A3B-
INSTRUCT-2507, QWEN3-235B-A22B-INSTRUCT-2507 (Team, 2025), GPT-4.1 (OpenAI,
2025). Thinking model: GPT-OSS-20B (OpenAI, 2025). Unless otherwise specified, we use
default settings and apply 5-shot prompting (Brown et al., 2020) to ensure consistency.

4.2 Task Setups

Since ASCII is a unique representation that encodes two-dimensional spatial structure
within a one-dimensional token sequence, we first evaluate language models’ ability to
understand and generate ASCII representations. Specifically, we assess two complementary
capabilities: generating an ASCII representation from a textual description (Desc→ASCII)
and generating a natural-language description from an ASCII representation (ASCII→Desc).
Figure 3 shows a worked example of the construction task, contrasting a failed zero-shot
generation with a successful one after construction training.

We then evaluate spatial reasoning tasks, denoted R, in which the model is given a rea-
soning source and asked to answer queries about spatial relationships. RDesc refers to
reasoning from textual descriptions alone, while RASCII refers to reasoning from ASCII
representations alone. Beyond reasoning from a single source, we investigate the role of
ASCII as an intermediate step alongside descriptions through two generation orders. In
RDesc(Ans, ASCII), the model first produces the answer and then generates an ASCII represen-
tation. InRDesc(ASCII, Ans), the model first generates an ASCII representation and then uses
it to answer the query. For both orders, we consider one-turn generation, where the model
produces both outputs within a single response, and two-turn generation, where the second
output is elicited via a follow-up prompt. The two generation orders mirror established
self-explanation paradigms (Huang et al., 2023; Madsen et al., 2024): we compare two
generation orders: predict-then-explain versus explain-then-predict (Camburu et al., 2018).

Finally, we evaluate RDesc+ASCII. In this phase, we substitute the model-generated ASCII
with the ground-truth ASCII before the model answers the query. This replacement strategy
simulates an ideal reasoning process, allowing us to assess the upper-bound performance of
the model when guided by an ideal spatial representation.

4.3 Evaluation Methods

Our evaluation protocol targets three key aspects of the model’s performance: QA Correct-
ness: For the spatial reasoning QA tasks, we validate the prediction against a predefined
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set of relation aliases. Representation Alignment: For the ASCII↔Desc conversion tasks,
we measure the correspondence between converted representations. For ASCII→Desc,
the ASCII diagram is treated as the reference. We evaluate, across all generated de-
scriptions, the percentage that can be correctly inferred from the given ASCII representa-
tion. For Desc→ASCII, we evaluate the generated ASCII diagrams, RDesc(Ans, ASCII) and
RDesc(ASCII, Ans), by taking the description as the reference and measuring the proportion of
the description that is correctly reflected in the ASCII output. Reasoning Consistency: For
the joint generation settings, we introduce two complementary metrics to analyze internal
coherence. Consistency (Cons): Measures the alignment between the generated ASCII and
the generated Answer. This determines if the model’s intermediate output supports its final
prediction. Consistency Accuracy (C_Acc): Measures answer accuracy strictly on instances
where the ASCII and Answer are consistent. By controlling for internal coherence, this
isolates the model’s reasoning capability, helping distinguish whether errors arise from
failures in constructing spatial representations or from limitations in reasoning over them.

4.4 Learning Spatial Relations with ASCII

We propose that ASCII layouts function as a structured reasoning intermediate: a verifiable
“cognitive map” that makes spatial relationships explicit. We hypothesize that the learning
process to construct such maps (Lightman et al., 2024; Zhang et al., 2025b) consolidates
spatial logic during training. If so, models trained on layout construction should improve on
spatial reasoning tasks even without producing any layout at inference time, and the benefit
should transfer beyond the training format. To test and disentangle the understanding
and generation of ASCII representations, we design three configurations. Learning to
Construct (Desc→ASCII) forces the model to actively construct spatial layouts from text
(performing “mental mapping”). Learning to Comprehend (ASCII→Desc) focuses on
parsing and verbalizing ASCII representations. Bidirectional Alignment (Desc↔ASCII)
combines both tasks simultaneously.

We fine-tune QWEN3-30B-A3B on 4x NVIDIA A40 GPUs using the SFTTrainer from the
HuggingFace TRL library (von Werra et al., 2020). We employ Low-Rank Adaptation
(LoRA) (Hu et al., 2022; Mangrulkar et al., 2022) for parameter-efficient training, utilizing
a split of 4,000 training and 500 validation examples. We adhere to the default library
configurations for all other settings; full training details are provided in Appendix 7. To
assess generality across model families and scales, we additionally fine-tune LLAMA-3-8B-
INSTRUCT and LLAMA-3-70B-INSTRUCT under the same procedure.

We evaluate performance on the Spatial Reasoning Task (RDesc), where models answer
spatial relations solely from natural language descriptions without explicit ASCII input. To
assess whether the benefits extend beyond our benchmark, we further evaluate on three
external tasks that each target a different facet of spatial cognition: STEPGAME (Shi et al.,
2022; Rizvi et al., 2024) examines compositional directional navigation, BABI task 19 (Weston
et al., 2016) tests route planning through connected locations, and SPARTQA (Mirzaee et al.,
2021) challenges models with complex spatial questions in rich natural language. None
of these tasks involve ASCII, and we evaluate the model’s performance with zero-shot
prompting setting. If construction training instills generalizable spatial understanding,
gains should appear on these tasks despite the format mismatch.

5 Results and Discussion

5.1 Benchmarking

ASCII Understanding and Generation Table 1 presents the results for the Desc↔ASCII
conversion tasks. Across all models, we observe a clear and consistent asymmetry: perfor-
mance on the interpretation task (ASCII→Desc) consistently exceeds that of the generation
task (Desc→ASCII). This pattern suggests that while models are relatively proficient at
“reading” or interpreting patterns in ASCII, they struggle considerably more with “drawing”
it correctly. Even the reasoning model GPT-OSS-20B renders only 44.0% of the described
relations faithfully, well below the 58.1% it achieves on the ASCII interpretation task.
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Base models Qwen3-30B Fine-tuned

QWEN2.5-7B LLAMA-3-70B GPT-4.1 GPT-OSS-20B QWEN3-235B QWEN3-30B FTD→A FTD←A FTD↔A

D→ A 16.1 43.9 53.6 44.0 46.0 29.2 67.9 24.1 64.6
A→ D 38.4 57.4 72.5 58.1 59.7 55.8 53.5 66.5 68.4

Table 1: Bidirectional mapping results for generating ASCII from textual descriptions
(Desc→ASCII) and identifying descriptions from ASCII (ASCII→Desc). Each score is the
average proportion of relations correctly aligned between the two representations.

Model RDesc RASCII RDesc(Ans, ASCII) RDesc(ASCII, Ans) RDesc+ASCII

Ans Ans Ans ASCII Ans ASCII Ans

One-turn generation
QWEN2.5-7B 42.0 39.9 43.6 12.5 36.7 12.0 55.5
LLAMA-3-70B 71.7 75.3 71.1 42.2 66.9 41.7 78.4
GPT-4.1 85.8 90.1 86.5 50.6 83.8 50.5 92.8
GPT-OSS-20B 93.3 92.7 94.3 38.9 91.9 42.8 97.0
QWEN3-235B-A22B 84.8 89.0 84.2 45.3 82.3 45.4 90.1
QWEN3-30B-A3B 75.0 83.2 71.1 27.9 66.6 27.5 83.7
QWEN3-30B-A3B FTDESC→ASCII 82.2 78.6 82.5 64.2 79.1 64.7 84.9
QWEN3-30B-A3B FTDESC←ASCII 73.7 87.4 68.0 22.0 70.2 20.0 87.2
QWEN3-30B-A3B FTDESC↔ASCII 82.7 81.3 82.9 60.2 83.1 61.0 86.2

Two-turn generation
QWEN2.5-7B 43.6 13.5 42.1 13.7 52.3
LLAMA-3-70B 70.9 42.8 69.0 42.3 78.8
GPT-4.1 85.9 50.8 81.0 50.6 93.0
GPT-OSS-20B 93.1 45.0 87.7 47.9 94.3
QWEN3-235B-A22B 85.6 45.1 77.8 45.3 89.0
QWEN3-30B-A3B 74.3 27.4 69.3 26.4 82.6
QWEN3-30B-A3B FTDESC→ASCII 80.7 65.1 81.3 64.7 83.7
QWEN3-30B-A3B FTDESC←ASCII 70.1 22.1 65.2 20.2 87.7
QWEN3-30B-A3B FTDESC↔ASCII 83.1 61.4 82.7 61.8 87.5

Table 2: Spatial reasoning accuracy across reasoning sources and settings. RDesc(Ans, ASCII)
and RDesc(ASCII, Ans) denote whether the answer precedes or follows the ASCII output,
generated jointly (one-turn) or in separate calls (two-turn); the two-turnRDesc+ASCII provides
gold-standard ASCII. Answer accuracy: label matching; ASCII accuracy: average proportion
of NL relations correctly depicted. Bold: best reasoning source; underlined: second best.

The disparity spans 13 to 27 percentage points across all six base models (Table 1), pointing to
a systematic bottleneck rather than an incidental failure mode. Interpretation relies on local
pattern recognition within a provided grid, whereas generation demands global constraint
satisfaction, jointly positioning all entities so that every described relation is upheld. As we
show next, this construction deficit propagates directly to reasoning failures, and mitigating
it through targeted training yields spatial understanding that transfers beyond the ASCII
format (Section 5.3).

Spatial Reasoning Performance Table 2 reports accuracy on spatial reasoning tasks (R)
under different settings. On the text-only baseline (RDesc), accuracy ranges from 42.0%
(QWEN2.5-7B) to 93.3% (GPT-OSS-20B). This spread confirms that our benchmark mean-
ingfully differentiates spatial reasoning ability, yet most models have substantial room to
improve, motivating our examination of whether ASCII can narrow this gap.

Providing ASCII as input substantially refines performance. Most models reason more accu-
rately from ASCII alone (RASCII) than from text descriptions (RDesc), and the combination of
both (RDesc+ASCII) yields the highest accuracy. This shows that as an input, ASCII provides
the layout directly, without the transitive composition that natural language requires.

In contrast, model-generated ASCII as an intermediate step does not improve reasoning.
Answering first and then drawing (RDesc(Ans, ASCII)) roughly matches the text-only baseline
(RDesc), while drawing first and then answering (RDesc(ASCII, Ans)) drops below it across
almost all base models in both one-turn and two-turn settings. With generated ASCII
accuracy at only 12-50% across models, the sketches are not accurate enough to serve as
a promising reasoning scaffold. Since provided ASCII yields the highest accuracy while

7



Published as a conference paper at COLM 2026

model-generated ASCII degrades it, the bottleneck is sketch quality, not the format itself.
This echoes prior findings that generating intermediate artifacts can reduce task accuracy
(Camburu et al., 2018; Huang et al., 2023). However, unlike unstructured self-explanations
or textual CoT (Wei et al., 2022), where errors in intermediate steps are difficult to detect,
ASCII is structurally verifiable. This allows us to directly attribute the degradation to flawed
construction rather than treating it as a black-box effect.

This diagnosis points to a concrete path forward: since the deficiency lies in representation
construction, the next step is to examine whether training on this capability can alleviate
this deficiency and strengthen the model’s spatial understanding. We first analyze whether
the model’s generated representations are internally coherent with its answers, using consis-
tency as an unsupervised signal of reasoning reliability (Section 5.2). We then investigate
whether training on layout construction can instill the spatial understanding needed to
bridge this discrepancy (Section 5.3).

5.2 Consistency Analysis in Spatial Reasoning

Table 3 shows the alignment between ASCII representations and textual answers across both
output orders and turn settings. We report three key metrics: (1) Answer Accuracy measures
overall task performance; (2) Consistency quantifies the logical alignment between the gen-
erated ASCII representation and the textual answer; and (3) Consistency Accuracy evaluates
correctness specifically on instances where the representation and answer correspond.

In the one-turn generation setting, producing the ASCII representation before the answer
does not improve consistency. Similar consistency across output orders suggests that the
model does not clearly use the ASCII as a reasoning scaffold, with both outputs likely
reflecting the same underlying representation.

In the two-turn generation setting, we observed an improved consistency rate. The consis-
tency gap between RDesc(Ans, ASCII) and RDesc(ASCII, Ans) indicates that the response to the
follow-up query is strongly influenced by the previously generated output. Despite this no-
table improvement in consistency, answer accuracy increases only marginally. This limited
gain may be partly due to the suboptimal quality of the generated ASCII representations,
which correlates with lower answer accuracy (Table 2).

Nevertheless, consistency remains a valuable indicator, particularly given that it operates
without requiring ground-truth annotations for either the spatial layout or the final answer.
While prior work has leveraged Natural Language Inference (NLI) to assess reasoning via
consistency (Wang et al., 2023; Lyu et al., 2023; Kumar & Talukdar, 2020), our approach
benefits from the explicit verifiability of the generated artifact. Unlike unstructured text,
ASCII representations enforce strict spatial constraints and encode the full spatial configu-
ration, not just the queried pair, allowing us to objectively assess the alignment between
the representation and the answer. When the model’s ASCII representation and its textual
answer agree, accuracy is substantially higher than on disagreeing instances, so agreement
serves as an unsupervised reliability signal; conversely, accuracy on inconsistent instances
falls well below average (Appendix F).

From a forward-looking perspective, our results show “ASCII as a Verifier” as a promising
direction for verifiable reasoning: agreement between two representations of the same
content offers a label-free signal of which outputs to trust, both for error detection and as a
training objective for representation construction.

5.3 Learning Spatial Relations with ASCII

Table 1 details the performance on conversion tasks after fine-tuning. We note that construc-
tion training is an auxiliary task: the model learns to produce ASCII layouts, not to answer
spatial questions. Construction training (FTD→A) raises generation accuracy (Desc→ASCII)
from 29.2% to 67.9%, a much larger gain than comprehension training achieves (Desc←ASCII:
55.8% to 66.5%). The disparity confirms that ASCII generation is the primary bottleneck,
with far more room for improvement. Unidirectional training improves the targeted direc-
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One-turn generation Two-turn generation

Model RDesc(Ans, ASCII) RDesc(ASCII, Ans) RDesc(Ans, ASCII) RDesc(ASCII, Ans)

Ans Cons C_Acc Ans Cons C_Acc Ans Cons C_Acc Ans Cons C_Acc

QWEN2.5-7B 43.6 23.0 65.2 36.7 20.5 64.4 43.6 24.4 69.3 42.1 31.1 56.9
LLAMA-3-70B 71.1 65.2 87.7 66.9 65.4 83.8 70.9 63.9 89.9 69.0 71.3 81.9
GPT-4.1 86.5 74.2 94.9 83.8 78.7 90.2 85.9 77.3 93.9 81.0 81.3 86.0
GPT-OSS-20B 94.3 75.9 97.0 91.9 75.5 96.9 93.1 71.8 96.7 87.7 77.2 91.6
QWEN3-235B 84.2 67.8 95.0 82.3 72.5 89.9 85.6 70.6 93.2 77.8 78.4 84.1
QWEN3-30B 71.1 46.1 88.5 66.6 46.3 82.5 74.3 50.8 88.8 69.3 58.6 75.7
QWEN3-30B FTD→A 82.5 73.2 97.5 79.1 71.9 96.5 80.7 74.1 98.1 81.3 74.9 96.7
QWEN3-30B FTD←A 68.0 39.2 84.9 70.2 46.4 81.2 70.1 42.8 85.7 65.2 55.7 69.7
QWEN3-30B FTD↔A 82.9 73.7 97.4 83.1 72.9 96.6 83.1 73.8 96.9 82.7 76.1 94.2

Table 3: Answer accuracy (Ans), consistency between the generated ASCII and the gener-
ated answer (Cons), and accuracy on consistent instances (C_Acc) across generation settings.
For each model and setting, the higher Cons value is in bold.

tion but slightly degrades the other, while joint training (Desc↔ASCII) improves both tasks
(64.6% generation, 68.4% understanding) without this trade-off.

We now evaluate whether these improvements transfer to the downstream spatial reasoning
task (RDesc), which does not generate ASCII at inference time but requires answering
spatial queries from text alone, a task format entirely absent from fine-tuning. Table 2
shows that construction training (FTD→A) improves accuracy by over 7 percentage points,
indicating that learning to construct spatial layouts strengthens spatial reasoning from text
alone. In contrast, comprehension training (FTD←A) does not reliably improve performance
despite equal data exposure, and even fall slightly below the baseline, suggesting that better
comprehension alone may not translate into better reasoning.

Fine-tuning on layout construction (FTD→A) substantially improves ASCII accuracy for
RDesc(Ans, ASCII) and RDesc(ASCII, Ans), reversing the pattern from Section 5.1: accurate
sketches now scaffold reasoning rather than mislead. The bottleneck was not the rep-
resentation format but sketch quality: after fine-tuning, ground-truth ASCII (RDesc+ASCII)
still outperforms model-generated sketches, a gap that further improvements in construction
may close.

The persistent advantage of externally provided layouts, even after construction training,
parallels human spatial cognition (Larkin & Simon, 1987). In a preliminary human validation
(Appendix J, n = 11), participants who drew the layout themselves answered less accurately
than when a correct layout was supplied (With accuracy 0.87 vs. 0.98). Reconstructing
spatial structure is harder than reading a provided layout, for humans and models alike.

The consistency analysis (Table 3) tells a complementary story. Construction training im-
proves consistency between the model’s sketch and its answer far more than comprehension
training does. The mechanism is intuitive: when the sketch is accurate, it reinforces the
textual answer; when it remains flawed, better comprehension only makes the model more
aware of the conflict between its noisy sketch and the description. The confusion matrices
(Appendix, Figure 5) corroborate this: construction training reduces confusions between
spatially adjacent classes, sharpening directional boundaries.

Table 4 tests whether these gains extend beyond TEXT2SPACE by evaluating all three base
models (QWEN3-30B, LLAMA-3-8B, and LLAMA-3-70B) on three external benchmarks un-
der zero-shot prompting, without ASCII at inference time. Construction training (FTD→A) is
the only one of the three configurations with generally non-negative deltas on all benchmark
cells. Comprehension training alone (FTD←A) is inconsistent: it degrades STEPGAME, which
tests precise directional navigation, for all three models, while its large gains on SPARTQA,
which emphasizes parsing complex spatial language, appear only for QWEN3-30B and
LLAMA-3-70B, indicating that comprehension alone cannot substitute for construction.
Bidirectional training (FTD↔A) further improves over construction alone on several model–
benchmark pairs (Table 4), showing that comprehension reinforces construction.
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Model STEPGAME BABI Task 19 SPARTQA

QWEN3-30B (base) 54.9 17.8 26.5
W/ Construction (FTD→A) +9.9 +17.0 +43.3
W/ Comprehension (FTD←A) −6.1 +10.7 +44.2
W/ Bidirectional (FTD↔A) +8.4 +20.6 +49.0

LLAMA-3-8B (base) 44.8 17.7 51.3
W/ Construction (FTD→A) +1.5 +2.6 +9.9
W/ Comprehension (FTD←A) −0.2 +4.7 −3.4
W/ Bidirectional (FTD↔A) +7.0 +10.2 +5.5

LLAMA-3-70B (base) 55.7 56.3 59.2
W/ Construction (FTD→A) +10.7 +4.4 +13.5
W/ Comprehension (FTD←A) −4.3 −12.1 +13.6
W/ Bidirectional (FTD↔A) +2.3 −0.5 +21.3

Table 4: Accuracy on STEPGAME, BABI Task 19, and SPARTQA under a zero-shot setting
without ASCII at inference time. STEPGAME evaluation uses the SpaRP PS2 1k test split.
Fine-tuned rows report deltas relative to each base model, with the best delta per benchmark
and model in bold.

6 Conclusion

We investigate whether training language models to construct explicit spatial layouts can
instill generalizable spatial understanding. Using ASCII grids as a diagnostic instrument
that is text-native, human-readable, and structurally verifiable, we introduce TEXT2SPACE,
a benchmark to separate construction failures from reasoning failures.

Our results reveal a clear read-write asymmetry: models interpret spatial layouts effectively
but struggle to construct them from text, and these construction errors propagate to down-
stream reasoning. Consistency analysis further shows that agreement between a model’s
ASCII and its textual answer is an unsupervised reliability signal: accuracy is far higher
when they agree. Training models to construct layouts addresses this bottleneck directly:
spatial reasoning from text improves even without sketching at inference time, and the
benefit transfers to three external benchmarks. Only construction training generalizes across
all benchmarks and models, and adding comprehension on top generally yields the largest
gains on linguistically complex tasks. The spatial understanding gained through layout
construction thus transfers beyond the training format.

Limitations and Future Work

Every boundary of this study follows from one requirement: the intermediate layout must
be verifiable relation by relation, since that is what separates construction failures from
reasoning failures. ASCII grids meet it, and TEXT2SPACE uses a categorical vocabulary of
fixed-frame 2D relations, which places projective relations, free-form spatial language, and
3D beyond what we measure. The study is text-only, and visual settings remain untested.
Configurations are capped at eight components and twelve relations, a scale at which the
strongest tested model still draws only about half of the relations correctly (Table 1).

Each boundary is also a direction. Replacing the ASCII target with coordinate lists or scene
graphs while holding data and training fixed would test whether the medium matters or
only the act of construction. Projective relations (“behind”) and full 3D descriptions first
require establishing unambiguous ground truth, since “above” may mean directly overhead
or merely higher. The human preference for 2D projections (Tversky, 2011) suggests stacked
2D slices as a first step. A multimodal model could likewise construct layouts grounded
in images, and we expect the same read-write asymmetry on visual benchmarks such as
VSI-Bench (Yang et al., 2025) and OmniSpatial (Jia et al., 2026). Because TEXT2SPACE is
constructed procedurally, scaling to more components and relations is a direct extension.
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Appendix

A Dataset Details

Table 5 summarizes the possible values for each field in TEXT2SPACE. The dataset is in
English, covering various terminologies including cardinal directions (e.g., ‘North’), clock-
face references (e.g., ‘3 o’clock’), and standard spatial prepositions (e.g., ‘left of’). Figure 4
and Table 8 provides an overview of statistics for the full dataset and test set.

Field Possible Values

query_type full, vertical, horizontal
label (full) above, below, left, right,

upper-left, upper-right,
lower-left, lower-right

label (vertical) above, below, same level
label (horizontal) left, right, same column
terminology_used spatial, cardinal, clock,

spatial+cardinal,
spatial+clock,
cardinal+clock,
spatial+cardinal+clock

ascii simple, grid, panel
num_components 2–8
num_relations 1–12
is_directly_stated true, false
has_unique_layout true, false
ambiguous_stages 0–11

Table 5: TEXT2SPACE Dataset Schema, including spatial query types, terminology variations,
and structural constraints (components and relations).

B ASCII Format Choice

Using three different ASCII representations as input, we conduct two experiments to
determine the most suitable format. The first experiment evaluates the interpretation of
natural language descriptions from ASCII (ASCII→ Desc), while the second assesses spatial
reasoning directly from ASCII (RASCII). As shown in Table 6, performance on ASCII→ Desc
is comparable across all three formats. In contrast, forRASCII, the grid-based representation
yields substantially higher performance. Accordingly, we adopt the grid format in all
subsequent experiments.

ASCII Format QWEN3-30B-A3B

ASCII→ Desc
simple 57.2
grid 55.8
panel 54.5

RASCII

simple 76.8
grid 83.2
panel 79.2

Table 6: Accuracy of QWEN3-30B-A3B across the three ASCII formats. The grid format
offers the strongest reasoning performance and is adopted in all subsequent experiments.
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Figure 4: Distribution of (a) number of components, (b) number of relations, and (c) number
of ambiguous stages. An ambiguous stage occurs when a newly introduced relation does not
uniquely determine the position of an entity relative to those already placed; higher counts
indicate configurations requiring more transitive inference steps. The dataset contains
20,000 instances with an average of 5.7 components and 6.4 relations.

C Training configurations

Configuration Value

Base Model QWEN3-30B-A3B
Frameworks HuggingFace Transformers, TRL, PEFT
Fine-tuning Method LoRA (Rank r = 16, α = 32)
Target Modules q, k, v, o, gate, up, down projections
Precision bfloat16
Optimizer AdamW
Learning Rate 2× 10−4 (Cosine Schedule)
Batch Size 4 (per device)
Gradient Accumulation 4 steps
Epochs 1
Dataset Split 4,000 (Train) / 500 (Validation)
Hardware 4× NVIDIA A40

Table 7: Training configuration details.

For LLAMA-3-8B-INSTRUCT and LLAMA-3-70B-INSTRUCT (Table 4), we keep the same data
split, objectives, and LoRA rank, apply the adapters to the attention projections (q, k, v, o),
and train for one epoch with a learning rate of 1× 10−4 and an effective batch size of 16;
LLAMA-3-70B is loaded in 8-bit precision (QLoRA) to fit GPU memory.

D Confusion matrices for spatial reasoning predictions

Figure 5 presents the confusion matrices for spatial reasoning predictions before and after
fine-tuning on the ASCII–description conversion tasks. Fine-tuning results in stronger
concentration along the diagonal and reduces systematic confusions between spatially
related classes, indicating that the residual errors concentrate less on spatially adjacent
relations after fine-tuning.
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Model:Task: Qwen3 30B A3b Instruct

Model: Qwen3 30B A3b Instruct - Finetuned
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Task:

Figure 5: Confusion matrices for spatial reasoning predictions by Qwen3-30B-A3B before
and after fine-tuning (Qwen3-30B-A3B FTD→A). The top row ((A)-(B)) shows results on
the text-only spatial reasoning task (RDesc), while the bottom row ((C)-(D)) shows results
when ASCII is generated as an intermediate step (RDesc:(Ans, ASCII)). Left panels ((A),(C))
correspond to the base model, and right panels ((B),(D)) to the fine-tuned model. Rows
indicate ground-truth spatial relations and columns indicate predicted relations. Darker
diagonal cells indicate correct predictions.
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Property Full Test

Instances 20,000 1,000

Structural properties
Components (range) 2–8 2–8
Components (µ) 5.67 5.67
Relations (range) 1–12 1–12
Relations (µ) 6.44 6.33
Direct relations (%) 52.4 53.2
Unique layouts (%) 41.9 42.4
Ambiguous stages (µ) 4.13 4.02

Query type (%)
Full 33.3 33.7
Vertical 33.3 32.6
Horizontal 33.3 33.7

Terminology (%)
Spatial 14.3 14.9
Cardinal 14.3 14.3
Clock 14.3 14.7
Spatial + Cardinal 14.3 15.4
Spatial + Clock 14.3 12.2
Cardinal + Clock 14.3 13.5
All three 14.3 15.0

Table 8: Dataset statistics for the full dataset and the evaluation subset.

E F1 Scores

Table 9 reports the F1 scores for spatial reasoning tasks. In line with Table 2, reasoning from
ASCII alone generally outperforms reasoning from descriptions alone. While generating
ASCII before answering hurts performance without fine-tuning, fine-tuning with explicit
ASCII generation, either unidirectional (Desc→ASCII) or bidirectional (Desc↔ASCII), con-
sistently improves performance when only descriptions are available at inference time.

F Accuracy on Inconsistent Instances

Table 10 reports accuracy on inconsistent instances (Inc_Acc) alongside C_Acc from Table 3.
Across all nine models, Inc_Acc lies well below the corresponding overall accuracy: dis-
agreement between the generated ASCII and the stated answer signals a probable error,
without reference to ground truth. The effect is most pronounced after construction training,
where Inc_Acc (30.9–41.4%) falls to approximately half of the overall accuracy (79.1–82.5%),
establishing inconsistency as a reliable, label-free indicator of error.

One-turn generation Two-turn generation

Model RDesc:(Ans, ASCII) RDesc:(ASCII, Ans) RDesc:(Ans, ASCII) RDesc:(ASCII, Ans)

C_Acc Inc_Acc C_Acc Inc_Acc C_Acc Inc_Acc C_Acc Inc_Acc

QWEN2.5-7B 65.2 37.1 64.4 29.6 69.3 35.3 56.9 35.4
LLAMA-3-70B 87.7 39.9 83.8 35.0 89.9 37.2 81.9 36.9
GPT-4.1 94.9 62.4 90.2 60.1 93.9 58.6 86.0 59.4
GPT-OSS-20B 97.0 85.9 96.9 76.3 96.7 84.0 91.6 74.3
QWEN3-235B 95.0 61.5 89.9 62.2 93.2 67.3 84.1 55.1
QWEN3-30B 88.5 56.2 82.5 52.8 88.8 59.3 75.7 60.3
QWEN3-30B FTD→A 97.5 41.4 96.5 34.6 98.1 30.9 96.7 35.5
QWEN3-30B FTD←A 84.9 57.1 81.2 60.7 85.7 58.4 69.7 59.6
QWEN3-30B FTD↔A 97.4 42.2 96.6 46.7 96.9 44.3 94.2 46.0

Table 10: Accuracy on consistent (C_Acc, from Table 3) and inconsistent (Inc_Acc) instances
across generation settings. Instances without parsable ASCII are excluded (at most 2%).
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Model RDesc RASCII RDesc(Ans, ASCII) RDesc(ASCII, Ans) RDesc+ASCII

One-turn generation
QWEN2.5-7B 37.7 33.4 38.6 33.9 48.3
LLAMA-3-70B 63.3 62.2 62.3 52.2 68.8
GPT-4.1 81.2 85.8 82.2 77.5 89.6
GPT-OSS-20B 91.9 92.0 93.2 90.5 96.8
QWEN3-235B-A22B 81.9 86.4 81.5 79.6 88.0
QWEN3-30B-A3B 72.3 80.3 69.6 66.2 81.3
QWEN3-30B-A3B FTD→A 79.4 72.7 79.5 76.9 81.9
QWEN3-30B-A3B FTD←A 71.4 84.1 67.4 69.4 84.7
QWEN3-30B-A3B FTD↔A 78.2 73.3 80.0 79.3 82.6

Two-turn generation
QWEN2.5-7B 38.6 38.6 46.9
LLAMA-3-70B 61.0 56.2 67.2
GPT-4.1 81.0 76.1 90.0
GPT-OSS-20B 92.3 86.8 94.0
QWEN3-235B-A22B 83.0 73.1 85.0
QWEN3-30B-A3B 71.8 64.1 78.8
QWEN3-30B-A3B FTD→A 76.2 74.9 78.3
QWEN3-30B-A3B FTD←A 68.2 57.8 82.6
QWEN3-30B-A3B FTD↔A 77.3 74.0 80.1

Table 9: F1-score results. The best result is shown in bold, and the second-best is underlined.
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G Data Generation Pipeline

Pseudo-code for the spatial dataset generation pipeline with multi-dimensional balancing.

Algorithm 1 Text2Space Dataset Generation
Require:
1: Ntarget: Target count
2: Rcomp, Rrel : Complexity ranges (components, relations)

Ensure:
3: D: Final spatial dataset
4: D ← ∅
5: Initialize Tracker to monitor distribution
6: while |D| < Ntarget do

1. Select Parameters
7: Identify imbalanced categories using Tracker
8: P← select parameters (e.g., node count) to balance

2. Build Connected Structure
9: V ← {A, B, C, . . . }

10: G ← (V, E = ∅)
11: C ← {Random(V)}
12: while V \ C ̸= ∅ do
13: u← Random(V \ C)
14: v← Random(C)
15: dir ← Random(8 Compass Directions)
16: if edge (u, v, dir) is valid then
17: E← E ∪ {(u, v, dir)}
18: C ← C ∪ {u}
19: end if
20: end while
21: Add extra relations to E to reach target complexity

3. Generate Description
22: S← Random({Spatial, Cardinal, Clock})
23: Desc← GRAPHTONATURALLANGUAGE(G, S)

4. Create Query
24: Pin f er ← Identify uniquely inferable pairs in G
25: (Q, A)← Sample pair and Type from Pin f er
26: Determine if relationship is Direct vs. Inferred

5. Render Visualizations
27: Vis← RENDERASCII(G, {Simple, Grid, Panel})

6. Apply Rejection Sampling
28: I ← {G, Desc, Q, A, Vis, S}
29: ∆← CALCBALANCEDEVIATION(I, Tracker)
30: if I worsens balance then
31: Reject with probability P ∝ ∆2

32: else
33: D ← D ∪ {I}
34: Update Tracker with instance I
35: end if
36: end while
37: return D
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H Evaluation Algorithm for ASCII and Descriptions

Pseudo-code for evaluating generated descriptions and ASCII layouts.

Algorithm 2 Evaluate Description vs. ASCII Layouts
Require:
1: G: ASCII Grid (Model Output)
2: D: Natural Language Description
3: Mode: "verify_ascii" or "verify_desc"

Ensure:
4: R: Result tuple (Pass, Accuracy, Breakdown)

1. Parse Description
5: Segs← Split(D, {., , })
6: Claims← ∅, Bad← ∅
7: for s ∈ Segs do
8: Match s with patterns (e.g., "A is left of B")
9: if match found then

10: (u, v, dir)← Extract(s)
11: Claims.add((u, v, dir))
12: else
13: Bad.add(s)
14: end if
15: end for
16: ObjsT ← UniqueObjects(Claims)

2. Build Grid Graph
17: Pos← ScanCoordinates(G)
18: Normalize Pos (top-left at 0,0)
19: Truth← ∅
20: for (u, v) ∈ Pos do
21: d⃗← Pos[u]− Pos[v]
22: Truth[u, v]← VectorToDir(d⃗)
23: end for

3. Validate Relations
24: Corr ← ∅, Err← ∅
25: for (u, v, dir) ∈ Claims do
26: if u /∈ Pos or v /∈ Pos then
27: Err.add((u, v, "Missing"))
28: else
29: if dir == Truth[u, v] then
30: Corr.add((u, v, dir))
31: else
32: Err.add((u, v, Truth[u, v]))
33: end if
34: end if
35: end for

4. Final Scoring
36: if Mode == "verify_desc" then ▷ ASCII is Truth
37: Pass← (Err = ∅)
38: else ▷ Text is Truth
39: Extra← Pos.keys \ObjsT
40: Pass← (Err = ∅ ∧ Bad = ∅ ∧ Extra = ∅)
41: end if
42: Acc← |Corr|/|Claims|
43: return {Pass, Acc, Corr, Err, Bad}
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I Evaluation Algorithm for Consistency

Pseudo-code for evaluating the consistency between generated ASCII layouts and query
relations.

Algorithm 3 Evaluate Consistency Between ASCII Grid and Reference relations
Require:
1: G: ASCII representation (Model Grid)
2: Q: Natural language query
3: L: Reference label (relation)

Ensure:
4: R: Evaluation result (correctness, objects, relations)

1. Parse the Query
5: Match Q vs. patterns: "Vertical", "Horizontal", or "Full"
6: Extract target objects X and Y from Q
7: if no valid pattern found then
8: return ERROR("Query parsing failed")
9: end if

2. Parse the ASCII Grid
10: Scan G to find coordinates for all characters
11: Pos← {(obj, x, y) | obj found in G}
12: if X /∈ Pos or Y /∈ Pos then
13: return ERROR("Queried object missing in grid")
14: end if
15: Normalize Pos so top-left object is at (0, 0)

3. Infer Relation from Grid
16: (x1, y1)← Pos[X], (x2, y2)← Pos[Y]
17: Relin f ← ∅
18: if Type is "Vertical" then
19: if y1 < y2 then Relin f ← "above"
20: else if y1 > y2 then Relin f ← "below"
21: else Relin f ← "same level"
22: end if
23: else if Type is "Horizontal" then
24: if x1 < x2 then Relin f ← "left"
25: else if x1 > x2 then Relin f ← "right"
26: else Relin f ← "same column"
27: end if
28: else ▷ Full Spatial Query
29: Compute vector v⃗ = (x1 − x2, y1 − y2)
30: Relin f ←Map v⃗ to {upper-left, below, right, ...}
31: end if

4. Compare with Reference Label
32: Match← (LowerCase(Relin f ) == LowerCase(L))
33: R← {Pass : Match, Exp : L, Act : Relin f }
34: return R
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J Human Validation

Human Validation Setup. To quantify the impact of different input formats on spatial
reasoning accuracy, we conducted a controlled human validation study with 11 evaluators
divided into two groups: Team A (n = 7) and Team B (n = 4). The study used a within-
subjects design in which question sets were counterbalanced across formats, disentangling
the effect of input format from question difficulty. We curated three problem sets (Set X,
Set Y, and Set Z), each containing 10 spatially complex examples, and assigned them to
three sessions using the Description-only, ASCII-only, and Description+ASCII formats (Ta-
ble 11). In the Description-only session, participants were given a blank grid worksheet and
asked to draw the described layout before selecting an answer, mirroring the Desc→ASCII
construction task we pose to models. No drawing was required in the other two sessions,
where a correct layout was already supplied.

• Sessions 1 and 3 (Crossover): We swapped the assignment of problem sets and
formats between teams. Team A solved Set X using Description-only (Session 1)
and Set Y using Description+ASCII (Session 3). Conversely, Team B solved Set Y
using Description-only (Session 1) and Set X using Description+ASCII (Session 3).

• Session 2 (ASCII Visualization): Both teams evaluated Set Z using the ASCII-only
format. Performance was similar across groups (Team A: 0.986, Team B: 0.950).

This cross-over design enables that Sets X and Y were evaluated in both text-only and
combined formats, allowing for a direct comparison on semantically identical questions.

Task Sessions Team A (n = 7) Team B (n = 4)

Session 1 Description Only Description Only
(Draw-then-Answer) (Set X) (Set Y)

Session 2 ASCII Only ASCII Only
(ASCII Visualization) (Set Z) (Set Z)

Session 3 Desc + ASCII Desc + ASCII
(Description+ASCII) (Set Y) (Set X)

Table 11: Human Validation Study Design. The experiment followed a three-session protocol
with counterbalanced question sets.

Validation Results Table 12 shows the substantial improvement achieved when reasoning
from an ASCII-augmented description compared to reasoning from the description alone.

Question Set Desc Only Desc + ASCII Improvement
(NL Format) (Combined)

Set X 0.857 (Team A) 0.975 (Team B) +0.118
Set Y 0.875 (Team B) 0.986 (Team A) +0.111

Average 0.866 0.981 +0.115

Table 12: Human performance comparison across different input formats, reported in
percentage points. Counterbalancing Sets X and Y controls for question difficulty.

Participants and Ethics We assessed the need for ethical review: the study consists of
benign behavioral tasks with no collection of personally identifiable information (PII), and
participants responded through a form without recorded identifiers.
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Figure 6: Overview of the human validation interface and instruction protocol. Participants
solved spatial reasoning tasks across three counterbalanced sessions: (1) Text Description
Only, (2) ASCII Visualization Only, and (3) Combined Text + ASCII. We use Google Form to
collect the response from the participants. The interface requires participants to select the
most precise directional term from a standardized drop-down menu.
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