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Abstract

Spatial perspective transformation is a funda-
mental component of human spatial cognition,
yet it remains unclear whether large language
models (LLMs) can exhibit robust spatial rea-
soning abilities that support such transforma-
tions. We introduce a controlled dataset in-
spired by cognitive science studies, combining
route-view and survey-view descriptions across
multiple environmental topologies. Experi-
ments on both open-source and closed-source
LLMs show that models readily learn within-
perspective reasoning but continue to strug-
gle with cross-perspective transformation, es-
pecially from route-view to survey-view rea-
soning. The learnt capabilities remain strongly
topology-dependent and generalise asymmet-
rically between within-perspective and cross-
perspective settings. Scaling substantially im-
proves allocentric and within-perspective rea-
soning, but does not uniformly resolve cross-
perspective transformation difficulty, while
chain-of-thought prompting provides little ben-
efit. Overall, our results suggest that cur-
rent LLMs do not consistently demonstrate
perspective-invariant spatial reasoning across
perspectives and environments. Code and
datasets are available at this link.

1 Introduction

Humans routinely reason about space when navigat-
ing environments, interpreting maps, or following
spatial instructions. Such abilities have long been
studied in cognitive psychology as fundamental
components of human cognition (Waller and Nadel,
2013; Denis, 2017). At the same time, recent large
language models (LLMs) have demonstrated in-
creasingly strong reasoning abilities across a wide
range of tasks (Grattafiori et al., 2024; Yang et al.,
2025; Guo et al., 2025; OpenAl, 2025), raising the
question of whether such models can also acquire
robust spatial reasoning capabilities.

One important form of spatial reasoning con-
cerns transformations between route-view and

survey-view representations. Route-view descrip-
tions adopt a first-person perspective: As you leave
the Capitol going along the Mall, the first building
you pass on your right is ... Survey-view descrip-
tions, by contrast, describe the environment from
a global bird’s-eye perspective: At the east end of
the Mall stands the Capitol and at the west end
These two perspectives correspond broadly
to egocentric and allocentric spatial representa-
tions, respectively. The ability to switch between
them—commonly referred to as perspective trans-
formation—has been widely studied in cognitive
psychology (Tversky, 1991; Taylor and Tversky,
1992; Tversky, 1993). In this paper, we investigate
whether LLMs can perform such transformations
and whether their behaviours show qualitative sim-
ilarities to those reported in human studies.
Recent work has increasingly examined perspec-
tive taking in LLMs and multimodal language mod-
els. However, most prior work focuses on view-
point shifts between egocentric observers (Pata-
nia et al., 2025), while transformations between
route-view and survey-view representations remain
underexplored. This raises a question: Do LLMs
exhibit behaviour consistent with stable spatial rep-
resentations that generalise across perspectives
and environments, or do they instead rely on more
local and context-dependent reasoning strategies?
To investigate these questions, we construct a
controlled dataset for spatial perspective transfor-
mation inspired by cognitive psychology exper-
iments. The dataset combines route-view and
survey-view descriptions and questions across mul-
tiple topologies, allowing us to disentangle per-
spective consistency, perspective transformation,
and topology-dependent effects. We evaluate both
open-source and closed-source LLLMs in finetun-
ing and zero-shot settings, and further study the
robustness of perspective transformation through
generalisation, scaling, and prompt engineering.
Our results suggest that current LLLMs do not yet
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exhibit robust perspective transformation behaviour
that generalises across perspectives and environ-
mental topologies. Although models can learn cer-
tain forms of within-perspective reasoning through
finetuning and scaling, these capabilities remain
highly dependent on environmental topology and
degrade substantially under cross-perspective trans-
formation. This pattern suggests that current LLMs
may rely on context-sensitive reasoning behaviours
that do not consistently generalise across spatial
perspectives and environments. More broadly, our
findings position spatial perspective transformation
as a useful behavioural probe of whether LLMs can
generalise spatial reasoning beyond surface-level
task patterns.

2 Related Work

Spatial reasoning has long been studied in cognitive
psychology, where researchers investigated how
humans comprehend spatial information, construct
mental models, and reason about spatial environ-
ments (Byrne and Johnson-Laird, 1989; Ragni and
Knauff, 2013). Prior work suggests that humans
construct mental representations through structured
reasoning processes while often overlooking alter-
native spatial interpretations. Another major line of
research focuses on perspective taking, particularly
between route (egocentric) and survey (allocentric)
representations. Early work by Siegel and White
(Siegel and White, 1975) distinguished between
route and survey knowledge in the development
of spatial representations, while subsequent stud-
ies further examined the roles of landmark, route,
and survey knowledge in navigation (Werner et al.,
1997). Empirical studies have shown that route and
survey representations differ not only in representa-
tional format but also in the cognitive processes re-
quired to construct and manipulate them (Tversky,
1991, 1993). Additional work further demonstrated
that original orientation can significantly affect spa-
tial reasoning accuracy (Shelton and McNamara,
2004; Shelton and Pippitt, 2007).

In recent years, textual spatial reasoning has at-
tracted growing attention in NLP, leading to bench-
marks such as SpartQA (Mirzaee et al., 2021),
SpaRTUN (Mirzaee and Kordjamshidi, 2022), and
StepGame (Shi et al., 2022). With the emergence
of LL.Ms, increasing work has examined their spa-
tial reasoning abilities in few-shot and zero-shot
settings, reporting persistent limitations and human-
like biases in spatial inference (Li et al., 2024; Ful-

man et al., 2024; Cohn and Blackwell, 2025). How-
ever, most existing work focuses on local spatial
reasoning rather than perspective transformation
across spatial reference frames.

More recent work has examined spatial reason-
ing and perspective taking in vision-language mod-
els (VLMs) and multimodal large language models
(MLLMs), typically focusing on viewpoint trans-
formations between observers. Empirical analyses
report systematic limitations in spatial inference in
MLLMs (Shiri et al., 2024). Visual perspective-
taking has been evaluated through tasks requir-
ing models to adopt alternative observer view-
points, revealing persistent difficulties in shifting
away from egocentric representations (Goéral et al.,
2025). Other studies document strong egocentric
biases in VLMs (Wang et al., 2026a), while cog-
nitively inspired intermediate representations im-
prove cross-perspective reasoning (Leonard and
Murray, 2026). Some work also investigates collab-
orative spatial integration across partial viewpoints
(Sikarwar et al., 2026) and spatial mental model-
ing from limited visual observations (Wang et al.,
2026b), highlighting the difficulty of constructing
global spatial representations.

While related, these studies primarily investigate
observer-based viewpoint shifts in visual environ-
ments. The most similar work to ours is Spatial-
Text (Jiang et al., 2026). This benchmark broadly
evaluates text-based spatial cognition using human-
annotated indoor scenes and code-generated spatial
relations, with perspective transformation included
as one component of a wider task taxonomy. In
contrast, our work isolates route—survey transfor-
mation as the central experimental variable through
paired route-view and survey-view descriptions and
questions in linguistic spatial reasoning, a setting
central to human spatial cognition research but still
underexplored in language models.

3 Task Definition and Dataset
Construction

We study spatial perspective transformation, which
requires reasoning across different spatial reference
frames. In humans, this ability has been extensively
studied in cognitive science as a fundamental com-
ponent of spatial reasoning. We are interested in
whether LL.Ms exhibit such abilities in zero-shot
settings or can acquire them through finetuning.
Following prior work in human spatial cognition,
we consider two fundamental perspectives: route
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(a) Template 1: Main-road with U-shaped branches (b) Template 2: Perimeter loop

s

(c) Template 3: T-junction layout (d) Template 4: Radial plaza layout

Figure 1: Draft of four templates. Lines indicate linear landmarks. Dots indicate point landmarks. The circle in (d)

indicates the plaza. Arrows indicate the traversal order.

and survey. The route perspective corresponds to
an egocentric viewpoint, where spatial relations
are described relative to the observer’s orientation
(i.e., left, right, front, and back) as the observer
moves through an environment. In contrast, the
survey perspective corresponds to an allocentric,
bird’s-eye representation, where spatial relations
are expressed using global cardinal and intercardi-
nal directions such as north, east, and northeast’.

In prior cognitive psychology experiments, hu-
man participants are given a textual description
of an area containing multiple landmarks and are
asked to determine the spatial relation between two
landmarks in either the same or a different perspec-
tive. We adopt a similar setup in this work. The
area contains both linear landmarks (e.g., roads,
rivers, beaches) and point landmarks (e.g., hotels,
museums, theaters). The model must infer the tar-
get spatial relation from the description and answer
the question. Both the description and the question
can be presented in either route-view or survey-
view form, resulting in four descripton-question
combinations: route-to-route (RR), route-to-survey
(RS), survey-to-route (SR), and survey-to-survey
(SS). RR and SS require reasoning within the same
spatial reference frame, while RS and SR addition-
ally require perspective transformation between
egocentric and allocentric representations. For RS,
we additionally specify the observer’s initial facing
direction to ground the egocentric route description
within the global coordinate system.

In prior cognitive psychology experiments, spa-
tial descriptions and questions are written manually.
However, this process is both labour-intensive and
difficult to control, and may unintentionally intro-
duce commonsense or linguistic biases. To address
this issue, we design an automatic generation and
annotation pipeline for constructing synthetic area

'When we refer to “north”, we specifically mean due north
(i.e., 0° on the compass). And “northeast” means any direction
strictly between due north and due east. The same convention
applies to other (inter)cardinal directions.

descriptions and question-answer pairs. To study
how different area layouts affect spatial reasoning
performance, we define four templates with distinct
environmental topologies, as shown in Figure 1.

Template 1 (Main-road with U-shaped
branches). The area is bounded on all four sides,
with one boundary serving as a main road. Three
secondary roads connect to the main road in a U-
shaped structure. The description starts at one end
of the main road and proceeds along it. Whenever
a secondary road is encountered, the observer tra-
verses the secondary-road loop before returning to
the main road and continuing forward. Landmarks
are placed along both sides of all traversed roads.

Template 2 (Perimeter loop). The area is en-
closed by four boundaries forming a rectangular
loop. The description starts at one corner and fol-
lows the perimeter before returning to the starting
point. Landmarks are placed along both sides of
each boundary segment.

Template 3 (T-junction layout). The area con-
sists of two intersecting roads forming a T-junction.
The description begins at one end of the main road.
After reaching the intersection, the observer tra-
verses the secondary road to its end, returns to the
intersection, and then continues along the main
road until reaching the opposite end. Landmarks
are placed along both sides of both roads.

Template 4 (Radial plaza layout). The area
contains a central plaza from which four roads ex-
tend radially in the cardinal directions. The descrip-
tion starts at the plaza and traverses each road in
turn: the observer walks to the end of a road, re-
turns to the plaza, and then continues with the next
road until all four roads have been visited. Land-
marks are placed along both sides of each road.

To construct the dataset, we first define a sym-
bolic spatial layout for each template, specifying
the environmental topology and traversal structure
of the area. For each instance, a set of landmarks
is randomly sampled and assigned to valid loca-
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tions within the layout. Each point landmark is
attached to exactly one linear landmark and asso-
ciated with a relative position along that landmark
(e.g., one quarter along the main road). Based on
this symbolic representation, we automatically gen-
erate both route-view and survey-view textual de-
scriptions using predefined description templates.

To generate question-answer pairs, we manually
define a set of question templates corresponding to
spatial relations that are linguistically natural and
unambiguous. For each question instance, valid
landmark pairs satisfying the constraints of the se-
lected question template are randomly sampled.
The correct answer is then computed automatically
from the underlying symbolic spatial layout.

Although every instance from the same template
shares the same underlying topology, we vary the
global orientation, landmark identities, the number
of point landmarks attached to each linear land-
mark, their side assignments, and their relative po-
sitions along the attached linear landmarks. These
sources of variation make individual areas highly
diverse and substantially reduce the possibility of
memorising specific instances.

Each generated area therefore yields both
route-view and survey-view descriptions, together
with corresponding route-view and survey-view
question-answer pairs. For each template, we gen-
erate 200 areas for training and 20 areas for testing.
Each area contains 20 route-view and 20 survey-
view question-answer pairs. In other words, train-
ing/test sets are split at the area level, rather than at
the question-answer pair level. All question-answer
pairs generated from the same area are assigned to
the same split. The route-view and survey-view
descriptions of the same area are also kept together.
Example instances for all templates are provided
in Appendix B. We also provide ground-truth label
distributions per template in Appendix C.

4 Experimental Setup

To examine LLLMs’ perspective transformation abil-
ity, we consider two open-source LLMs: LLaMA-
3.1 8B (Grattafiori et al., 2024) and Qwen-3.5 9B
(Qwen Team, 2026), and two closed-source LLMs:
GPT-5.2 (OpenAl, 2025) and Gemini-3 (Google,
2025). The input consists of a textual description
of an area together with a question asking about
the spatial relation between two landmarks. The
model is required to answer the question based on
the description. We train separate models for the

four description-question combinations (SS, SR,
RS, and RR) to match the different output spaces
and reasoning settings.

For supervised finetuning, we cast the task as a
classification problem over a fixed set of directional
labels. Open-source LLMs are obtained from Hug-
ging Face with a classification head added on top of
the language model. The classification head takes
the final-layer hidden state of the last input token as
input and outputs an N-dimensional vector, where
N = 4 for route-view questions and N = 8 for
survey-view questions. Inputs are truncated to the
model’s maximum sequence length. We finetune
LLMs via Low-Rank Adaptation (LoRA). We fol-
low the standard PEFT implementation with rank
8 and scaling factor o = 16. LoRA adapters are
applied to all attention projection layers (i.e., query,
key, value, and output projections). During fine-
tuning, the objective is to reduce the cross-entropy
loss between target labels and predicted labels. We
use the AdamW optimizer with default settings
(Loshchilov and Hutter, 2017). The learning rate
is linearly warmed up from O to 1e-4, then linearly
decayed to 0. The batch size is set to 8. We finetune
each model for 3 epochs. We do not perform exten-
sive hyperparameter tuning, as our goal is to probe
the general behaviour of LLMs rather than achieve
the best possible performance. To ensure fair com-
parison, we use the same training configuration
across all models. During inference, predictions
are made by selecting the label with the highest
logit. We use three random seeds 42, 123 and 418
and report the mean and standard deviation across
the three runs where appropriate.

For zero-shot evaluation of open-source mod-
els, we use the original causal language-model
checkpoints from Hugging Face. Each input is
inserted into a natural-language prompt asking the
model to generate an answer. The model is re-
quired to choose answer from the four (for route-
view questions) or eight (for survey-view ques-
tions) valid relations. Generated answers are nor-
malised using case folding, token splitting and
simple regular-expression rules before evaluation.
Since the prompt explicitly restricts outputs to the
provided choices, outputs that cannot be matched
to a valid label are counted as incorrect. We use
greedy decoding to ensure that the generated out-
puts are deterministic. Therefore, we report results
from a single run.

For closed-source models, we likewise use gen-
erative prompting. We query the official APIs and
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set temperature to 0 to minimise decoding variabil-
ity. We evaluate performance in a zero-shot setting
with different prompts. Results are reported from
a single run due to API cost constraints. Prompt
templates are provided in Appendix A.

5 Experiments and Results

In this section, we investigate whether LLMs
can acquire robust spatial perspective transforma-
tion abilities through supervision, and whether
the learnt capabilities generalise across environ-
ments, perspectives, and model scales. Rather
than focusing solely on overall task accuracy, we
aim to understand what types of spatial reasoning
can be learnt, how these abilities transfer across
description-question combinations, and whether
current LL.Ms exhibit spatial reasoning behaviour
that generalises consistently across perspectives.

To this end, we conduct a series of experiments
designed to answer the following research ques-
tions: (1) Can LLMs acquire spatial perspective
transformation abilities through supervised fine-
tuning? (2) Do the learnt spatial reasoning capa-
bilities generalise across different environmental
topologies and description-question combinations?
(3) How do different perspective transformation
abilities scale with model size? (4) Can frontier
closed-source LLMs solve the task through prompt-
ing alone, and does chain-of-thought prompting
improve spatial reasoning performance?

We first evaluate finetuned open-source LLMs
in different environment templates and analyse
their behaviour across spatial directions. We then
investigate generalisation across templates and
description-question combinations, followed by a
scaling analysis across multiple model sizes. Fi-
nally, we compare these findings with zero-shot
learning on different prompts on frontier closed-
source models.

5.1 Overall Performance

We first investigate whether supervised finetuning
enables LLMs to acquire spatial perspective trans-
formation abilities. We finetune LLaMA and Qwen
models on all four templates and evaluate them
under the four description-question combinations:
SS, SR, RS, RR. We further compare the finetuned
models with their zero-shot counterparts. Results
are shown in Table 1. Since route-view and survey-
view questions have different answer spaces, we
additionally report chance-normalised accuracy for

cross-combination comparison in Appendix D.1.

Across all templates and both models, the most
consistent pattern is that within-perspective com-
binations (i.e., SS, RR) substantially outperform
cross-perspective combinations (i.e., SR, RS). In
particular, SS achieves the highest and most stable
performance, with accuracies approaching perfect
performance across nearly all templates after fine-
tuning. RR also shows strong performance, espe-
cially on Template 3 and 4 where accuracies are
close to 1.0, and outperforms SR and RS on Tem-
plate 1 and 2. These results suggest that finetuned
LLMs readily acquire within-perspective spatial
reasoning abilities. The advantage of SS over the
other combinations further suggests that survey-
view reasoning is easier to learn than route-view
reasoning. Unlike route descriptions, which re-
quire sequential traversal tracking and continuous
orientation updating, survey descriptions provide
a global allocentric representation of the environ-
ment, making spatial relations more directly ac-
cessible to the models. Moreover, the strong RR
performance indicates that route-view description
itself is not inherently difficult for the models to
process. Instead, the primary challenge lies in trans-
forming spatial information between perspectives.

In contrast, cross-perspective reasoning remains
substantially more difficult after finetuning. Al-
though SR and RS improve over zero-shot per-
formance, their accuracies remain below SS and
RR. Interestingly, unlike the strong asymmetry ob-
served in zero-shot settings, where RS is consis-
tently the worst-performing combination, finetun-
ing largely reduces this gap, with SR slightly higher
in most cases. This suggests that supervision par-
tially helps models acquire perspective transfor-
mation abilities. Nevertheless, performance re-
mains highly dependent on both model and tem-
plate. In particular, LLaMA generally exhibits
stronger or at least comparable cross-perspective
performance compared with Qwen, especially in
templates where RS reasoning becomes substan-
tially more robust.

In the zero-shot setting, RS is consistently the
most difficult combination across all templates.
This provides a qualitative parallel with the dif-
ficulty of route-to-survey transformation reported
in prior human studies (Tversky, 1991).

Finally, substantial performance differences per-
sist across templates in both finetuned and zero-
shot settings. For example, Template 3 and 4 yield
stronger SR performance than the other two tem-
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SS SR RS RR
Finetune LLaMA | 091740.142 | 0.53540.015 | 0.531£0.024 | 0.626+0.064
Qwen 0.9834+0.022 | 0.523+0.009 | 0.491+0.013 | 0.544+0.012
Template 1
LLaMA 0.205 0.323 0.075 0.405
Zero-shot
Qwen 0.426 0.422 0.185 0.415
Finetune LLaMA | 0.9484+0.007 | 0.57440.004 | 0.47040.168 | 0.674=+0.003
Qwen 0.9534+0.013 | 0.53740.032 | 0.3254+0.059 | 0.6714+0.008
Template 2
LLaMA 0.233 0.350 0.072 0.310
Zero-shot
Qwen 0.387 0.305 0.234 0.328
Finetune LLaMA | 0.99840.003 | 0.62740.013 | 0.484+0.038 | 0.992+0.002
Temolate 3 Qwen 0.998+0.001 | 0.6294+0.013 | 0.5524+0.123 | 0.998+0.004
P LLaMA 0.328 0.140 0.090 0.355
Zero-shot
Qwen 0.376 0.280 0.189 0.347
Finetune LLaMA | 0.99940.001 | 0.5984+0.014 | 0.6264+0.099 | 1.000+0.000
Temvlate 4 Qwen 0.99740.006 | 0.612+0.010 | 0.284+0.031 | 0.997+0.004
P LLaMA 0.273 0.305 0.043 0.307
Zero-shot
Qwen 0.434 0.263 0.173 0.270

Table 1: Performance comparison between finetuned and zero-shot models across different description-question
combinations and templates. In the finetune setting, values are averaged over three runs and reported as mean +

standard deviation.

plates, indicating that the learnt spatial reasoning
remains strongly topology-dependent rather than
being consistent across environmental structures.
To further investigate whether finetuned models
exhibit stable direction-specific biases, we anal-
yse accuracy breakdowns across different direc-
tions for each description-question combination
(see Appendix G for detailed results). Overall, we
do not observe consistent direction-specific pat-
terns across templates or models. This suggests
that the learnt spatial reasoning strategies remain
highly context-dependent and topology-dependent.

5.2 Generalisation Ability

5.2.1 Cross-Template Generalisation

We next investigate whether the learnt spatial rea-
soning abilities generalise across environmental
topologies. For each description-question combi-
nation, we finetune Qwen on one template and
evaluate it on the remaining templates. Results
are shown in Table 2. Overall, we observe lim-
ited but non-trivial cross-template transfer, with
patterns strongly dependent on both description-
question combination and environmental topology.
In particular, SS exhibits substantially stronger gen-
eralisation than other combinations. For example,
models finetuned on Template 1 retain relatively
high performance on the remaining templates un-
der SS. This suggests that survey-view reasoning
captures more abstract allocentric relations that
transfer more effectively across environments. In

contrast, combinations involving route-view rea-
soning remain less transferable; these tasks addi-
tionally require sequential traversal and orientation
tracking, which vary with topology.

We also observe partial transfer between struc-
turally similar templates. In particular, Templates 1
and 2 exhibit relatively stronger mutual transfer in
SS, while Templates 3 and 4 show stronger mutual
transferability in almost all combinations. One pos-
sible explanation is that the models learn topology-
dependent traversal strategies that partially transfer
across environments with similar structures.

Cross-template generalisation in SR and RS re-
mains weak overall, especially in RS. Since Qwen
itself achieves only moderate in-domain perfor-
mance under these cross-perspective combinations,
the learnt perspective transformation abilities may
not generalise reliably across unseen environments.
Similar generalisation patterns are also observed
with LLaMA (Appendix D.2).

5.2.2 Cross-Combination Generalisation

We further investigate whether spatial reasoning
abilities learnt under one description-question com-
bination transfer to other combinations. Since
survey-view and route-view questions require dif-
ferent output spaces, we only evaluate transfer be-
tween combinations that share the same question
type. Specifically, we evaluate transfers between
RR and SR, and between RS and SS. Results on
Qwen are shown in Table 3.

Overall, we observe a clear asymmetry in
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finetune test Template 1 Template 2 Template 3 Template 4
Template 1 0.983+0.022 | 0.8314+0.045 | 0.75740.092 | 0.643+0.155

SS Template 2 0.6954+0.038 | 0.9534+0.013 | 0.46440.105 | 0.598+0.154
Template 3 0.482+0.005 | 0.523+0.077 | 0.998+0.001 | 0.692+0.144

Template 4 0.491£0.098 | 0.42240.168 | 0.622+0.085 | 0.997+0.006

Template 1 0.523+0.009 | 0.3454+0.007 | 0.40040.000 | 0.291+0.025

SR Template 2 0.35440.024 | 0.537+0.032 | 0.393+0.065 | 0.478+0.024
Template 3 0.443£0.009 | 0.4234+0.017 | 0.62940.013 | 0.527+0.036

Template 4 0.345+0.019 | 0.44240.020 | 0.529+0.034 | 0.612+0.010

Template 1 0.491+0.013 | 0.2364+0.003 | 0.3614+0.030 | 0.253+0.009

RS Template 2 0.22440.019 | 0.325+0.059 | 0.251+£0.034 | 0.236+0.019
Template 3 0.257£0.003 | 0.2184+0.028 | 0.55240.123 | 0.231+0.016

Template 4 0.203£0.028 | 0.2154+0.003 | 0.1914+0.014 | 0.284+0.031

Template 1 0.54440.012 | 0.352+0.014 | 0.438+0.069 | 0.282+0.011

RR Template 2 0.417£0.011 | 0.67140.008 | 0.55540.021 | 0.524+0.062
Template 3 0.499+0.001 | 0.515%+0.039 | 0.9984+0.004 | 0.785+0.041

Template 4 0.420+0.040 | 0.5254+0.014 | 0.843+0.004 | 0.997+0.004

Table 2: Cross-template generalisation results on Qwen. Each row indicates the template used for finetuning, while
each column indicates the template used for evaluation. Values are averaged over three runs and reported as mean +

standard deviation.

SR-to-RR

RS-to-SS

SS-to-RS

RR-to-SR
Template 1 | 0.487 (-0.057)
Template 2 | 0.467 (-0.204)
Template 3 | 0.655 (-0.343)
Template 4 | 0.610 (-0.387)

0.501 (-0.022)
0.486 (-0.051)
0.631 (+0.002)
0.623 (+0.011)

0.263 (-0.228)
0.256 (-0.069)
0.336 (-0.216)
0.246 (-0.038)

0.322 (-0.661)
0.213 (-0.740)
0.306 (-0.692)
0.308 (-0.689)

Table 3: Cross-combination generalisation results on Qwen. Each column “A-to-B” denotes finetuning on combina-
tion A and evaluating on combination B. The values in parentheses indicate the performance difference between the
accuracy on B and the original in-domain accuracy on A. All values are averaged over three runs.

cross-combination transfer. Transfer from within-
perspective combinations to cross-perspective com-
binations remains substantially weaker than the re-
verse direction. In particular, models finetuned on
SS experience dramatic performance drops when
evaluated on RS. This suggests that finetuning on
SS primarily teaches the model allocentric spatial
relations, without requiring the model to process
route-view representations or perform sequential
orientation tracking. As a result, the learnt capa-
bilities transfer poorly to route-view perspective
transformation tasks. In contrast, transfer from
RR to SR is more robust. One possible explana-
tion is that survey-view reasoning may already par-
tially exist in pretrained language representations,
whereas route-view reasoning requires more ex-
plicit learning during finetuning. Consequently,
models trained on route-view tasks may implic-
itly acquire some of the capabilities required for
survey-view reasoning.

Interestingly, transfer from cross-perspective
combinations to within-perspective combinations

remains relatively strong, especially from SR to
RR, where performance sometimes remains nearly
unchanged or even increases. This asymmetry
is consistent with cross-perspective tasks impos-
ing additional transformation requirements be-
yond those needed for the corresponding within-
perspective tasks. In other words, perspective trans-
formation may behave as a higher-level composi-
tional spatial skill that partially subsumes within-
perspective reasoning. We also observe consistent
patterns with LLaMA, as shown in Appendix D.2,
indicating that the behaviours are robust across ex-
amined model families.

5.3 Scalability

We then examine how spatial perspective reasoning
scales with model size using the Qwen-3.5 family,
including 0.8B, 4B, 9B, and 27B dense models.
Overall, performance improves with model size
in most cases, but the improvement is highly un-
even across description-question combinations and
templates. Results are shown in Figure 2.
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Figure 2: Model performance comparison between different model size from Qwen-3.5 family on all templates and

all description-question combinations.

The clearest scaling trend appears in the SS.
In all templates, SS shows the steepest improve-
ment: smaller models perform poorly, while perfor-
mance approaches saturation by 9B, leaving little
additional gain for the 27B model. This suggests
that survey-view reasoning is highly learnable with
scale. One possible explanation is that SS mainly
requires reasoning over global allocentric relations,
which are more directly encoded in text and do not
require sequential orientation tracking. RR also
benefits from scale in most templates, though the
effect is weaker and less consistent than in SS. In
particular, RR improves substantially in Templates
2-4, but remains relatively flat in Template 1.

The two cross-perspective combinations show
divergent scaling behaviour. SR exhibits relatively
flat scaling across templates, indicating that increas-
ing model size alone does not substantially im-
prove this transformation. In contrast, RS is highly
topology-dependent: it improves sharply in Tem-
plates 1 and 3, with the 27B model reaching high
accuracy, but remains weak in Templates 2 and
4. This suggests that scaling can alleviate route-
to-survey difficulty when the topology supports
relatively stable global reconstruction, but does not
uniformly solve perspective transformation.

Taken together, these results show that model
scale improves spatial reasoning selectively.
Within-perspective reasoning generally scales bet-
ter than cross-perspective reasoning. Larger mod-
els are better at learning within-perspective and
allocentric reasoning, but cross-perspective trans-
formation remains sensitive to environmental topol-
ogy. Thus, scaling alone does not consistently pro-
duce spatial reasoning behaviour that generalises
across topologies and perspectives.

5.4 Reasoning in Closed-Source LL.Ms

We finally evaluate frontier closed-source LLMs
under standard zero-shot, chain-of-thought (CoT)
prompting and combination-specific structured
CoT prompting, using GPT-5.2 and Gemini-3. CoT
prompting is constructed by appending Let’s think
step by step by tracking the location and direction
changes described in the description to the standard
zero-shot prompt. The structured CoT prompting
further gives step-by-step instructions to guide the
model to track current position and orientation. We
refer readers to Appendix A for the full prompt.
Due to API cost constraints, we evaluate CoT and
structured CoT only on Templates 2 and 3 using
GPT. Results are shown in Table 4.
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SS SR RS RR
GPT-zs 0.625 0.492 0.290 0.480
Template 1 .
Gemini-zs 0.900 0.963 0.777 0.887
GPT-zs 0.552 0.405 0.223 0.492
Temolate 2 GPT-cot 0.557 (+0.005) 0.405 (0) 0.242 (+0.019) | 0.470 (-0.022)
P GPT-scot 0.580 (+0.028) | 0.383 (-0.022) | 0.195 (-0.028) | 0.490 (-0.002)
Gemini-zs 0.672 0.958 0.583 0.905
GPT-zs 0.795 0.520 0.435 0.667
Temolate 3 GPT-cot 0.775 (-0.020) | 0.540 (+0.020) | 0.465 (+0.030) | 0.640 (-0.027)
P GPT-scot 0.775 (-0.020) | 0.495 (-0.025) | 0.440 (+0.005) | 0.637 (-0.030)
Gemini-zs 0.870 0.963 0.922 0.968
GPT-zs 0.625 0.422 0.253 0.475
Template 4 o
Gemini-zs 0.588 0.993 0.605 0.995

Table 4: Zero-shot performance of GPT and Gemini in different templates and description-question combinations.
“zs” denotes standard zero-shot prompting, “cot” denotes CoT prompting and “scot” denotes structured CoT
prompting. The values in parentheses indicate the performance difference between (structured) CoT prompting and

standard zero-shot prompting.

The two models exhibit substantially different
spatial reasoning profiles. Overall, GPT shows a be-
havioural pattern that shares some qualitative simi-
larities with findings reported in human spatial cog-
nition studies: SS consistently achieves the highest
performance, followed by RR and SR, while RS re-
mains the most difficult combination. This pattern
indicates that GPT performs more consistently on
survey-view reasoning, while route-to-survey trans-
formation remains challenging. Across templates,
GPT achieves its strongest overall performance on
Template 3, again suggesting topological variance.

In contrast, Gemini exhibits a markedly differ-
ent pattern. The model performs strongly on SR
and RR across templates, while SS and RS vary
substantially with the environment. Interestingly,
SS performance is sometimes even lower than RS
in Templates 3 and 4. These results suggest that
Gemini may rely more on local directional relations
and route-view reasoning strategies, rather than sta-
ble global survey representations. Consistent with
this interpretation, route-view questions (i.e., SR
and RR) remain relatively stable across templates,
while survey-view questions (i.e., RS and SS) show
much stronger topology dependence.

Finally, CoT and structured CoT prompting pro-
vide almost no improvement over standard zero-
shot prompting, even occasionally slightly de-
creases performance. This suggests that more ex-
plicit textual decomposition alone is insufficient
to reliably improve spatial perspective transforma-
tion. Instead, the difficulty may involve maintain-
ing and updating spatial information during reason-
ing. This interpretation is also consistent with prior

MLLM studies showing that explicitly visualising
intermediate spatial states can improve spatial rea-
soning performance, whereas purely textual reason-
ing chains often fail to provide comparable gains
(Wu et al., 2024, Li et al., 2025).

6 Conclusion

We investigate spatial perspective transformation
in LLMs using a controlled dataset inspired by
human spatial cognition studies. Our experi-
ments show that finetuning and scaling substan-
tially improve within-perspective reasoning, par-
ticularly under survey-view settings, while cross-
perspective transformation remains considerably
more difficult. The learnt capabilities general-
ize only partially across environment templates
and description-question combinations, and re-
main strongly topology-dependent. Experiments
on closed-source LLMs reveal qualitatively differ-
ent reasoning profiles, while CoT and structured
CoT prompting provide little improvement. To-
gether, these findings suggest that current LLMs
acquire useful but highly context-dependent spatial
reasoning behaviours, which do not yet generalise
robustly across perspectives and environments.

Limitations

Our work has several limitations. First, although
the proposed templates cover multiple environ-
mental topologies, future work could investigate
a broader range of spatial organisations and more
complex layouts. Second, our dataset is syntheti-
cally generated to ensure controllability and auto-
matic annotation, but the resulting descriptions may
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still differ linguistically from naturally occurring
spatial descriptions such as navigation instructions
or tourist guides. Third, while our task is inspired
by classic cognitive psychology experiments, it
is not an exact replication of the original human
studies. Future work could therefore evaluate hu-
man participants directly on our dataset to enable
better calibration of task difficulty and provide a
more direct behavioural comparison between hu-
mans and LLMs. Finally, our dataset focuses on
symbolic spatial reasoning from textual descrip-
tions, rather than embodied or interactive spatial
grounding, which remains an important direction
for future research.
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A Prompting Templates

In the following prompt templates, all italicised
text denotes placeholders that should be replaced
with the corresponding instance-specific content.
area_textual_description and question represents
the area description and question in the input, re-
spectively. additional_information will be replaced
by Assume that at the start of the description you
are facing xxx>. Use this information to answer the
following question. if the description is in route
view and the question is in survey view. Other-
wise, no additional information is provided. If the
question is in route view, choices will be replaced
by Choose answer from left, right, front and back.
Only give your answer. If the question is in survey
view, choices will be replaced by Choose answer
from north, south, east, west, northeast, northwest,
southeast, southwest. Only give your answer.
Standard Zero-shot Prompt

You will read a description of an area and answer a
question.

Description: area_textual_description

Question: additional_information

question

choices

Answer:

CoT Prompt

You will read a description of an area and answer a
question.

Description: area_textual_description

2One of the four cardinal directions: north, south, east,
west.
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Question: additional_information

question

Let’s think step by step by tracking the location
and direction changes described in the description.
choices

Answer:

Structured CoT Prompt - SS

You will read a description of an area and answer a
question.

Description: area_textual_description

Question: additional_information

question

Let’s think step by step. 1. Extract the global lo-
cations and directions of all landmarks from the
description. 2. Determine the locations of the two
landmarks mentioned in the question in the global
coordinate system. 3. Compute the direction be-
tween the two landmarks. 4. Check that the answer
is expressed using a cardinal or intercardinal direc-
tion.

choices

Answer:

Structured CoT Prompt - SR

You will read a description of an area and answer a
question.

Description: area_textual_description

Question: additional_information

question

Let’s think step by step. 1. Extract the global lo-
cations and directions of all landmarks from the
description. 2. Determine the locations of the land-
marks mentioned in the question in the global co-
ordinate system. 3. Identify the facing direction
specified in the question. 4. Convert the global di-
rection into the corresponding egocentric direction.
5. Check that the answer is expressed relative to
the observer.

choices

Answer:

Structured CoT Prompt - RS

You will read a description of an area and answer a
question.

Description: area_textual_description

Question: additional_information

question

Let’s think step by step. 1. Begin with the initial
facing direction. 2. Track every movement and turn
described in the route description, updating the fac-
ing direction after each step. 3. Maintain the global
locations of all landmarks throughout the traversal.
4. Determine the locations of the two landmarks
mentioned in the question in the global coordinate

system. 5. Compute the direction between the two
landmarks. 6. Check that the answer is expressed
using a cardinal or intercardinal direction.

choices

Answer:

Structured CoT Prompt - RR

You will read a description of an area and answer a
question.

Description: area_textual_description

Question: additional_information

question

Let’s think step by step. 1. Begin with the initial
facing direction. 2. Track every movement and
turn described in the route description, updating
the facing direction after each step. 3. Identify the
facing direction specified in the question. 4. Com-
pute the relative direction of the queried landmark.
5. Check that the answer is expressed relative to
the observer.

choices

Answer:

B Data Example for each Template

B.1 Template 1

Route description: You enter Old City Town
through Black Avenue. At this point, you see
Maple Street on your left, intersecting with Black
Avenue. Drive along Black Avenue. Drive for
0.38 kilometre and you will see cafe on your left.
Drive for 0.06 kilometre and you will see bank on
your right. Drive for 0.06 kilometre and you will
see supermarket on your left. You continue driv-
ing on Black Avenue and come to, on your left,
Cedar Highway. Turning left onto Cedar Highway.
Drive for 2.64 kilometre and you will see school
on your right. Drive for 1.21 kilometre and you
will see cinema on your left. Continue driving on
Cedar Highway until you are forced to make a right
turn. Turning right onto Madison Road. Drive for
0.40 kilometre and you will see library on your left.
Drive for 1.54 kilometre and you will see hospi-
tal on your left. Drive for 1.02 kilometre and you
will see restaurant on your left. Continue driving
along Madison Road until you are again forced
to make a right turn. Turning right onto Willow
Highway. Drive for 0.29 kilometre and you will
see grocery on your right. Drive for 1.65 kilometre
and you will see bookstore on your left. Drive for
2.46 kilometre and you will see fountain on your
left. Continue driving along Willow Highway until
you meet a dead-end into Black Avenue. Turn left
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onto Black Avenue. Drive for 0.26 kilometre and
you will see statue on your right. Drive for 0.02
kilometre and you will see flower shop on your
right. You drive along Black Avenue until you see
Silver Bay on your left, intersecting with the one
you are on. Greenwood Beach runs parallel to your
far left, on the other side of the town.

Survey description: Old City Town is surrounded
by four major landmarks: Black Avenue, Maple
Street, Silver Bay and Greenwood Beach. The east
is made up of the Black Avenue, running north-
south. The south is made up of the Maple Street,
running west-east. The north is made up of the
Silver Bay, running west-east. The west is made
up of the Greenwood Beach, running north-south.
You enter the town through Black Avenue. Drive
north along Black Avenue. Drive for 0.38 kilometre
and you will see cafe on the west. Drive for 0.06
kilometre and you will see bank on the east. Drive
for 0.06 kilometre and you will see supermarket on
the west. You continue driving on Black Avenue
and come to, on the west, Cedar Highway. Turning
west onto Cedar Highway. Drive for 2.64 kilometre
and you will see school on the north. Drive for 1.21
kilometre and you will see cinema on the south.
Continue driving on Cedar Highway until you are
forced to make a turn to the north. Turning north
onto Madison Road. Drive for 0.40 kilometre and
you will see library on the west. Drive for 1.54
kilometre and you will see hospital on the west.
Drive for 1.02 kilometre and you will see restaurant
on the west. Continue driving along Madison Road
until you are again forced to make a turn to the
east. Turning east onto Willow Highway. Drive
for 0.29 kilometre and you will see grocery on the
south. Drive for 1.65 kilometre and you will see
bookstore on the north. Drive for 2.46 kilometre
and you will see fountain on the north. Continue
driving along Willow Highway until you meet a
dead-end into Black Avenue. Turn north onto Black
Avenue. Drive for 0.26 kilometre and you will see
statue on the east. Drive for 0.02 kilometre and you
will see flower shop on the east. Continue driving
north along Black Avenue and you leave the town.

Route question: If you go along Black Avenue
with Madison Road on your right, what side of
Black Avenue is bank on?

Survey question: In which direction is fountain
from Greenwood Beach?

B.2 Template 2

Route description: You enter Highland Town
through Cedar Highway. Drive for 0.71 mile and
you will see hospital on your left. Drive for 2.14
mile and you will see flower shop on your right.
Drive for 0.58 mile and you will see cafe on your
right. Drive for 0.90 mile and you will see fountain
on your left. Drive for 0.04 mile and you will see
town hall on your left. Make a left turn onto Madi-
son Highway. Drive for 2.17 mile and you will
see supermarket on your right. Drive for 0.22 mile
and you will see restaurant on your right. Drive for
0.23 mile and you will see barbershop on your right.
Drive for 0.77 mile and you will see pharmacy on
your left. Drive for 1.22 mile and you will see
gazebo on your left. Make a left turn onto Lincoln
Road. Drive for 1.86 mile and you will see hotel
on your right. Drive for 0.76 mile and you will see
playground on your right. Drive for 0.10 mile and
you will see theatre on your right. Drive for 0.79
mile and you will see statue on your right. Make a
left turn onto Madison Avenue. Drive for 0.58 mile
and you will see clock tower on your right. Drive
for 1.05 mile and you will see toy store on your
right. Drive for 1.78 mile and you will see school
on your left. You arrive back at your starting point
on Cedar Highway, completing the tour.

Survey description: Highland Town is formed
by four boundary routes: Lincoln Road, Madison
Highway, Cedar Highway, Madison Avenue. The
north side is made up of the Lincoln Road, running
from west to east. The south side is made up of the
Cedar Highway, running from west to east. The
west side is made up of the Madison Avenue, run-
ning from north to south. The east side is made
up of the Madison Highway, running from north to
south. You enter the town through Cedar Highway.
Drive east along the Cedar Highway. Drive for 0.71
mile and you will see hospital on the north. Drive
for 2.14 mile and you will see flower shop on the
south. Drive for 0.58 mile and you will see cafe
on the south. Drive for 0.90 mile and you will see
fountain on the north. Drive for 0.04 mile and you
will see town hall on the north. Make a turn to the
north onto Madison Highway. Drive for 2.17 mile
and you will see supermarket on the east. Drive for
0.22 mile and you will see restaurant on the east.
Drive for 0.23 mile and you will see barbershop
on the east. Drive for 0.77 mile and you will see
pharmacy on the west. Drive for 1.22 mile and you
will see gazebo on the west. Make a turn to the
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west onto Lincoln Road. Drive for 1.86 mile and
you will see hotel on the north. Drive for 0.76 mile
and you will see playground on the north. Drive
for 0.10 mile and you will see theatre on the north.
Drive for 0.79 mile and you will see statue on the
north. Make a turn to the south onto Madison Av-
enue. Drive for 0.58 mile and you will see clock
tower on the west. Drive for 1.05 mile and you
will see toy store on the west. Drive for 1.78 mile
and you will see school on the east. Continue driv-
ing until you complete the tour and return to your
starting point on Cedar Highway.

Route question: If you go along Madison Avenue
with Lincoln Road ahead, what side of Madison
Avenue is school on?

Survey question: In which direction is playground
from Cedar Highway?

B.3 Template 3

Route description: You enter Silver Town through
Lincoln Avenue. Drive along Lincoln Avenue.
Drive for 0.30 mile and you will see hotel on your
left. Drive for 0.59 mile and you will see clock
tower on your left. You continue driving along Lin-
coln Avenue and come to Oak Highway on your
right. Turn right onto Oak Highway. Drive for 0.55
mile and you will see fountain on your left. Drive
for 0.37 mile and you will see playground on your
right. Drive for 0.60 mile and you will see town
hall on your right. Drive for 0.26 mile and you will
see supermarket on your left. You reach the end of
Oak Highway. Go back to where you leave Lincoln
Avenue and turn right back onto Lincoln Avenue.
Drive for 0.50 mile and you will see barbershop on
your left. You continue along Lincoln Avenue and
leave the town.

Survey description: Silver Town consists of two
main roads: Lincoln Avenue and Oak Highway.
You enter the town via Lincoln Avenue. Drive east
along Lincoln Avenue. Drive for 0.30 mile and
you will see hotel on the north. Drive for 0.59 mile
and you will see clock tower on the north. You
come to Oak Highway on the south. Turn south
onto Oak Highway. Drive for 0.55 mile and you
will see fountain on the east. Drive for 0.37 mile
and you will see playground on the west. Drive for
0.60 mile and you will see town hall on the west.
Drive for 0.26 mile and you will see supermarket
on the east. You reach the end of Oak Highway. Go
back to where you leave Lincoln Avenue and turn
east back onto Lincoln Avenue. Drive for 0.50 mile
and you will see barbershop on the north. Continue

driving east and you leave the town via Lincoln
Avenue.

Route question: If you go along Lincoln Avenue
with Oak Highway on your right, what side of Lin-
coln Avenue is clock tower on?

Survey question: In which direction is supermar-
ket from fountain?

B.4 Template 4

Route description: You arrive at Black Square.
Standing at the centre of Black Square and facing
Black Avenue, Willow Highway will be on your
left, Oak Avenue will be on your right and Lincoln
Road will be on your back. Walk onto Black Av-
enue. Walk for 0.23 kilometre and you will see
pharmacy on your right. Walk for 0.44 kilometre
and you will see post office on your left. Walk for
0.00 kilometre and you will see supermarket on
your right. Walk for 0.05 kilometre and you will
see bookstore on your right. Walk for 0.23 kilo-
metre and you will see parking lot on your right.
Return back along Black Avenue to Black Square.
Walk onto Lincoln Road. Walk for 0.13 kilometre
and you will see theatre on your left. Walk for 0.46
kilometre and you will see gazebo on your right.
Walk for 0.22 kilometre and you will see hospital
on your left. Walk for 0.05 kilometre and you will
see cinema on your left. Return back along Lincoln
Road to Black Square. Walk onto Willow Highway.
Walk for 0.06 kilometre and you will see cafe on
your right. Walk for 0.08 kilometre and you will
see bus stop on your right. Walk for 0.62 kilometre
and you will see museum on your left. Return back
along Willow Highway to Black Square. Walk onto
Oak Avenue. Walk for 0.15 kilometre and you will
see grocery on your left. Walk for 0.46 kilometre
and you will see restaurant on your left. Walk for
0.22 kilometre and you will see bank on your right.
Return back along Oak Avenue to Black Square.
You finish your exploration at Black Square area.

Survey description: You arrive at Black Square.
Extending from it are four roads: Black Avenue
to the north, Lincoln Road to the south, Willow
Highway to the west, and Oak Avenue to the east.
From Black Square, you head north along Black
Avenue. Walk for 0.23 kilometre and you will see
pharmacy on the east. Walk for 0.44 kilometre
and you will see post office on the west. Walk
for 0.00 kilometre and you will see supermarket
on the east. Walk for 0.05 kilometre and you will
see bookstore on the east. Walk for 0.23 kilometre
and you will see parking lot on the east. You then

21381



back
0.10/0.08
0.20/0.21
0.18/0.19
0.26/0.25

front
0.08/0.10
0.20/0.17
0.17/0.19
0.26/0.26

left right
0.41/0.38 | 0.41/0.44
0.30/0.32 | 0.30/0.30
0.32/0.30 | 0.32/0.31
0.24/0.22 | 0.24/0.27

Template 1
Template 2
Template 3
Template 4

Table 5: Answer label distributions for route-view ques-
tions across templates. Each entry shows the proportion
in the training/test set.

return along Black Avenue to Black Square. From
Black Square, you head south along Lincoln Road.
Walk for 0.13 kilometre and you will see theatre
on the east. Walk for 0.46 kilometre and you will
see gazebo on the west. Walk for 0.22 kilometre
and you will see hospital on the east. Walk for 0.05
kilometre and you will see cinema on the east. You
then return along Lincoln Road to Black Square.
From Black Square, you head west along Willow
Highway. Walk for 0.06 kilometre and you will
see cafe on the north. Walk for 0.08 kilometre and
you will see bus stop on the north. Walk for 0.62
kilometre and you will see museum on the south.
You then return along Willow Highway to Black
Square. From Black Square, you head east along
Oak Avenue. Walk for 0.15 kilometre and you will
see grocery on the north. Walk for 0.46 kilometre
and you will see restaurant on the north. Walk for
0.22 kilometre and you will see bank on the south.
You then return along Oak Avenue to Black Square.
You finish your exploration at Black Square area.
Route question: If supermarket is on your left as
you go along Black Avenue, what side of Black
Avenue is bookstore on?

Survey question: In which direction is restaurant
from Black Avenue?

C Dataset Analysis

The ground-truth label distributions for every topol-
ogy and train/test split are reported in Table 5 and
Table 6 for route-view questions and survey-view
questions, respectively. The distributions are not
perfectly uniform because QA pairs are generated
only when the spatial relation is linguistically nat-
ural and unambiguous. Consequently, route-view
questions contain more left/right than front/back
answers, while survey-view questions contain more
cardinal than intercardinal answers. However, no
individual answer label is overwhelmingly dom-
inant: left and right are approximately balanced
with each other, and the four cardinal directions
are also approximately balanced with one another.

There is no obvious label distribution shift between
training sets and test sets.

D More Experiment Results

D.1 Chance-Normalised Overall Accuracy

The chance-normalised metric (accuracy —
chance) /(1 — chance) provides a fairer compar-
ison across the four- and eight-way classification
settings, where chance means the accuracy of ran-
dom guessing (0.25 for route-view questions and
0.125 for survey-view questions). For conciseness,
we recompute the finetuned results in Table 1 and
report them in Table 7. Compared with the original
accuracy, the main relative performance patterns
remain largely unchanged.

D.2 Generalisation Results with LLaMA

we replicated the cross-template (Section 5.2.1)
and cross-combination (Section 5.2.2) experiments
with LLaMA using the same setup as Qwen. Ta-
ble 8 shows the cross-template result, and Table 9
shows the cross-combination result. Results are
largely consistent between two models, indicating
that the observed patterns are robust across exam-
ined model families.

E Model Details

The open-source models are loaded from Hugging
Face using the following checkpoints: LLaMA-3.1
8B (meta-1lama/Llama-3.1-8B-Instruct)

and Qwen-3.5 9B (Qwen/Qwen3.5-9B). For
the scalability experiments, we use Qwen-
3.5 0.8B (Qwen/Qwen3.5-0.8B), Qwen-3.5

4B (Qwen/Qwen3.5-4B) and Qwen-3.5 27B
(Qwen/Qwen3.5-27B). GPT-5.2 and Gemini-3 are
accessed through their official APIs in March
2026.

F Artifact Usage

The open-source models used in this work are sub-
ject to their respective licenses and intended re-
search usage policies. Closed-source models are
accessed through official APIs in accordance with
their terms of service. All datasets used in this
work are synthetically generated and contain no
personal information, identifiable individuals, or
offensive content. The datasets and code will be
released for research purposes only.
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north northeast east southeast south southwest west northwest
Template 1 | 0.17/0.15 | 0.07/0.07 | 0.17/0.21 | 0.08/0.09 | 0.17/0.19 | 0.07/0.07 | 0.18/0.15 | 0.09/0.07
Template 2 | 0.19/0.20 | 0.05/0.05 | 0.19/0.20 | 0.06/0.05 | 0.20/0.17 | 0.06/0.07 | 0.20/0.23 | 0.05/0.04
Template 3 | 0.17/0.15 | 0.10/0.07 | 0.16/0.17 | 0.08/0.10 | 0.14/0.18 | 0.10/0.08 | 0.16/0.14 | 0.09/0.11
Template 4 | 0.20/0.17 | 0.05/0.07 | 0.19/0.20 | 0.05/0.07 | 0.19/0.20 | 0.06/0.04 | 0.20/0.20 | 0.05/0.05

Table 6: Answer label distributions for survey-view questions across templates. Each entry shows the proportion in
the training/test set.

SS SR RS RR
Template 1 LLaMA | 0.905+£0.162 | 0.380+0.020 | 0.464+0.027 | 0.501+£0.070
Qwen 0.980£0.025 | 0.364+0.013 | 0.418+0.016 | 0.392+0.014
Template 2 LLaMA | 0.940+0.008 | 0.43240.005 | 0.394£0.191 | 0.566+0.004
Qwen 0.947£0.014 | 0.3824+0.042 | 0.22940.067 | 0.561+£0.010
Template 3 LLaMA | 0.9974+0.003 | 0.502+0.017 | 0.410+£0.044 | 0.989+0.004
Qwen 0.998+0.002 | 0.506+0.017 | 0.489+0.141 | 0.997+0.006
Template 4 LLaMA | 0.999+0.002 | 0.464+0.018 | 0.572£0.113 | 1.000+£0.000
Qwen 0.996£0.007 | 0.48240.013 | 0.182+0.036 | 0.996+0.005

Table 7: Chance-normalised accuracy of finetuned open-source models. Values are averaged over three runs and
reported as mean = standard deviation.

test Template 1 Template 2 Template 3 Template 4
finetune

Template 1 0.917+0.142 | 0.770+0.083 | 0.62240.156 | 0.7234+0.134

SS Template 2 0.689+0.009 | 0.948+0.007 | 0.55740.012 | 0.70340.087
Template 3 0.43840.047 | 0.44740.041 | 0.9984+0.003 | 0.48740.173

Template 4 0.41940.040 | 0.36740.040 | 0.57240.078 | 0.99940.001

Template 1 0.535+0.015 | 0.347+0.013 | 0.47840.026 | 0.286+0.018

SR Template 2 0.4084+0.034 | 0.5744+0.004 | 0.4414+0.012 | 0.4354+0.089
Template 3 0.43940.009 | 0.42240.013 | 0.62740.013 | 0.52740.038

Template 4 0.345+0.007 | 0.431£0.008 | 0.49740.013 | 0.598+0.014
Template 1 0.531+0.024 | 0.198+0.063 | 0.37940.051 | 0.18740.014

RS Template 2 0.27340.052 | 0.4704+0.168 | 0.28240.078 | 0.22440.031
Template 3 0.264+0.006 | 0.236+0.071 | 0.48440.038 | 0.20840.028

Template 4 0.210+0.040 | 0.218+0.031 | 0.20040.050 | 0.6264-0.099
Template 1 0.6264+0.064 | 0.35740.013 | 0.43740.021 | 0.2784+0.004

RR Template 2 0.41940.013 | 0.6744+0.003 | 0.4454+0.011 | 0.5124+0.019
Template 3 0.469+0.033 | 0.432+0.031 | 0.99240.002 | 0.6524+0.170

Template 4 0.416+0.018 | 0.506+0.017 | 0.82640.053 | 1.00040.000

Table 8: Cross-template generalisation results on LLaMA. Each row indicates the template used for finetuning,
while each column indicates the template used for evaluation. Values are averaged over three runs and reported as
mean =+ standard deviation.

RR-to-SR SR-to-RR RS-to-SS SS-to-RS
Template 1 | 0.502 (-0.124) | 0.505 (-0.030) | 0.263 (-0.268) | 0.283 (-0.634)
Template 2 | 0.518 (-0.156) | 0.507 (-0.067) | 0.244 (-0.226) | 0.264 (-0.684)
Template 3 | 0.611 (-0.381) | 0.616 (-0.011) | 0.364 (-0.120) | 0.334 (-0.664)
Template 4 | 0.601 (-0.399) | 0.587 (-0.011) | 0.221 (-0.405) | 0.315 (-0.684)

Table 9: Cross-combination generalisation results on LLaMA. Each column “A-to-B” denotes finetuning on
combination A and evaluating on combination B. The values in parentheses indicate the performance difference
between the accuracy on B and the original in-domain accuracy on A. All values are averaged over three runs.
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G Accuracy Breakdown Based on
Directions

We compute accuracy on each direction for each
description-question combination in all templates
on both LLaMA and Qwen. Different patterns are
observed between different templates and models.
Results are shown in Figure 3-6.
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Accuracy Breakdown based on Directions for survey2survey Question Type on Template 1
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Figure 3: Accuracy breakdown based on directions for different description-question combination in Template 1 on
LLaMA and Qwen. The black dashed line indicates the random-guessing accuracy.
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Figure 4: Accuracy breakdown based on directions for different description-question combination in Template 2 on
LLaMA and Qwen. The black dashed line indicates the random-guessing accuracy.
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Accuracy Breakdown based on Directions for survey2survey Question Type on Template 3
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Figure 5: Accuracy breakdown based on directions for different description-question combination in Template 3 on
LLaMA and Qwen. The black dashed line indicates the random-guessing accuracy.
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Figure 6: Accuracy breakdown based on directions for different description-question combination in Template 4 on
LLaMA and Qwen. The black dashed line indicates the random-guessing accuracy.
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