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Abstract

Spatial language understanding is fundamen-
tal to tasks from navigation and direction,
robot control, to document understanding for
a multitude of languages and tasks, yet cur-
rent work exhibits biases toward English and
prepositional marking. We present a multilin-
gual framework and benchmark decomposing
spatial relations into surface elements (figure,
ground, predicate, markers) and semantic com-
ponents (dynamicity, stasis). Evaluating fron-
tier large language models (LLMs) on Span-
ish, Basque, and Chinese with text-only input,
we find high performance on figure and ground
identification but persistent gaps in two areas:
semantic classification of topological and pro-
jective relations, and surface identification of
morphological spatial markers—Basque case
affixes proving most challenging with recogni-
tion of spatial elements as low as 15.3%. These
results suggest that surface parsing does not en-
tail spatial understanding, and that evaluation
must include spatial marking strategies used
across typologically diverse languages.

1 Introduction

Spatial language understanding remains a funda-
mental challenge in Natural Language Process-
ing (NLP), as evidenced by ongoing workshop se-
ries dedicated to the topic (Kordjamshidi et al.,
2018; Bhatia et al., 2019; Kordjamshidi et al.,
2020; Alikhani et al., 2021; Kordjamshidi et al.,
2024). Current approaches exhibit systematic
biases toward English and well-resourced Indo-
European languages (Ulinski et al., 2019; Olek and
Piasecki, 2024), limiting our understanding of how
well computational models genuinely comprehend
spatial relations across typologically diverse lan-
guages.

Existing work exhibits four limitations: spatial
markers are understood predominantly as preposi-
tions, overlooking case marking and spatial nouns;

ENGLISH  The bird is on the ground f=o

BASQUE Txoria lurraren gainean dago

ground-GEN  surface-L0C

bird-DEF
FIGURE

copula

GROUND PREDICATE

SPATIAL_MARKERS gain spatial noun

-an affix
DYNAMICITY static

STASIS topological [+contact][superposition]

Figure 1: Example annotation for a Basque sen-
tence describing a bird on the ground. Surface el-
ements: Txoria (‘the bird’) is the figure; lurraren
gainean (‘on the ground’s surface’) is the ground; dago
(‘is’) is the spatial predicate, classified as cop-
ula; gain (‘surface’) and -an are spatial markers,
a spatial noun and affix respectively.  Semantic
components: dynamicity is static; topological is
[+contact][superposition].

spatial relations are labeled using English prepo-
sitions as categories rather than decomposed into
semantic primitives (Liu et al., 2025; Beekhuizen,
2025), limiting analysis and comparison across
languages; relations requiring frames of reference
(Levinson and Wilkins, 2006) are ignored or con-
flated with topological ones; and finally spatial re-
lations that involve motion have been rarely studied
systematically.

This paper presents a multilingual framework
and benchmark for spatial language understand-
ing that addresses these limitations, covering
three typologically diverse languages: Spanish
(Indo-European), Basque (Isolated), and Chi-
nese (Sino-Tibetan). Our evaluation frame-
work identifies six components: four surface el-
ements (figure, ground, spatial predicate,
spatial markers) and two semantic compo-
nents (dynamicity, stasis), with stasis divided
into topological (topological primitives) and
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projective (frame-of-reference distinctions), the
definitions of which are described in Section 2.2.

Our contributions include: a novel framework
for spatial language understanding grounded in
cross-linguistic typology; a multilingual bench-
mark covering Spanish, Basque, and Chinese
with gold-standard annotations; recognition of
spatial markers beyond prepositions; primitive
decomposition for topological relations and ex-
plicit frame-of-reference annotation; and system-
atic coverage of dynamicity x stasis combina-
tions.

Our evaluation reveals systematic limitations in
current LLMs. Basque spatial markers prove
particularly challenging across model scales, with
small models showing severe difficulties and fron-
tier models demonstrating variable performance—
often the weakest compared to Spanish and Chi-
nese markers. This systematic challenge appears
to stem from these models’ inability to reliably seg-
ment and classify case affixes as spatial markers.
Across languages, models perform better on sur-
face elements than semantic components.

2 A Multilingual Framework for Spatial
Language Understanding

2.1 Framework Overview

Our framework decomposes spatial relations into
six components organized along two dimensions.
Figure 1 shows an example annotation for a Basque
sentence describing a spatial scene. We first de-
fine the surface elements that must be extracted
from text, then specify the semantic components
that must be inferred.

Surface Elements. Linguistic forms present in
the sentence that models must identify by pars-
ing: figure, ground, spatial predicate, and
spatial markers are detailed in Section 2.2.

Semantic Components. Conceptual categories
not explicitly marked that models must infer:
dynamicity and stasis (type of spatial relation-
ship: topological or projective). These are de-
tailed in Section 2.3.

2.2 Surface Elements

figure. The noun phrase denoting the entity
whose location is being described (e.g., Txoria ‘the
bird’). We extract the complete noun phrase includ-
ing all determiners, modifiers, and complements.

ground. The reference object relative to which
the figure’s location is specified (e.g., lurraren
gainean ‘the ground’s surface’). We include spa-
tial nouns like gain when they function as part of
the ground phrase, essential for languages where
spatial nouns are integral to spatial description
(Levinson and Meira, 2003).

spatial_predicate. The predicate expressing
the spatial relation linking figure and ground
(e.g., dago ‘exists/is’, type: copula). We distin-
guish verb (i.e. content/lexical verbs) from cop-
ula (i.e. grammatical elements that link figure to
ground).

spatial_markers. Elements that encode the
spatial relationship between figure and ground.
In the example (Figure 1), we identify two markers:
gain (type: spatial noun) and -an (type: affix, the
locative case marker). We recognize three types:
adposition (prepositions, postpositions, or gram-
maticalized multi-word constructions), affix (case
markers or morphological affixes encoding spatial
meaning (Creissels, 2008)), and spatial noun (lexi-
cal nouns with spatial meaning functioning within
the ground phrase). Only elements grammatically
linked to the ground noun phrase are considered
part of this component.

2.3 Semantic Components

dynamicity. The temporal aspect of the spa-
tial relation. We distinguish three values: static
(the figure’s spatial relation to the ground re-
mains constant), source (the figure moves away
from the ground), and goal (the figure moves to-
ward the ground). In our example, the value is
static: the bird is not in motion. However, dif-
ferent visual stimuli can elicit sentences with dif-
ferent dynamicity values—*“The bird lands on the
branch” would be goal, while “The bird flies from
the branch” would be source.

stasis. The overall type of spatial relationship
between figure and ground. Following Levin-
son and Wilkins (2006), we distinguish two spa-
tial domains: topological and projective rela-
tions. Table 4 (Appendix B) provides a complete
mapping of all primitive values to representative
English sentences for reference.

topological. These relations involve conti-
guity or close proximity between figure and
ground, without requiring directional specifica-
tion. Rather than labeling these with atomic cat-
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egories, we characterize them through semantic
primitives. In our example, the value is [+con-
tact][superposition], indicating “the bird” is in
physical contact with the ground and positioned
above it. All topological values specify contact
status ([+contact] or [-contact]). Beyond contact,
we identify four topological types: containment
(figure within boundaries of ground, specified as
[open] or [closed]), attachment (figure mechani-
cally fastened to ground), superposition (figure
superior to ground, optionally [top]), and subpo-
sition (figure inferior to ground). This primitive-
based approach aims to address the challenge of de-
scribing topological relations in a language-neutral
way, as existing work relies on English preposi-
tions as categorical labels, which may obscure dis-
tinctions that are expressed differently across lan-
guages. (Liu et al., 2025; Beekhuizen, 2025).

projective. These relations apply when
figure and ground are separated in space and
directional specification becomes necessary.
Unlike topological relations, projective
relations require external coordinate systems—
frames of reference. Following Levinson and
Wilkins (2006), we distinguish three frame types:
relative (coordinates from the observer’s bodily
axes; values: left, right, front, back); intrinsic
(coordinates from inherent facets of the ground
object; values: front, back); and absolute (fixed
environmental bearings; values: north, south, east,
west). Appendix A.2 provides annotated examples
of projective relations.

2.4 Limitations of Existing Approaches

Current spatial language evaluation frameworks
were designed primarily for English and exhibit
systematic biases that limit their applicability to
typologically diverse languages. In terms of sur-
face form, existing approaches extract only figure
+ preposition + ground, overlooking the broader
range of adpositions and other encoding strategies
such as case marking (Creissels, 2008), spatial
nouns, or zero marking (Haspelmath, 2019; Stolz
etal., 2014). Few authors have explicitly addressed
the complexity of spatial case markers in cross-
linguistic frameworks; Beekhuizen (2025) repre-
sents a recent exception, developing an extraction
pipeline that handles affixal markers across lan-
guages, though not in the context of LLM evalua-
tion. Spatial nouns tend to be ignored as contribut-
ing elements to spatial relations, despite some lan-

guages relying heavily or entirely on such elements
(Levinson and Meira, 2003; Lakoft, 1987). Spatial
predicates, which contribute to the overall spatial
meaning, are also often excluded from evaluation.

Beyond surface elements, semantic evaluation
presents additional challenges. Topological and
projective relations are rarely distinguished—
they are either treated as a single undifferenti-
ated spatial category, or projective relations
are ignored entirely. The semantic categories
themselves are problematic: topological relations
are labeled using English prepositions as the-
oretical categories (e.g., “on”, “in”, ‘“above”)
rather than being decomposed into semantic prim-
itives that could apply across languages. Finally,
dynamicity—whether a spatial relation is static or
involves motion—is rarely studied systematically,
and the interaction between dynamicity and spa-
tial topological is almost never evaluated jointly.

Our framework directly addresses each of
these gaps. On the surface side, we extend
extraction beyond the figure + preposition +
ground triple to include spatial predicate and
spatial markers of three types (adpositions, af-
fixes, and spatial nouns), capturing a broader range
of encoding strategies across typologically diverse
languages. On the semantic side, we explicitly
separate topological and projective relations,
decompose topological relations into language-
neutral primitives rather than English preposition
labels, and systematically annotate dynamicity in
joint interaction with stasis.

3 Multilingual Data Collection

We now demonstrate the applicability of this frame-
work through data collection across three typolog-
ically diverse languages.

3.1 Language Selection

Spanish (Indo-European) encodes spatial relations
primarily through prepositions, representing the
marking pattern typical of major European lan-
guages. Basque (isolate) employs agglutinative
morphology with spatial cases combined with spa-
tial nouns, thus allowing us to evaluate LLLMs’ abil-
ity to recognize affixes as spatial markers. Chinese
(Sino-Tibetan) distributes spatial meaning across
prepositions and localizers.!

'Language-specific ~ analytical  decisions—regarding
marker boundaries, contracted forms, and the grammatical

status of elements such as Chinese localizers—are detailed in
Appendix D.

35346



3.2 Visual Stimuli Design

Following established methods for cross-linguistic
spatial elicitation (Bowerman and Pederson, 1992),
we created canonical images depicting spatial re-
lations to elicit natural descriptions from native
speakers.?

Our stimuli target specific primitive values for
topological relations (e.g., contact vs. non-contact,
open vs. closed containment), include projective
relations covering all three frames of reference (rel-
ative, intrinsic, absolute), and systematically vary
dynamicity (static, source, goal) for each spatial
relation. This design yields systematic coverage of
the stasis x dynamicity space: 63 unique com-
binations per language.

3.3 Elicitation Procedure

Data collection proceeded in two phases.

Pilot phase. For each language, we designed a
pilot questionnaire with 12 images covering rep-
resentative spatial relations: 1 topological type
x 3 dynamicity values, plus 9 projective re-
lations (3 frames x 3 dynamicity values). Na-
tive speaker experts produced sentences describing
each image and segmented the grammatical com-
ponents (figure, ground, spatial predicate,
spatial_markers). Informed by our investigation
on spatial literature, these initial parses informed
the development of language-specific parsing cri-
teria.

Full phase. The procedure was expanded to
cover all 63 stasis x dynamicity combinations.
To reduce annotator burden, we simplified the task:
native speakers produced only sentences, without
grammatical analysis. Segmentation was then per-
formed applying the criteria established in the pilot
phase.

Verification. A second native speaker expert re-
viewed all analyses to ensure consistency with the
operational definitions.

3.4 Resulting Gold Standard

The final parallel dataset comprises 189 sentences
across the three languages, with gold-standard an-
notations for all six spatial relation components.
This size reflects the diagnostic nature of the bench-
mark: each sentence targets a specific stasis
x dynamicity combination, ensuring systematic

’The dataset and evaluation code are publicly available in
our GitHub repository.

coverage of the primitive space rather than broad
naturalistic sampling.

4 Experimental Setup
4.1 Model Selection

We evaluate two groups of models to assess the
effect of scale on spatial language understanding.
All models are evaluated with text-only input (sen-
tence alone); a supplementary multimodal condi-
tion is reported from Table 13 onwards.

Frontier models. We evaluate three large-scale
multimodal models:  Claude-3.5-Sonnet (An-
thropic, 2024), GPT-40 (OpenAl, 2024), and
Qwen2.5-VL-72B-Instruct (Bai et al.,, 2025).
These models represent current frontier capabili-
ties and serve as the primary benchmark for our
evaluation.

Small models. We additionally evaluate
three smaller multimodal models: Claude-3.5-
Haiku (Anthropic, 2024), GPT-40-mini (OpenAl,
2024), and Qwen2.5-VL-7B-Instruct (Bai et al.,
2025). All models are presented as multilingual,
though language support details vary by provider.

Text-only models. To verify that observed
patterns are not limited to using multimodal
architectures on text-only input, we addition-
ally evaluate three text-only models of compa-
rable scale: Gemma-3-12B-IT (Gemma Team,
2025), Qwen2.5-14B-Instruct (Qwen Team, 2024),
and DeepSeek-R1-Distill-Qwen-14B (DeepSeek-
Al, 2025). Results (Table 12) confirm that the
same performance patterns hold regardless of
model architecture.

This dual-scale design allows us to distinguish
limitations that reflect genuine difficulty in spatial
understanding from limitations that reflect model
capacity. Patterns of failure that appear at both
scales suggest fundamental challenges; patterns
that appear only at smaller scales suggest capacity-
dependent limitations.

4.2 Prompting Strategy

To isolate the understanding of specific spatial
components and mitigate error propagation, we
employ a component-wise prompting strategy.
Rather than requesting a single complex JSON ob-
ject, the model was queried sequentially for each
of the six components.

For each inference call, the prompt consisted
of: (i) the operational definition for that com-
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ponent (identical to the annotation guidelines in
Appendix C), and (ii) the target sentence. This
approach ensured that evaluation measured the
model’s ability to apply schema definitions rather
than its ability to maintain long-context coherence.

4.3 Inference Configuration

Inference was performed using the OpenRouter
API for all models, with temperature 0.2 and max-
imum token limit of 8,192. To account for stochas-
tic variance, we conducted three independent runs
per model-language pair.

4.4 Evaluation Metrics

Our evaluation employs granular scoring that re-
wards partial understanding while penalizing hal-
lucinations. All scores range from 0.0 to 1.0 and
are reported and discussed as percentages through-
out.

Figure and Ground. Evaluated using normal-
ized Levenshtein similarity between gold and pre-
dicted text spans, yielding scores from 0.0 (no
match) to 1.0 (exact match).

Spatial Predicate. Evaluated as the average of
two components: (1) normalized Levenshtein sim-
ilarity between gold and predicted text, and (2) bi-
nary match for predicate type (verb vs. copula).

Spatial Markers. A position-based metric that
evaluates each marker independently, then aver-
ages across all positions (using the maximum of
gold/predicted marker counts). For each marker,
we compute the average of: (1) normalized Leven-
shtein similarity between marker texts (with length
penalty for overprediction), and (2) binary match
for marker type (adposition, affix, or spatial noun).
Missing markers score 0.0.

Topological. Features extracted from bracket no-
tation (e.g., [+contact], [superposition]) are evalu-
ated using F1-score, treating each primitive as an
independent feature.

Projective. Frame type and directional value are
treated as independent features and evaluated using
F1-score.

Dynamicity. Exact match accuracy over three
categories: static, source, and goal.

3https://openrouter.ai

5 Results

5.1 Overall Performance

Table 1 summarizes performance across all com-
ponents and languages for frontier models. These
models achieve strong performance on surface
elements across languages, with figure and
ground identification generally high (83.0%-—
100%). Spatial predicate identification re-
mains strong for Spanish and Basque but lower
for Chinese, primarily because models consistently
predict zai as a copula predicate in constructions
where no explicit predicate exists, rather than leav-
ing the field empty; secondary errors include over-
predicting by incorporating spatial markers into
the predicate span (e.g., predicting cong as part of
the predicate) and truncating verb compounds (e.g.,
shi'li — [i). Semantic components show more vari-
ation: topological and projective scores are
lower than surface element extraction.

Small models show lower and more variable
performance compared to frontier models (see Ta-
ble 6 in Appendix E for small model compar-
isons). Figure and ground identification remain
relatively stable for Claude and Qwen-7B, though
GPT drops to 40.8% on Basque figure extrac-
tion. The most pronounced difference between
scales appears in semantic components and Basque
spatial markers.

Across both model scales, surface elements out-
perform semantic components, with this gap partic-
ularly pronounced for Chinese in frontier models.

5.2 Spatial Markers

Table 1 shows spatial markers scores for fron-
tier models. Spatial markers extraction reveals
cross-linguistic asymmetry in our evaluation. For
frontier models, marker scores vary substantially:
Claude maintains comparable performance across
languages, while GPT and Qwen show notably
lower scores for Basque markers despite strong per-
formance on other surface elements.

Small models demonstrate larger gaps in per-
formance (see Table 6 in Appendix E for com-
parison). Marker scores decrease across all lan-
guages, with Basque markers showing the largest
decline. Basque marker extraction achieves the
lowest scores among marker types across all small
models (15.3%—-29.6% vs. 49.1%—83.5% for Span-
ish), suggesting that segmenting and classifying
case affixes poses particular difficulty at smaller
scales.
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Table 1: Overall frontier (%). Figure/Ground: Levenshtein similarity; Predicate/Markers: avg. Levenshtein/type

match; Dynamicity: accuracy; Topological/Projective: Fl-score.

Spanish Basque Chinese

Claude GPT-40 Qwen Claude GPT-40 Qwen Claude GPT-40 Qwen
Figure 100.0 100.0 100.0 99.8 96.5 830 99.0 963 978
Ground 85.0 835 863 993 973 837 993 100.0 99.1
Predicate 99.2 99.0 943  87.1 90.3 82.0 834 61.9 68.2
Markers 74.2 764 705 721 494 175 764 70.8 613
Dynamicity 98.9 974 921 979 963 894 958 97.9 889
Topological 73.7 66.9 494 64.6 689 428 570 50.1  50.2
Projective 87.2 92.2 60.6  79.7 82.8 40.6 74.0 54.6 65.0

Spanish ~ Basque Chinese shows substantial gaps: GPT-40 drops from 82.3%

Model

Surface Sem Surface Sem Surface Sem

Claude-3.5-Sonnet 89.6 86.6 89.6 80.7 895 75.6
GPT-40 89.7 855 834 827 823 675
Qwen2.5-VL-72B-Instruct  87.8 673 66.5 57.6 81.6 68.0

Table 2: Surface vs Semantic scores (%) for frontier
models. Surface: avg. of Levenshtein-based metrics;
Semantic: avg. of Dynamicity accuracy and Topologi-
cal/Projective F1.

Spanish Basque Chinese

Model

Surface Sem Surface Sem Surface Sem

Claude-3.5-Haiku 90.0 747 732 734 827 659
GPT-40-Mini 774 532 560 454 741 47.6
Qwen-2.5-VL-7B-Instruct 80.6 464 648 354 558 31.8

Table 3: Surface vs Semantic scores (%) for small mod-
els. Surface: avg. of Levenshtein-based metrics; Se-
mantic: avg. of Dynamicity accuracy and Topologi-
cal/Projective F1.

5.3 Surface Elements vs Semantic
Components

Table 2 and Table 3 summarize average scores
for surface elements and semantic components
separately, computed as the mean of the respec-
tive component-wise metrics for frontier and small
models respectively. Given the heterogeneous na-
ture of these metrics, comparisons across cate-
gories should be interpreted as qualitative tenden-
cies rather than precise quantitative differences.

Surface element scores exceed semantic scores
across nearly all conditions. This gap is partly ex-
pected by design, but notably dynamicity—also
requiring inference—achieves 88.9%—98.9% accu-
racy, suggesting that the difficulty extends beyond
the inherent challenge of semantic classification.
The magnitude of this gap varies by language and
model scale.

For frontier models, Spanish exhibits a narrow
gap (89.6% vs. 86.6% for Claude), with surface
and semantic scores nearly equivalent. Chinese

surface score to 67.5% semantic score, highlight-
ing that correct parsing does not guarantee seman-
tic comprehension. Basque demonstrates an inter-
mediate pattern—surface element scores remain
high except for spatial markers, where models
struggle to segment case suffixes from their stems
(e.g., predicting barruan as a single token instead
of separating barru + -n), and semantic scores fall
below Spanish despite comparable parsing success
on other surface elements, suggesting that morpho-
logical segmentation failures could propagate into
semantic classification.

Small models show the same directional pattern
but with lower overall performance and higher vari-
ance. The qualitative character of errors also dif-
fers between scales: frontier model errors cluster
around specific components and languages, while
small model errors are more uniformly distributed.

5.4 Stasis Breakdown
5.4.1 Topological

Frontier models reveal systematic patterns across
semantic primitive combinations. Closed con-
tainment, superposition, and subposition achieve
moderate-to-high scores, while open containment
proves more challenging. The contact distinction
and open versus closed geometry remain difficult
across models. The [top] specification shows vari-
able performance. (See Tables 7 and 8 in Appendix
E for detailed performance on topological primi-
tive combinations for frontier and small models, re-
spectively).

Small models show moderate performance with
systematic patterns emerging: [+contact] primi-
tives consistently outperform [-contact] primitives,
particularly for containment and superposition rela-
tions. However, overall scores remain lower than
frontier models, with greater variance across prim-
itive combinations and languages.
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5.4.2 Projective

Frontier models achieve strong performance on ab-
solute frame relations across Spanish and Basque,
with Claude and GPT approaching perfect scores.
Intrinsic frame relations also perform well for
Claude and GPT, though Qwen shows notable
difficulty.  Relative frame relations, however,
show mixed results. The [relative][left] and
[relative][right] distinctions achieve high scores
across models, while [relative][back] and [rela-
tive][front] prove more challenging. (See Tables 9
and 10 in Appendix E, which show performance
on projective relations by frame of reference for
frontier and small models, respectively).

Small models show strong differentiation by
frame type: relative frame relations achieve high
scores for Claude and GPT, while intrinsic frame
relations prove most challenging across all mod-
els. Absolute frame performance varies by model,
with Claude and GPT maintaining moderate-to-
high scores while Qwen shows weakness.

6 Discussion

Parsing Does Not Entail Understanding. The
most consistent finding across our evaluation is
the dissociation between surface element identifi-
cation and semantic classification. Across both
frontier and small models, scores on surface el-
ements—figure, ground, spatial predicate,
spatial markers—exceed scores on semantic
components—topological and projective rela-
tions. This gap persists regardless of model scale,
though its magnitude and character differ.

Chinese provides a clear demonstration of this
pattern for frontier models. Claude and GPT
achieve strong ground extraction (99.3%—100%),
correctly identifying spatial nouns as part of the
ground phrase. Yet topological scores remain
moderate (50.1%-57.0%), and projective scores
vary substantially. Models identify what encodes
spatial meaning without necessarily understanding
what spatial relation is encoded.

Chinese spatial markers illustrate a specific
incoherence in frontier model behavior. Models
include localizers as part of the ground phrase
when prompted for ground extraction, yet clas-
sify these same elements as adposition rather than
spatial noun when prompted for marker identifica-
tion. This reveals that models apply task-specific
heuristics rather than maintaining stable represen-
tations of grammatical status. An experiment with

joint extraction of all components (Table 11, Ap-
pendix E) confirms this instability: localizers still
appear in ground phrases but are not extracted as
spatial nouns in markers, demonstrating the same
contradiction. Overall performance degrades sub-
stantially—marker scores drop by up to 30 percent-
age points depending on the model.

The qualitative character of errors also differs
between scales. Frontier model errors cluster
around specific components and languages, which
points to systematic challenges in particular as-
pects of spatial understanding. In contrast, small
model errors spread more uniformly across dif-
ferent areas—a pattern consistent with general ca-
pacity constraints. This distinction is informa-
tive: where frontier models succeed but small mod-
els fail may reflect capacity-dependent learning;
where both struggle may indicate more fundamen-
tal challenges in spatial reasoning that persist de-
spite increased scale.

Dynamicity as Exception. Not all semantic
components prove equally difficult. Dynamicity
classification remains robust across languages and
most model scales, with frontier models achieving
88.9%-98.9% accuracy. Frontier models achieve
high scores, and most small models maintain rea-
sonable performance on this component despite
struggling with topological and projective re-
lations. This resilience likely reflects the nature of
the distinction: dynamicity involves a three-way
categorical classification with strong correlations
to verb semantics, making it more accessible than
spatial primitives that require geometric reasoning.

Morphological Marking. Basque
spatial_markers present a diagnostic case
for morphological processing in spatial language
understanding.  Spatial relations in Basque are
encoded through case suffixes that attach directly
to nouns, requiring models to segment bound
morphemes rather than identify free-standing
tokens.

The contrast between model scales is pro-
nounced. Small models show severe difficulties
with Basque markers, with all three models achiev-
ing their lowest marker-type scores on this com-
ponent. Frontier models improve substantially,
though performance varies: Claude achieves com-
parable scores across languages (72.1%—76.4%),
while GPT drops to 49.4% and Qwen to 17.5%
for Basque markers despite strong performance on
other surface elements.
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This pattern suggests that segmenting and identi-
fying case affixes as spatial encoding poses partic-
ular challenges, especially at smaller scales. This
pattern could extend to other languages with spa-
tial case marking, such as Finnish or Hungar-
ian. Evaluation limited to prepositional languages
would miss this systematic limitation entirely.

Topological. Primitives reveal asymmetric per-
formance patterns. Closed containment, superpo-
sition, and subposition achieve moderate-to-high
scores in frontier models, while open containment
proves more challenging. The contact distinc-
tion remains difficult: [-contact] primitives gen-
erally underperform [+contact] across topological
types, though the magnitude varies by model and
language. The [open] versus [closed] distinction
shows instability, with [open] containment achiev-
ing lower scores. The [top] specification shows
variable performance, with scores dependent on
lexical cues in the input. Small models exhibit
systematic rather than random errors: [+contact]
primitives consistently outperform [-contact] prim-
itives, particularly for containment and superpo-
sition relations. However, overall scores remain
lower than frontier models, with greater variance
across primitive combinations and languages. A
supplementary multimodal experiment shows no
consistent improvement pattern overall (Table 14,
Appendix E), but frontier models show selective
gains for [+contact][containment][open] across all
languages (+5.6 to +44.4 percentage points; Ta-
ble 15), a pattern that does not extend to small
models, where improvements are inconsistent (Ta-
ble 16).

Projective. Projective relations present distinct
evaluation challenges depending on frame type.
Absolute frame relations—cardinal directions—
rely on lexically explicit nouns, making them more
tractable for text-only evaluation. Frontier mod-
els achieve consistently high scores on absolute
frames in Spanish and Basque for Claude and
GPT, though Qwen shows notable weakness even
on these lexically explicit relations. Intrinsic and
relative frame relations pose a more fundamental
challenge: without visual context, these distinc-
tions can be genuinely ambiguous in text alone—
a sentence like “the fox is in front of the house”
could describe either an intrinsic or a relative re-
lation. Given this inherent ambiguity, we avoid
strong claims about the relative difficulty of spe-
cific frame types, as observed patterns may re-

flect textual cues rather than spatial reasoning per
se. Adding images does not resolve this—results
show no consistent improvements across models or
languages (Tables 17-18, Appendix E), consistent
with recent findings on visual grounding for spatial
distinctions (Tong et al., 2024).

7 Conclusion

We introduced a novel framework for spatial lan-
guage understanding and a multilingual bench-
mark that addresses systematic gaps in existing
evaluation approaches. By decomposing spatial
relations into surface elements and semantic com-
ponents, and by recognizing spatial markers be-
yond prepositions, our framework enables evalua-
tion across typologically diverse languages.

Our evaluation of frontier and small-scale LLMs
on Spanish, Basque, and Chinese reveals three
key findings. First, surface element identification
scores consistently exceed semantic classification
scores, demonstrating that successful surface pars-
ing does not entail spatial understanding. Sec-
ond, morphological spatial marking poses persis-
tent challenges: Basque case suffixes prove particu-
larly difficult across model scales, with small mod-
els showing severe difficulties and frontier models
demonstrating variable performance depending on
architecture. Third, primitive decomposition us-
ing F1-score metrics exposes systematic patterns—
contact asymmetries, containment geometry insta-
bility, frame-of-reference distinctions—that would
be invisible under atomic labeling schemes.

These findings point to several research direc-
tions for advancing spatial language understanding
in LLMs. First, expanding typological coverage
to languages with diverse morphological marking
systems is essential—current evaluation systemat-
ically excludes case-marking strategies, limiting
our understanding of whether models comprehend
spatial relations or succeed primarily on preposi-
tional patterns. Second, component-wise evalua-
tion frameworks provide diagnostic precision that
atomic labels cannot, enabling separation of pars-
ing failures from semantic failures and targeted
analysis of systematic difficulties. Third, multi-
modal frameworks designed specifically for spatial
reasoning merit dedicated investigation. Finally,
projective relations require specialized methodolo-
gies for frame-of-reference distinctions, particu-
larly for intrinsic and relative frames where textual
ambiguity is inherent.
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Advancing spatial language understanding in
LLMs requires expanding evaluation beyond
prepositional languages to determine whether mod-
els genuinely comprehend spatial meaning or suc-
ceed primarily on surface patterns. Our benchmark
provides initial evidence for this necessity, and our
component-wise framework offers a methodology
that can be extended to additional languages and
spatial phenomena in future research.

8 Limitations and Future Work

Limitations inspire future research directions. Our
language sample, while typologically diverse, cov-
ers only three languages. The patterns we ob-
serve—particularly the difficulty with morpholog-
ical marking—should be tested on additional lan-
guages with spatial case systems (e.g., Finnish,
Hungarian) to confirm their generality.

Our multimodal evaluation provides initial ev-
idence that visual grounding does not resolve se-
mantic challenges, but was limited in scope. The
experiment used canonical static images with text-
only prompts, without systematic manipulation of
visual properties, attention mechanisms, or multi-
modal integration strategies. A comprehensive un-
derstanding of why visual input fails to help would
require controlled studies examining these factors
—which is beyond the scope of this benchmark-
focused study.

Our typology of spatial markers—adpositions,
affixes, and spatial nouns—does not exhaust the
crosslinguistic inventory. Less common strategies
such as tonal marking could encode spatial mean-
ing in some languages, but fall outside our current
annotation scheme.

The primitive decomposition, while more fine-
grained than existing schemes, does not exhaust
spatial semantics. The topological component
could be extended to capture relations like “be-
tween” or “among” and configurations involving
encirclement or multiple grounds, which are not
reducible to our current feature set. Similarly, the
projective component could incorporate finer an-
gular distinctions and language-specific absolute
systems beyond cardinal directions. Our current
treatment of relative frame relations also does not
account for more fine-grained phenomena such as
the variation in coordinate projection strategies
across languages (Levinson, 2003; Zhang et al.,
2025). Scaling the dataset to include Indigenous
Languages of Australia (e.g., Pitjantjatjara, Mur-

rinhpatha, Bininj Kunwok) would be especially in-
teresting, as they are widely known for abstract car-
dinal and geomorphic terms for spatial reference,
with egocentric terms not being attested much
(Palmer et al., 2022).

Finally, the framework may serve as a basis for
future studies of spatial systems, their components
and their relationship to the topographic environ-
ments, an aspect that still remains under-studied
(Palmer et al., 2019).
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A Full Annotation Examples

A.1 Topological Example: Bird on Ground

This section provides the complete annotations for
Spanish and Chinese descriptions of the spatial
scene shown in Figure 1 (the bird on the ground).
The Basque annotation appears in the main text
(Figure 1).

{“‘sentence’’: ‘‘El péjaro estd en el suelo.”’,
“‘language’’: “‘es’’,
“figure’’: ‘‘El pdjaro’’,
““ground’’: “‘el suelo’’,
“‘spatial_predicate’’:
{““text’’: “‘esta’’, ‘¢
“‘spatial_markers’’: [
{““text’’: “‘en’’, “‘type’’: ¢
““‘dynamicity’’: ‘‘static’’,
“‘stasis’’:
{“‘topological’’:
‘‘[+contact][superposition]’’,
“‘projective’’: {“‘type’’: <77, “‘value’’:

U

99, ¢

type’’: “‘copula’’},

adposition’’ }],

Figure 2: Spanish annotation for “El pdjaro estd en el
suelo” (The bird is on the ground). Spanish encodes
the spatial relation using the copula estd and a single
adposition en.

A.1.1 Chinese

Cross-linguistic observations. The three lan-
guages encode the same topological relation
([+contact][superposition]) using different surface
strategies:

* Spanish relies on a copula (estd) and a single
general-purpose preposition (en) that does not
specify the precise topological relationship.

* Basque uses a lexical verb (dago) and two
markers: a spatial noun (gain ‘top/surface’)
that specifies the topological relationship,
plus a locative case affix (-an) marking the
ground.

* Chinese has no explicit spatial predicate
but employs two markers: a preposition (zdi)
marking general spatial location, and a spatial
noun (shang ‘top/on’) specifying the topolog-
ical relationship.
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{“‘sentence’’: ‘‘Niao zai di shang.”’,
““translation’’: ‘“The bird is on the ground’’,
““language’’: “‘zh’’,

“figure’’: ‘‘niao’’,
““ground’’: ‘‘di shang’’,
“‘spatial_predicate’’:

{““text’: °7, “‘type’’: 7},
“‘spatial_markers’’: [

{““text’’: “‘zai’’, “‘type’’: ‘‘adposition’’ },

{““text’’: “‘shang’’, “‘type’’:
“‘spatial_noun’’ }],

““‘dynamicity’’: “‘static’’,

“‘stasis’’:

{““topological’’:
“‘[+contact][superposition]’’,
“‘projective’’: {“‘type’’: 7, ““value’’:

U

Figure 3: Chinese annotation for “% 7 il |- (Nizo
zai di shang / The bird is on the ground). Chinese
uses no explicit spatial predicate, but employs
two spatial markers: the preposition zai and the
spatial noun shang (‘top/on’).

This variation demonstrates that evaluating only
prepositional markers would miss crucial spa-
tial encoding strategies. The semantic annota-
tion (topological and dynamicity), however, re-
mains consistent across languages, showing that
our primitive-based approach captures meaning in-
dependently of surface form.

A.2 Projective Examples:
Frame-of-Reference Relations

This section provides examples of projective re-
lations requiring different frames of reference. Un-
like the bird example, these relations involve direc-
tional specification.

A.2.1 Intrinsic Frame: Fox in Front of House

Why this is projective. Unlike the bird-on-
ground example, which can be described purely
through topological primitives, the fox-house re-
lation requires specifying a direction. The house
has an inherent orientation—a canonical front side
(typically where the door is located)—and the fox’s
position is described relative to this intrinsic prop-
erty of the ground object. The observer’s position
is irrelevant; the relation holds regardless of where
one views the scene from.

Figure 4: Visual stimulus for intrinsic frame relation:
the fox’s position is described relative to the house’s in-
herent front facet.

{“‘sentence’’: ‘‘Azeria etxearen aurrean dago.’’,
“‘translation’’: ‘“The fox is in front of the
house’’,
““language’’: ‘‘eu’’,
“figure’’: ‘‘Azeria’’,
“‘ground’’: ‘‘etxearen aurrean’’,
“‘spatial_predicate’’:
{““text’’: “‘dago’’, ‘¢
“‘spatial_markers’’: [
{““text’’: “‘aurre’’, ‘‘type’’:
“‘spatial_noun’’},
{““text’’: “‘—an’’, “‘type’’: “‘affix’’ }],
“‘dynamicity’’: ‘‘static’’,
““stasis’’:
{““topological’’: “*’,
“‘projective’’: {“‘type’’: ‘‘intrinsic’’,
““value’’: “‘“front’’ } } }

type’’: “‘copula’’ },

Figure 5: Basque annotation for “Azeria etxearen aur-
rean dago” (The fox is in front of the house). This is an
intrinsic frame relation: the spatial description relies on
identifying the house’s inherent front facet. The spatial
noun aurre (‘front”) combined with the locative case -
an encodes this directional relationship.
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A.2.2 Relative Frame Example

Relative frame relations depend on the observer’s
viewpoint. For example, “The ball is to the left
of the tree” describes the ball’s position using co-
ordinates derived from the observer’s bodily axes.
If the observer moves to the opposite side of the
tree, the same physical configuration might be de-
scribed as “to the right of the tree.”

Our dataset includes relative frame examples
with all four directional values: left, right, front,
and back.

A.2.3 Absolute Frame Example

Absolute frame relations use fixed environmental
bearings. For example, “The village is south of the
mountain” employs cardinal directions that remain
constant regardless of observer position or object
orientation.

Our dataset includes absolute frame examples
with all four cardinal values: north, south, east, and
west.

A.3 Dynamicity Variation

The same visual configuration can be described
with different dynamicity values depending on
whether motion is involved and, if so, in which di-
rection.

Static: “The bird is on the ground” describes a
stable spatial relation without motion.

Goal: “The bird lands on the ground” or “The
bird flies onto the ground” describes motion to-
ward the ground as destination. The topological
value ([+contact][superposition]) describes the fi-
nal spatial state after the motion is complete.

Source: “The bird takes off from the ground” or
“The bird flies from the ground” describes motion
away from the ground as departure point. The
topological value describes the initial spatial
state before the motion begins.

This systematic variation allows us to evaluate
whether models understand that dynamicity and
topological are independent but interacting di-
mensions: the same topological relationship can
occur in static contexts or as the source/goal of mo-
tion events.

B Primitive Values and Examples
C Annotation Guidelines

Figure

The noun phrase denoting the entity whose loca-
tion or motion is being described. Extract the com-
plete NP in its base form: include all determin-
ers, modifiers, and complements that belong to the
phrase itself, but exclude independent adpositions.
For contractions (e.g., ‘al’ = ‘a’ + ‘el’), extract only
the NP component (‘el’).

Ground

The reference object, site, or region relative to
which the Figure’s location or motion is specified.
Extract the complete noun phrase that serves as
the landmark, including all determiners, modifiers,
and complements. This includes any lexical el-
ements with spatial meaning (like ‘top’, ‘front’,
‘right’, ‘side’, ‘cima’, ‘lado’, ‘I 1H’) when they
function as the head noun of the phrase. The en-
tire noun phrase built around such spatial nouns
(e.g., ‘la cima del edificio’, ‘the top of the moun-
tain’, “AHMEAY_FH’) must be extracted as the com-
plete ground.

Spatial Predicate

The predicate that expresses the static relation or
motion event linking Figure and Ground. Extract
the complete predicate as it appears in the sen-
tence, including all its grammatical elements and
any complements that are part of the verbal unit it-
self. Do NOT include spatial markers that are con-
nected to the Ground. Includes both ‘text’ (the sur-
face form) and ‘type’ (grammatical category). If
the construction does not have a spatial predicate,
the entire field should be an empty string .

e verb: Lexical verbs that denote actions, states,
or processes (e.g., lies, sits, runs, goes, re-
mains).

* copula: Grammatical elements that link the
figure to the ground, typically expressing at-
tribution rather than action (e.g., is, was).

Spatial Markers

A list of elements that encode the spatial relation-
ship between a figure (the entity whose location or
motion is being described) and a ground (the refer-
ence object). Only include elements that are gram-
matically linked to a ground NP. Each marker is
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Primitives

Example

Topological
[+contact][containment][open]
[-contact][containment][open]
[+contact][containment][closed]
[-contact][containment][closed]
[+contact][attachment]
[+contact][superposition]
[-contact][superposition]
[+contact][superposition][top]
[-contact][superposition][top]
[+contact][subposition]
[-contact][subposition]

The cat is in the box

The fish is in the fish tank

The cat is in the house

The fly is flying inside the house

The magnet is stuck to the refrigerator
The bird is on the ground

The bird is flying above the house
The cat is at the top of the mountain
The helicopter is hovering above the roof of the building
The cat is under the blanket

The cat is under the table

Projective (angular)
Absolute
[absolute][east]
[absolute][north]
[absolute][south]

The car is to the east of the church
The car is to the north of the church
The car is to the south of the church
The car is to the west of the church

[absolute][west]
Intrinsic
[intrinsic][back]
[intrinsic][front]
Relative
[relative][back]
[relative][front]
[relative][left]
[relative][right]

The fox is behind the house
The fox is in front of the house

The cat is behind the box

The cat is in front of the box
The cat is to the left of the box
The cat is to the right of the box

Table 4: Primitive components for topological and angular (projective) spatial relations with representative exam-

ples.

recorded separately with ‘text’ and ‘type’. Mark-
ers must be listed in their order of appearance in the
sentence. If the construction has no spatial mark-
ers, the entire field should be an empty list [].

* adposition: Prepositions, postpositions, or
fixed multi-word constructions that have
grammaticalized as inseparable units (e.g.,
‘on’, ‘in’, ‘at’, ‘on top of’, ‘encima de’, FE).
When contractions or fused forms incorpo-
rate elements that belong to the ground NP
(e.g., Spanish ‘del’ = ‘de’ + ‘el’), report only
the spatial marker portion (e.g., ‘de’), while
the ground NP element remains part of the
ground. For multi-word adpositions, deter-
mine if the expression is grammaticalized as
a fixed unit: if it does not accept internal mod-
ification (e.g., ‘on top of’, ‘encima de’), mark
it as a single adposition; if the spatial noun
retains nominal behavior and accepts modifi-
cation (e.g., ‘on the top of’, ‘en la cima de’),
separate the adposition from the spatial noun.

» affix: Case markers or other morphological af-
fixes that encode spatial meaning (e.g., Latin
ablative ‘-0’, accusative ‘-um’, Basque ines-
sive ‘-n’).

spatial_noun: Lexical nouns with spatial
meaning that function as the head of the
ground NP. Extract only the stem or head
noun itself (e.g., ‘top’, ‘cima’, < P, ‘gain’),
excluding determiners, modifiers, and inflec-
tional morphology. Examples: ‘cima’ (from
‘la cima del edificio’), ‘gain’ (from ‘maha-
iaren gainean’).

Dynamicity

The temporal aspect of the spatial relation, indicat-
ing whether the relation is static or involves mo-

tion.

static: The Figure’s spatial relation to the
Ground is stable; no translational motion oc-
curs.

source: The Figure moves away from the
Ground, which serves as the point of depar-
ture of the motion.

goal: The Figure moves toward the Ground,
which serves as the final location of the mo-
tion.

Stasis

The

spatial relationship between Figure and

Ground. ALWAYS include both ‘topological’ and
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‘projective’ keys.

dynamic_rule: For motion: if Figure moves
AWAY FROM Ground, describe INITTIAL state; if
TOWARD Ground, describe FINAL state.

topological: Topological relationship as con-
catenated primitives in brackets (e.g., ‘[+con-
tact][containment][open]’). Contact ([+contact] or
[-contact]) must ALWAYS be first. Use empty
string if projective is used.

 contact: [+contact] or [-contact] - physical
contact between Figure and Ground. AL-
WAYS first.

e containment: [containment][open] (partial
enclosure) or [containment][closed] (full en-
closure)

e attachment: [attachment] - mechanically fas-
tened

* superposition: [superposition] - Figure above
Ground. Add [top] if on uppermost surface.

* subposition:
Ground

[subposition] - Figure below

projective: Angular relationships via frames of
reference. If topological is used, include this key
with empty strings.

type: ‘absolute’ (fixed bearings), ‘relative’
(viewer-dependent), or ‘intrinsic’ (object’s inher-
ent parts)

value: north | south | east | west | left | right | front
| back

D Language-Specific Considerations

Each language presented distinct analytical chal-
lenges.

Spanish. Contracted forms combining preposi-
tions with articles (e.g., del from de + el) required
splitting to isolate the spatial marker. Multi-
word adpositions such as encima de (‘on top of’)
were treated as single markers when grammatical-
ized as fixed units.

Basque. Basque employs an agglutinative sys-
tem where spatial relations are encoded through
case suffixes—inessive -n, allative -ra, ablative -
tik—combined with spatial nouns (Hualde and Or-
tiz de Urbina, 2011). Spatial nouns like gain (‘top’)
frequently combine with these case markers and
are treated as nouns following Etxepare (2013).

Directional postpositions such as behera (‘down’)
were analyzed as adpositions following Etxepare
and Oyharcabal (2012). Genitive cases function-
ing as linkers between reference objects and spatial
nouns were not annotated as spatial markers, as
they establish possessive relationships rather than
contributing spatial information per se.

Chinese. Chinese presents particular challenges
due to the grammaticalization status of elements
like /i (‘inside’), shang (‘top/on’), and xid (‘un-
der’). These forms—termed ‘localizers’ in the
literature—derive historically from nouns, but
their synchronic category remains debated, hav-
ing been analyzed variously as NP enclitics, loca-
tive particles, postpositions, or as a subclass of
nouns (Huang et al., 2009; Lin, 2011; Djamouri
et al., 2013). We annotate these elements as
spatial noun markers, consistent with their nom-
inal etymology and syntactic behavior. Regard-
ing zai, we follow Woo (2021) in treating it con-
sistently as a spatiotemporal preposition that intro-
duces the Ground. Separately, directional com-
plements appearing in verb-directional construc-
tions (e.g., chulai ‘exit-come’ in zuan le chilai
‘burrowed out’) were annotated as part of the
spatial predicate, as these elements modify
the motion event rather than marking the ground.
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E Tables

Table 5: Overall frontier results for Claude-3.5-Sonnet, GPT-40, and Qwen2.5-VL-72B (%). Figure/Ground: Lev-
enshtein similarity; Predicate/Markers: avg. Levenshtein/type match; Dynamicity: accuracy; Topological/Projec-
tive: Fl-score.

Spanish Basque Chinese
Claude GPT-40 Qwen Claude GPT-40 Qwen Claude GPT-40 Qwen
Figure 100.0 £0.0 100.0£0.0 100.0+0.0 99.8+0.4 96.5+04 83.0+1.1 99.0+0.8 96.3+0.8 97.8+0.6

Ground 85.0+£0.5 835+05 863+0.0 99.3+04 973+0.1 83.7+03 99.3+0.6 100.0+0.0 99.1 £0.3
Predicate 99.2+0.0 99.0+02 943+0.7 87.1+0.8 90.3+2.6 82.0+£0.5 834+3.6 619+15 682+0.3
Markers 742+05 764+16 705+06 72.1+1.6 494+09 175+£05 764+13 708+42 61.3+0.7
Dynamicity 98.9+0.9 974+09 92.1+0.0 979+09 963+09 89.4+£09 958+09 979+09 889+0.0
Topological 73.7+22 669+24 494+19 646+15 689+20 428+09 57.0+19 50.1+3.0 50.2+0.3
Projective  87.2+1.0 922+10 60.6+25 79.7+0.0 82.8+3.7 40.6+25 740+09 546+1.6 650%0.0

Table 6: Overall small model results for Claude-3.5-Haiku, GPT-40-mini, and Qwen2.5-VL-7B (%). Figure/-
Ground: Levenshtein similarity; Predicate/Markers: avg. Levenshtein/type match; Dynamicity: accuracy; Topo-
logical/Projective: F1-score (with standard deviation).

Spanish Basque Chinese
Haiku  GPT-mini Qwen-7B  Haiku = GPT-mini Qwen-7B  Haiku = GPT-mini Qwen-7B
Figure 973+£0.0 964+0.0 948+0.5 86.0+05 408+2.1 8.2+12 882+0.0 65.8+1.0 91.0%£1.5

Ground 86.5+0.1 89.5+1.2 883+09 93.0+£03 788+1.0 67.2+2.6 992+0.5 964+04 43.6+0.5
Predicate =~ 92.7+0.2 747+04 758+0.5 84.1+0.0 89.2+1.2 883+24 698+0.0 66.9+0.8 59.2+0.5
Markers 835+£0.7 49.1+0.5 634+x14 29.6+0.6 153+0.7 185+25 73.7+13 67.1+0.7 293 +2.1
Dynamicity 95.2+0.0 89.4+24 757+09 94.7+09 77.8+27 582409 93.7+0.0 76.7+09 439+09
Topological 50.3+1.6 304+0.6 30.6+2.3 42.6+2.1 264+13 21.9+0.5 31.8+03 249+02 22.6+3.8
Projective 787+ 1.3 39.9+09 328+32 83.0+13 319+1.1 26.0+2.7 723+28 41.0+12 28.8+5.1

Table 7: Topological Breakdown by Primitive Combination frontier (with standard deviation)

Claude-3.5-Sonnet GPT-40 Qwen2.5-72B
ES EU ZH ES EU ZH ES EU ZH
+contact][containment]|[open] 70.4+12.8 55.6+0.0 77.8+0.0 63.0+x64 541+x46 778+x0.0 889+0.0 963+64 889+0.0
-contact][containment][open] 37.0+64 444+00 333+00 333+x00 444+00 333+£00 444+00 556+00 44400
+contact][containment][closed] 77.8 0.0 81.5+64 80.0+0.0 100.0+0.0 944+9.6 685+17.0 77.8+0.0 74.1+32 77.8+0.0
-contact][containment][closed] 77.8+0.0 51.9%+64 556+00 667+00 704+64 667+00 37.0+64 444+00 444+00

+contact][attachment] 100.0 0.0 80.0+0.0 60.0+00 77.8+9.6 80.0+0.0 400+00 83.0+51 459+51 489+19
-contact][superposition] 80.0+0.0 80.0+0.0 733+115 433+00 444+19 41.1+19 556+0.0 378+77 556+0.0

+contact][superposition][top] 95.6+3.8 533+11.5 46.7+0.0 88.9+7.7 100.0+0.0 47.8+13.5 80.0+0.0 563 %12.8 66.7+0.0
-contact][superposition][top] 74.1+£2.6 40.0+77 444+00 66.7+0.0 356+00 444+00 267+0.0 267+00 57.8+0.0
+contact][subposition] 833+0.0 833+0.0 80.0+0.0 48.1+30.6 63.0+6.4 36.7+17.3 100.0+0.0 63.3+0.0 100.0+0.0

L
[
[
[
[
[+contact][superposition] 722+£9.6 833+0.0 956+3.8 741+128 86.7+3.8 63.0+128 537+32 744+9.6 963+64
[
[
[
[
[-contact][subposition] 66.7+£0.0 100.0+0.0 50.0+£0.0 741+64 852+32 70.0+173 444+9.6 389+9.6 50.0+0.0
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Table 8: Topological Breakdown by Primitive Combination small (with standard deviation)

Claude-3.5-Haiku GPT-40-mini Qwen2.5-7B
ES EU ZH ES EU ZH ES EU ZH
[+contact][containment][open]  88.9+0.0 822+ 11.5 88.9+0.0 92.6+6.4 100.0+£0.0 88.9+0.0 49.6+12.6 422+ 14.6 46.7+13.3
[-contact][containment][open] ~ 40.7 £ 6.4 519+12.8 40.7+64 66.7+0.0 593+64 556+0.0 385+20.5 28.1+6.8 222+0.0
[+contact][containment][closed] 77.8+0.0 74164 689+0.0 63.0+64 741+£64 66.7+0.0 659+11.4 43.0+14.3 46.7+14.7
[-contact][containment][closed] 40.7 +6.4 48.1+64 435+0.0 333+£00 444+0.0 333%00 34.1+£192 27.7+134 37+64

[+contact][attachment] 100.0£0.0 80.0+0.0 40.0£0.0 60.0+£0.0 40.0+0.0 38.7+£22 578+48 11.1£9.6 36.7+58
[+contact][superposition] 66.7+0.0 633+88 844+38 400+00 533+0.0 50.0+58 27.8+14.7 363 +15.1 485+16.2
[-contact][superposition] 27.8+19 51.1£102 40.0+0.0 40000 356+77 267+00 47.8+19 322+168 389%9.6

[+contact][superposition][top] ~ 100.0 0.0 743+4.7 83.3+0.0 63.0+12.8 63.0+£257 57.0+13 622+7.7 689168 71.1+15.6
[-contact][superposition][top] 65.1+£18.0 548+51 444+00 444+£00 222+0.0 66700 70.7+£80 559+13.0 51.1+21.4
[+contact][subposition] 63.3+48 76.7+88 100.0+0.0 57.8+0.0 40.0+0.0 40.0+0.0 63.0+64 29.6+128 48.1+11.6
[-contact][subposition] 50.0+16.7 66.7+00 333+0.0 274+9.0 185+32 0.0+00 648+32 37.0+12.8 42.6+225

Table 9: Projective Breakdown by Primitive Combination frontier (with standard deviation)

Claude-3.5-Sonnet GPT-40 Qwen2.5-72B
ES EU ZH ES EU ZH ES EU ZH
[absolute][east] 100.0 £0.0 100.0+0.0 100.0+0.0 100.0+0.0 83.3+16.7 50.0+0.0 77.8+9.6 11.1£9.6 66.7+0.0
[absolute][north] 100.0 £ 0.0 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 55.6+19.2 944+9.6 66.7+0.0 100.0+0.0
[absolute][south] 100.0 £ 0.0 100.0+0.0 100.0+0.0 100.0+0.0 77.8+19.2 55.6+9.6 83.3+0.0 33.3+0.0 100.0+0.0
[absolute][west] 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 50.0+0.0 66.7+0.0 27.8+9.6 66.7+0.0
[intrinsic][back] 66.7£0.0 100.0+0.0 66.7+0.0 100.0+0.0 100.0+0.0 77.8+19.2 0.0+00 16.7+0.0 16.7+0.0
[intrinsic][front] 100.0£0.0 66.7+0.0 66.7+0.0 944+9.6 100.0+0.0 100.0£0.0 38.9+9.6 16.7+16.7 333+0.0
[relative][back] 50.0+0.0 50.0+£0.0 389+96 77.8+9.6 50.0+0.0 389+9.6 11.1+192 0.0+0.0 333+0.0
[relative][front] 55.6+9.6 33.3+0.0 333+00 500+£00 500+£0.0 444+9.6 333+0.0 333+00 66.7+0.0
[relative][left] 100.0£0.0 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 83.3+0.0 100.0+0.0 100.0+0.0 100.0 0.0
[relative][right] 100.0£0.0 100.0+0.0 833 +0.0 100.0+0.0 944+9.6 389+9.6 100.0+0.0 100.0+0.0 66.7 0.0

Table 10: Projective Breakdown by Primitive Combination small (with standard deviation)

Claude-3.5-Haiku GPT-40-mini Qwen2.5-7B
ES EU ZH ES EU ZH ES EU ZH
[absolute][east] 100.0+0.0 100.0+0.0 944+9.6 833+0.0 61.1£9.6 100.0+0.0 50.0+0.0 50.0+16.7 463 +17.9
[absolute][north] 100.0 £0.0 100.0+0.0 100.0+0.0 889+9.6 66.7+0.0 944+96 66700 389+9.6 444+9.6
[absolute][south] 100.0 0.0 94.4+9.6 100.0+£0.0 833+0.0 333+0.0 889+96 389+96 444+9.6 556+19.2
[absolute][west] 100.0 £0.0 100.0+0.0 77.8+19.2 77.8+9.6 56+9.6 889+9.6 389+9.6 389+9.6 27.8+9.6
[intrinsic][back] 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0 50.0+0.0 500+0.0 11.1£9.6 11.1+9.6 0.0%0.0
[intrinsic][front] 50.0+0.0 50.0+£0.0 50.0+£0.0 50.0+0.0 50.0+0.0 50.0+0.0 222255 352+140 5.6+9.6
[relative][back] 100.0 £0.0 100.0+0.0 66.7+0.0 100.0+0.0 100.0+0.0 100.0+0.0 50.0+16.7 55.6+19.2 333 +16.7
[relative][front] 100.0 £0.0 100.0+0.0 88.9+19.2 100.0+0.0 100.0+0.0 94.4+9.6 77.8+19.2 50.0 £28.9 55.6+19.2
[relative][left] 100.0+0.0 100.0£0.0 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 61.1 +34.7 66.7 +33.3 77.8 +38.5
[relative][right] 100.0 £0.0 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 944+9.6 61.1+255 11.1+9.6 222+9.6

Table 11: Chinese results with unified prompt. Figure/Ground: Levenshtein similarity; Predicate/Markers: avg.
Levenshtein/type match; Dynamicity: accuracy; Topological/Projective: F1-score.

Chinese
Claude GPT-40 Qwen
Figure 100.0 994 994
Ground 85.3 899 929

Predicate 86.7 69.6 654
Markers 52.6 415 444
Dynamicity 984  100.0 90.5
Topological 51.3 283 363
Projective 66.7 50.0 403

Table 12: Overall text-only models (%). Figure/Ground: Levenshtein similarity; Predicate/Markers: avg. Leven-
shtein/type match; Dynamicity: accuracy; Topological/Projective: F1-score (with standard deviation).

Spanish Basque Chinese
Gemma-12B  Qwen-14B  DeepSeek-14B  Gemma-12B  Qwen-14B  DeepSeek-14B  Gemma-12B  Qwen-14B  DeepSeek-14B
Figure 96.4 + 0.0 99.5+0.0 66.0 + 3.2 68.4 +0.0 62.6 +1.2 47.5+29 742+ 0.8 78.0 + 0.0 335+72
Ground 86.4 + 0.1 822+ 0.6 82.6 + 1.0 76.1 £ 0.1 80.0 + 0.3 76.0 £3.5 1000 £ 0.0 99.1 +04 92.1 £0.5
Predicate 89.6 £ 0.1 73.8 £ 0.4 799 +13 984+ 0.0 64.5+ 1.0 86.8 + 1.2 64.2+0.3 525 +2.1 56.8 +1.2
Markers 72.3+03 692+ 1.5 77.6 + 3.4 13.3+0.2 21.1£0.5 145+ 1.7 70.5 + 0.7 67.3+0.5 474 + 64
Dynamicity 93.7 +£ 0.0 90.5 + 0.0 979 + 1.8 90.5 +£ 0.0 79.4 + 0.0 69.3 +3.3 88.9 + 0.0 84.1 +0.0 873+ 1.6
Topological ~ 41.0 + 1.0 36.4 + 0.1 388 +2.7 38.7+4.3 243+52 21.5+19 23.1+£6.5 326+ 0.6 324 +6.6
Projective 483 + 1.6 654455 54.1 £8.3 44.1 +3.0 302+ 5.6 18.2 +3.0 314 +2.7 528 +£5.6 39.8 +9.1

35360



Table 13: Evaluation Performance by Component (multimodal) (%). Figure/Ground: Levenshtein similarity; Pred-
icate/Markers: avg. Levenshtein/type match; Dynamicity: accuracy; Topological/Projective: F1-score.

Claude Haiku GPT-40 GPT-mini Qwen Qwen-7B

ES EU ZH ES EU ZH ES EU ZH ES EU ZH ES EU ZH ES EU ZH
Figure 97.3 100.0 100.0 96.4 86.5 93.9 100.0 96.1 100.0 88.6 41.2 60.1 99.5 89.2 100.0 78.2 69.8 74.0
Ground 79.0 773 91.4 86.0 60.5 97.7 854 98.7 100.0 84.3 95.7 95.0 83.6 92.4 91.6 80.1 51.5 66.9
Predicate  99.2 91.0 67.7 86.2 88.7 69.3 98.4 96.6 64.2 48.0 89.2 59.9 88.2 85.7 62.2 59.9 35.2 37.5
Markers 73.0 50.7 83.2 743 17.8 66.0 78.9 42.0 67.8 39.8 15.0 50.3 71.6 15.6 55.0 54.7 16.3 28.0
Dynamicity 85.7 100.0 95.2 93.7 95.2 88.9 93.7 96.8 96.8 52.4 85.7 82.5 90.5 79.4 92.1 69.8 60.3 55.6
Topological 62.9 70.1 589 33.1 29.9 33.7 63.9 58.1 50.4 27.8 11.8 28.0 47.1 45.6 47.8 33.0 26.0 25.5
Projective 78.6 81.8 70.8 65.0 70.0 47.7 90.0 61.8 54.4 39.6 55.0 43.3 63.3 50.0 66.7 38.4 33.9 39.1

Table 14: Performance Difference: Multimodal vs Text-only (Multimodal — Text-only, percentage points)

Claude-3.5-Haiku Claude-3.5-Sonnet GPT-40 GPT-40-mini Qwen2.5-72B  Qwen2.5-7B

ES EU ZH ES EU ZH ES EU ZH ES EU ZH ES EU ZH ES EU ZH
Topological -18.7 -12.7 +1.9 -8.1 +6.3 +3.7 -5.6 -9.6 +3.4-1.9 -13.1 43.0 -4.2 +3.0 -2.1 +4.7 +3.4 -0.7
Projective -14.4 -12.8 -259 -8.1 +2.1 -2.6 -3.3-25.3 -0.1 -0.9 +24.0 +1.3 +0.0 +6.7 +1.7 +2.0 +4.9 +12.8

Table 15: Topological Breakdown Difference: Multimodal vs Text-only (big) (percentage points)

Claude-3.5-Sonnet GPT-40 Qwen2.5-72B

ES EU ZH ES EU ZH ES EU ZH
[+contact][containment][open] +22.2 +44.4 +11.1 +38.9 +27.8 +22.2 +11.1 +5.6 +11.1
[-contact][containment][open] +5.6 +0.0 -11.1 +22.2 +11.1 +22.2 +22.2 +11.1 +22.2
[+contact][containment][closed] +0.0 -5.6 -11.1 -16.7 -13.9 -27.8 -11.1 +5.6 -11.1

[-contact][containment][closed] +11.1 +5.6 ~-11.1 -11.1 -11.1 -222 -5.6 +0.0 -11.1
[+contact][attachment] +0.0 +20.0 +0.0 -13.9 -22 -13.3 -233 +6.7 +1.7
[+contact][superposition] -16.7 -11.1 -10.0 -89 -144 -0.0 +25.0 +17.2 -22.2
[-contact][superposition] -46.7 -13.3 -36.7 +13.3 +10.6 +10.6 -5.6 +10.0 -12.2

[+contact][superposition][top] -30.0 +23.3 +46.7 -23.3 -66.7 +20.0 +0.0 +4.4 +13.3
[-contact][superposition][top] 244 422 +156 +45.6 -133 -89 +22.2 +222 +0.0
[+contact][subposition] -23.3 -33 -200 -16.1 -1.1 -6.7 -60.0 -23.3 -40.0
[-contact][subposition] -33.3 -50.0 -16.7 -25.0 -33.3 -15.0 +8.3 -25.0 +0.0

Table 16: Topological Breakdown Difference: Multimodal vs Text-only (small) (percentage points)

Claude-3.5-Haiku GPT-40-mini Qwen2.5-7B

ES EU ZH ES EU ZH ES EU ZH
[+contact][containment][open] +0.0 -12.2 +11.1 456 -66.7 +11.1 +41.1 -8.6 +37.8
[-contact][containment][open] +0.0 +0.0 +16.7 +0.0 -61.1 +11.1 +13.3 +37.8 +44.4
[+contact][containment][closed] -11.1 -22.2 -2.2 +11.1 -389 +0.0 -5.6 +26.7 +6.1
[-contact][containment][closed] -5.6 +0.0 -10.2 +5.6 -33.3 +0.0 -11.1 +14.1 +22.2

[+contact][attachment] +0.0 -13.3 +0.0 -8.3 -40.0 +1.9 +0.6 +36.1 +26.7
[+contact][superposition] -33.3 -40.0 -61.1 +13.3 +0.0 -83 +194 +5.0 +23.9
[-contact][superposition] +26.7 +3.3 +33.3 -10.0 +156 -2.2 -33 +0.0 -16.7

[+contact][superposition][top]  -100.0 -59.2 +16.7 -11.1 -55.6 +42.2 -16.7 -25.6 -30.0
[-contact][superposition][top] -53.2 -31.1 +31.1 -26.7 +0.0 +0.0 -20.0 -32.2 -433
[+contact][subposition] 244 -150 -60.0 -17.8 -40.0 +0.0 +18.9 +22.2 +38.3
[-contact][subposition] +5.0 -16.7 +11.1 -30.0 +139 +0.0 -2.8 -11.1 -30.6

Table 17: Projective Breakdown Difference: Multimodal vs Text-only (big) (percentage points)

Claude-3.5-Sonnet GPT-40 Qwen2.5-72B

ES EU ZH ES EU ZH ES EU ZH
[absolute][east] +0.0 +0.0 +0.0 +0.0 -33.3 +0.0 +16.7 -83 +33.3
[absolute][north] +0.0 +0.0 +0.0 +0.0 -16.7 -16.7 -16.7 +33.3 +0.0
[absolute][south] +0.0 +0.0 +0.0 +0.0 +0.0 +83 +16.7 +66.7 +0.0
[absolute][west] +0.0 +0.0 +0.0 +0.0 -33.3 +16.7 +33.3 +50.0 +33.3
[intrinsic][back] +33.3 +0.0 +33.3 +0.0 +0.0 +16.7 +50.0 -16.7 +50.0
[intrinsic][front] +0.0 +33.3 +33.3 +0.0 +0.0 +0.0 -33.3 +0.0 +0.0
[relative][back] +0.0 +0.0 +16.7 -8.3 +0.0 +8.3 -16.7 +0.0 -33.3
[relative][front] +8.3 +16.7 +16.7 +0.0 +0.0 +83 -33.3 -33.3 -66.7
[relative][left] +0.0 +0.0 +0.0 +0.0 -50.0 -33.3 +0.0 +0.0 +0.0
[relative][right] +0.0 +0.0 -33.3 -16.7 -33.3 +16.7 +0.0 +0.0 +0.0
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Table 18: Projective Breakdown Difference: Multimodal vs Text-only (small) (percentage points)

Claude-3.5-Haiku GPT-40-mini Qwen2.5-7B

ES EU ZH ES EU ZH ES EU ZH
[absolute][east] +0.0 +0.0 +0.0 +83 +25.0 +0.0 +16.7 +8.3 +33.3
[absolute][north] +0.0 +0.0 +0.0 -8.3 +33.3 +8.3 +33.3 +58.3 +25.0
[absolute][south] +0.0 +8.3 +0.0 +8.3 +16.7 +83 +58.3 +25.0 +0.0
[absolute][west] +0.0 +0.0 +16.7 +16.7 +50.0 +16.7 +8.3 +16.7 +16.7
[intrinsic][back] +0.0 +0.0 -50.0 -83 -16.7 +0.0 -83 -83 +0.0
[intrinsic][front] +0.0 +0.0 -33.3 -83 -16.7 +0.0 +83 +83 +50.0
[relative][back] +0.0 -33.3 -66.7 -83 -16.7 -16.7 +8.3 +0.0 -8.3
[relative][front] -33.3 -50.0 -33.3 +0.0 +0.0 +8.3 +16.7 +33.3 +33.3
[relative][left] +0.0 +0.0 +0.0 -16.7 +0.0 +0.0 +33.3 +50.0 +16.7
[relative][right] +0.0 +0.0 +0.0 -333 +0.0 -16.7 +50.0 +33.3 +41.7
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