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captions correctly reflected the expected spatial
settings. We used JSD again to quantify the align-
ment between the expected location distributions
and those implied by the generated images.

We hypothesize that captions with inherently
strong locational priors should yield lower JSD val-
ues, as the models more reliably generate appro-
priate spatial contexts. Captions with ambiguous
or weak locational cues are expected to produce
higher JSD values, reflecting uncertainty and in-
consistency in generated scenes.

Captions with strong, stereotypical location ex-
pectations tended to yield more accurate spatial
localization. For instance, the caption "A man is
grilling meat on an outdoor grilling pit" (JSD �
2:1 � 10�6 ) consistently yielded backyard or pa-
tio scenes, suggesting strong location priors. In
contrast, "A woman is drinking a beverage" (JSD �
0.599) resulted in highly variable outputs, ranging
from indoor bistros to open-air plazas, with sev-
eral images lacking discernible cafe elements alto-
gether. We include such examples of T2I generated
images in Figure 4 .

We observed that captions with preserved loca-
tion cues resulted in significantly better alignment
between generated images and expected spatial
contexts. Specifically, the average JSD for images
from original captions was 0.2586, while the aver-
age JSD for images from location-ablated captions
had a higher divergence of 0.3966. This increase in
JSD after ablation indicates that event localization
in T2I-generated images deteriorates when explicit
locative cues are removed, reflecting a reliance on
surface-level prompts and limited implicit spatial
understanding.

These results highlight that T2Is perform well
when captions have strong, prototypical location
expectations but struggle under ambiguous condi-
tions. Low JSD values correlate with accurate local-
ization, indicating that models can reliably encode
and reproduce well-established event-location pri-
ors. However, when faced with underspecified cap-
tions, higher JSD values reveal inconsistency and
lack of spatial grounding.

While current T2Is demonstrate some capacity
for event localization, their reliance on surface-level
patterns and lack of deeper inferential spatial rea-
soning remains a key limitation. Improving spatial
awareness in T2Is will likely require multimodal
training incorporating richer environmental and sit-
uational knowledge.

5.3. Effect of Removing Explicit Location
Mentions

We analyzed how the annotation labels changed
before and after explicit location information was
ablated from captions. This allowed us to examine

(a) T2I(DALL·E3) generated im-
age for caption "A man is grilling
meat on an outdoor grilling pit"

(b) T2I(Flux) generated image for
caption "A woman is drinking a
beverage"

(c) T2I(Midjourney) generated im-
age for caption "A woman is drink-
ing a beverage"

Figure 4: Example of three images where one
shows strong location priors while other shows high
variability.

the underlying mental models—both human and
AI—that are activated when interpreting language
with or without situational context. Specifically, we
compared the number of annotations that matched
the location classification of the original (unmodi-
fied) caption versus the location-ablated version.

We observed a clear dichotomy. Some verbs (Ta-
ble 1) demonstrated high resilience to location re-
moval, including ski, row, grill, drink, pass-
by, and practice. For these verbs, both hu-
man and AI mental models consistently inferred
the same location information, indicating that these
actions are tightly bound to prototypical environ-
ments (e.g., skiing ! mountain, rowing ! body of
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Verb Original % Location-Ablated %
ski-01 1.00 1.00
row-01 1.00 1.00
grill-01 0.70 0.70
drink-01 0.95 0.80
pass-by-17 1.00 0.75
practice-01 0.85 0.75

Table 1: Verbs with High Location Annotation Con-
sistency After Location Ablation

Verb Original % Location-Ablated %
sleep-01 0.75 0.00
sit-01 0.45 0.00
catch-01 0.35 0.10
contrast-01 0.10 0.00

Table 2: Verbs with Large Drops in Location Anno-
tation Consistency After Location Ablation

water), and that both types of models encode these
associations robustly.

In contrast, other verbs (Table 2) revealed major
drops in location annotation consistency after loca-
tion ablation. These included sleep, sit, catch,
and contrast, which are more context-dependent
and less tied to a canonical location. Here, both
human and AI mental models showed degraded
inference, although in some cases humans were
still better able to use implicit context or background
assumptions.

These findings reveal a fundamental difference
between human and AI mental models. Verbs with
high KLD (e.g., ski, row) maintain strong location
priors, making them robust to the location ablation
of explicit cues. Both humans and LLMs seem to
have internalized these associations, though likely
via different mechanisms—embodied experience
for humans and data-driven statistical generaliza-
tion for AIs. In contrast, verbs with low KLD (e.g.,
sleep, sit) expose the limits of inference, espe-
cially for AI systems, when surface-level cues are
ablated. This points to a core difference in flexibility
and context sensitivity between humans, LLMs and
T2Is.

5.4. Verb-Specific Resistance to
Location Ablation

We define resistance to ablation as the ability to
retain correct location category classification after
explicit locative cues are ablated.

In this section, we investigate whether certain
verbs exhibit higher resistance to location removal,
as measured by their impact on classification accu-
racy for humans, LLMs and T2Is.

As shown in Table 3, some verbs exhibit poor
performance by LLMs due to their semantic flexibil-
ity and weak locative priors. Verbs such as drink,

Classification Level Verb Human Drop % LLM Drop % T2I Drop %

Fine-Grained
drink-01 0.15 0.60 0.40
catch-01 0.25 0.40 0.33
jump-03 0.00 0.3 0.33

Indoor/Outdoor
lie-07 0.10 0.35 0.06
lean-01 0.05 0.15 0.27
speak-01 0.00 0.10 0.14

Man-made/Natural
catch-01 0.10 0.30 0.33
lie-07 0.10 0.30 0.07
swing-01 0.00 0.05 0.13

Table 3: Post-ablation absolute accuracy drop (%)
across classification levels and verbs. Higher drop
indicates lower robustness to spatial ablation.

jump, and catch occur in a wide range of environ-
ments, making them highly context-sensitive.

Conversely, verbs like lie, catch and speak ex-
hibit large performance drops in LLMs and T2Is,
particularly T2Is, indicating difficulty in inferring situ-
ated context from minimal cues. These verbs occur
in diverse settings and lack strong locative priors,
making spatial inference harder when explicit cues
are removed.

We can distill the following patterns: 1) For high
KLD verbs, they are more location bound and better
preserved 2) For lower KLD verbs, they are more
context sensitive, and harder to infer when stripped.

We can clearly see that humans are better at con-
text recovery, and LLMs rely on statistical priors,
while T2Is frequently produce visually and spatially
incoherent outputs in the absence of explicit loca-
tive cues.

These findings suggest that while AI systems
have internalized some event-location associations,
they lack the flexible inferential mechanisms hu-
mans use to fill in missing contextual information.

6. Discussion and Conclusion

This work presents a systematic evaluation of im-
plicit spatial reasoning in LLMs and T2Is. When
explicit locative cues are removed, LLMs struggle to
infer fine-grained location categories, relying heav-
ily on surface-level statistical associations rather
than situational reasoning. This limitation is partic-
ularly evident for semantically flexible verbs that do
not strongly imply stereotypical locations.

T2Is face similar challenges, often generating vi-
sually incoherent scenes when deprived of explicit
spatial cues. These models depend largely on tex-
tual prompts and learned co-occurrence patterns,
lacking the embodied experience and pragmatic
reasoning that enable humans to resolve spatial
ambiguity. As a result, verbs like lean, drink, and
speak frequently lead to ambiguous or inaccurate
visual generations.

T2Is exhibit the largest performance drops
when classifying scenes along the indoor-outdoor
and manmade-natural dimensions, especially for
context-dependent actions like sit, jump, and catch.
Humans resolve such ambiguities by drawing on
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rich, embodied knowledge and ecological affor-
dances, while current models tend to default to
prototypical or dataset-biased representations, of-
ten misaligning with real-world contexts.

6.1. Gibsonian Affordances and Model
Limitations

Our findings echo Gibson’s theory that affordances
arise from agent-environment relationships, not ob-
ject properties alone. Humans intuitively associate
actions like skiing with mountains through direct
perception of affordances, while LLMs and T2Is
lack this embodied understanding. Current T2Is
treat locations as mere co-occurrence patterns in
text and images rather than dynamic affordance
spaces. Incorporating embodied datasets such as
Ego4D (Grauman et al., 2022) may help models
develop more grounded spatial reasoning.

Our findings provide empirical support for Gibso-
nian affordances in the context of language ground-
ing, reinforcing the conclusion that current AI sys-
tems lack equivalent embodied priors necessary
for flexible spatial reasoning.

While LLMs and T2Is have acquired some event-
location associations, they lack the flexible, context-
sensitive reasoning required for robust spatial un-
derstanding. Enhancing spatial reasoning in AI
systems will require richer multimodal training, in-
tegration of commonsense and world knowledge,
and potentially, exposure to embodied interaction
data. Our dataset provides a starting point for such
research and highlights the need for models that
reason beyond surface-level patterns.

6.2. Future Work
Future efforts should focus on expanding the
dataset, diversifying annotator backgrounds, and
developing automated, scalable methods for lin-
guistic ablation. Furthermore, a promising direc-
tion for future work is to fine-tune language and
vision-language models on datasets specifically
curated for spatial reasoning. Even modest instruc-
tion tuning, using prompts that explicitly highlight
spatial context (e.g., “Where is this event most likely
happening?”), could help models better align with
human expectations in ambiguous settings. Al-
ternatively, targeted fine-tuning using contrastive
examples—paired sentences with and without loca-
tive cues—may help reduce reliance on shallow
co-occurrence patterns and improve robustness
to location ablation. Given the structured nature
of our dataset and annotations, this kind of inter-
vention is not only feasible but also a natural next
step toward building models with stronger situa-
tional grounding. Despite its limitations, this work
establishes a structured framework for evaluating
implicit spatial reasoning and provides a foundation

for future large-scale studies. We will release the
dataset and code under a permissive license upon
publication to encourage further research.

Limitations

This study is a proof-of-concept exploration rather
than a comprehensive benchmark. The dataset
size (134 sentence pairs and 804 images) limits
the generalizability of our findings and additionally,
while AMR parsing enabled systematic location
ablation, reliance on automatic parsing and manual
refinement may have introduced inconsistencies.

Furthermore, in terms of the annotations, be-
cause all annotators were graduate students at
a U.S. university and native English speakers, their
spatial reasoning and world knowledge may reflect
Western cultural and linguistic biases. Future work
should include annotators from more diverse lin-
guistic and cultural backgrounds to ensure broader
generalizability.

Ethics Statement

This study involves human annotation and model
analysis for spatial reasoning. All annotators were
graduate students recruited directly and compen-
sated at ($15/hour), consistent with academic wage
standards. No personal identifying information was
collected. Annotators were fully informed and gave
written consent. Annotation was conducted via the
Mechanical Turk sandbox, but compensation oc-
curred outside the platform.

The study was determined to be exempt from IRB
review, as it posed minimal risk and involved only
de-identified data. All image captions were sourced
from the publicly available Flickr30k and Event Lo-
calization Corpus datasets, and images generated
by T2Is do not contain identifiable individuals.

We acknowledge that datasets involving spatial
scenes could theoretically be misused for surveil-
lance or simulation. To mitigate this, the dataset
will be released under a permissive, research-only
license, with documentation discouraging inappro-
priate use.

We used LLMs (ChatGPT-4o, Claude 3.7,
DeepSeek-V3, and LLaMA 3.1 Sonar) for anno-
tation and comparison. Their use is documented in
Appendix B. We also used ChatGPT to polish the
abstract and the introduction.
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Location High Medium Low
indoors/man-made/domestic n/a lie-07 n/a
indoors/man-made/other_unclear n/a speak-01 n/a
indoors/man-made/recreation sing-01 practice-01 n/a
indoors/man-made/restaurant drink-01 n/a enjoy-01
indoors/man-made/transportation_urban sleep-01 wait-01 sit-01
indoors/man-made/work_education present-01 examine-01 use-01
outdoors/man-made/domestic grill-01 n/a contrast-01
outdoors/man-made/other_unclear n/a n/a n/a
outdoors/man-made/recreation swing-01 race-02 play-01
outdoors/man-made/restaurant n/a n/a n/a
outdoors/man-made/transportation_urban pass-by-17 drive-01 lean-01
outdoors/man-made/work_education sell-01 n/a n/a
outdoors/natural/body_of_water row-01 n/a kneel-01
outdoors/natural/field_forest catch-01 run-02 jump-03
outdoors/natural/mountain ski-01 n/a n/a
outdoors/natural/other_unclear n/a n/a n/a

Table 4: Selected PropBank predicates, grouped according to location category and KL divergence level.

B. Annotation Interfaces and LLM
Prompts

Figure 5 shows the Amazon Mechanical Turk
Worker Sandbox user interface for caption annota-
tion, and Figure 6 shows that for image annotation.
The prompt templates for each LLM’s caption an-
notations are below.

ChatGPT-4o and Claude 3.7 Sonnet
Given the following caption, classify it according
to the hierarchy below. Return only the matching
tuple from the hierarchy, nothing else.
Caption: “{caption}"
Hierarchy: {hierarchy}
Classification:

DeepSeek-V3 and Llama 3.1 Sonar Large
128k Online
Classify the following caption according to the given
hierarchy.
Caption: ‘{caption}’
Hierarchy: {hierarchy}
Instructions:
1. Choose exactly one classification from the hier-
archy for each of the three levels:

- First, classify where the caption is happening:
indoors or outdoors.

- Second, classify whether it involves man-made
or natural elements.

- Third, select the most fitting category based
on the activity or context in the caption (e.g., work,
recreation, etc.)
2. Provide a full classification in the format: (’loca-
tion’, ’nature’, ’activity’)

3. Only include the classification tuple and no other
text.
4. Do not omit any category, even if it is less obvi-
ous.
Classification:
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Figure 5: Sentence annotation user interface.
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Figure 6: Image annotation user interface.


