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Abstract
Understanding how Large Language Models (LLMs) and Text-to-Image models (T2Is) acquire and apply implicit
spatial knowledge remains an open challenge. In this paper, we present a novel dataset and evaluation framework
designed to probe event localization capabilities in both humans, LLMs and T2Is. Our dataset includes 134 sentence
pairs derived from Flickr30k captions, where explicit location information is systematically removed via Abstract
Meaning Representation (AMR) parsing and manual refinement. Using this dataset, we analyze the effects of
location ablation on spatial reasoning across human annotators, LLMs, and T2Is. Results show that while humans
maintain robust location inferences after ablation, LLMs exhibit degraded performance, particularly for semantically
polysemous verbs. T2Is demonstrate similar limitations, often generating visually inconsistent spatial contexts when
locative cues are missing. Our findings highlight the gap between human and LLMs and T2Is in recovering implicit
situational knowledge and suggest future directions for improving spatial reasoning in multimodal AI systems. This
dataset contribution work serves as a proof-of-concept for systematic evaluation of implicit spatial reasoning and
paves the way for larger-scale studies.

Keywords: event localization, spatial reasoning, multimodal evaluation, AMR, text-to-image generation,
commonsense

1. Introduction and Motivation

This paper explores the abilities of humans and
artificial intelligence (AI) models to identify the loca-
tions of events in text: this is the problem of event
localization (Pustejovsky, 2013; Maienborn, 2001).
Sometimes, the location of an event is explicitly
mentioned in the text; for example, consider the
following image caption, taken from the Flickr30k
dataset (Young et al., 2014):

(1) Vendors sell products at a farmer’s market.

For a human reading this caption and picturing
the event in their head, it is clear that the location
of the event, the selling of products, is in a market.
Furthermore, assuming this human is familiar with
the typical locations of farmer’s markets, they are
most likely imagining an outdoor scene. (The origi-
nal image corresponding to this caption is shown
in Figure 1 (a).)

Note that even when there is no specific loca-
tion mentioned in a sentence, humans often still
have some idea of where the event is taking place.
For example, suppose we remove the phrase “at a
farmer’s market" from sentence (1):

(2) Vendors sell products.

Although the event is no longer explicitly men-
tioned as taking place in a market, there is still an
association, derived from lived experience or world
knowledge, between the act of selling and a mar-
ket location. However, note that since the farmer’s
market was removed from the sentence, there is
no longer a strong association with the outdoors.

(a) Flickr30k image

(b) DALL·E 3-generated image

Figure 1: Example of two images for the caption
"Vendors sell products at a farmer’s market".

Prior datasets addressing spatial reason-
ing—e.g., NLVR (Suhr et al., 2019), GQA (Hudson
and Manning, 2019), and CLEVRER (Yi et al.,
2020)—focus on structured or synthetic visual
scenes with constrained linguistic diversity. How-
ever, there remains a lack of controlled benchmarks
that specifically probe implicit spatial reasoning
from text, where location cues are systematically
manipulated. Our work introduces such a dataset
and analysis pipeline, contrasting human, LLM,
and text-to-image (T2I) model behavior under
explicit versus ablated locative information.
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We build on insights from linguistic theories of
event localization (Pustejovsky, 2013) and situ-
ational presupposition (Stalnaker, 1974), linking
them with recent embodied-AI research on affor-
dance learning (Grauman et al., 2022). By combin-
ing AMR-based linguistic ablation with multimodal
evaluation, we aim to expose where current AI sys-
tems diverge most sharply from human spatial rea-
soning.

Research Questions The dataset’s precise con-
trol over location ablation enables experiments
that isolate the effects of implicit spatial reason-
ing. This focused design facilitates clearer insights
into model behavior under systematically controlled
conditions, often obscured in larger and noisier
datasets. We aim to address the following ques-
tions using our corpus:

• LLM and Human Event Localization
(Sec. 5.1): Are LLMs capable of event
localization in a manner similar to humans?
In other words, given a sentence, do humans
and LLMs assign the same location category
to that sentence?

• Text-to-Image Models’ Localization Accu-
racy (Sec. 5.2): Similarly, are T2Is capable of
event localization? Given a sentence, a T2I
generates an image; does the location cate-
gory of the image match that of the sentence
(as judged by humans), as shown in Figure
1(b)?

• Effect of Removing Explicit Location Men-
tions (Sec. 5.3): How do the location cate-
gories change, for both the sentences and the
generated images, when the explicit location
information is removed from the sentences?

• Verb-Specific Resistance to Location Abla-
tion (Sec. 5.4): Are there certain events that
resist the kind of location change mentioned
above? Put another way, are certain verbs so
strongly associated with particular locations,
that those locations are recoverable even in
the absence of a specific location mention?

Main Contributions The main contributions of
this work are as follows:

• A Novel Dataset for Event Localization: We
introduce a new benchmark dataset specif-
ically designed to probe implicit spatial rea-
soning in both humans and AI systems. The
dataset includes 134 sentence pairs with sys-
tematically controlled location ablations and
over 800 corresponding images generated by
state-of-the-art T2Is.

• A Unified Evaluation Framework: We pro-
pose a novel, and comprehensive framework
for evaluating spatial reasoning across hu-
mans, LLMs, and T2Is, using hierarchical loca-
tion annotations and Jensen-Shannon Diver-
gence for distributional comparisons.

• Empirical Insights into Model Limitations:
Through extensive experiments, we demon-
strate that while humans maintain robust loca-
tion inferences under explicit information abla-
tion, LLMs and T2Is struggle, particularly with
semantically polysemous verbs. Our findings
reveal critical gaps in the implicit situational
knowledge of modern LLMs and T2Is.

• Recommendations for Future Research:
We identify key challenges in spatial reasoning
for current AI systems and outline future re-
search directions, including the need for richer
multimodal grounding and improved integra-
tion of commonsense knowledge to bridge the
gap between human and AI mental models.

2. Related Work

Commonsense and Spatial Reasoning Under-
standing implicit spatial information in language
requires models to perform sophisticated common-
sense reasoning. Commonsense reasoning frame-
works such as ATOMIC (Sap et al., 2019), COMET
(Bosselut et al., 2019), and ATOMIC-10x (West
et al., 2022) provide large-scale causal and so-
cial knowledge bases, but offer limited coverage
of spatial grounding. Recent efforts in multimodal
commonsense reasoning, such as VCR (Zellers
et al., 2019), attempt to bridge textual and visual do-
mains, yet seldom target event-location inference.
Our work extends this line of research by focusing
on how humans, LLMs and T2Is infer the where of
events rather than the why or how.

Notably, our dataset builds upon the Event Local-
ization Corpus (ELC) created by Ward (2016). They
annotate a subset of images from Flickr30k (Young
et al., 2014), a widely used dataset that provides
rich, human-written natural language descriptions
of images, classifying them in a three-level hierar-
chy according to their locations. By matching the
image annotations with their corresponding cap-
tions, Ward (2016) create a resource for studying
the associations between events mentioned in text
with their locations displayed in images. We extend
this work by collecting caption annotations from
humans, LLMs, and T2Is, showing the differences
in their event localization abilities, and by systemat-
ically ablating the locations, showing the effects of
explicit location information on event localization.
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Visual Commonsense and Implicit Spatial
Knowledge The extraction of implicit spatial and
functional relationships between objects has been
explored in visual-commonsense tasks (Yatskar
et al., 2016; Collell et al., 2018; Li et al., 2023).
Recent large multimodal models such as Kosmos-
2 (Peng et al., 2024), LLaVA-NeXT (Liu et al.,
2024), and GPT-4V (OpenAI, 2023b) demonstrate
partial success at reasoning about relative spa-
tial relations. Nevertheless, they remain brittle un-
der underspecification or ablation. While their ap-
proaches focused on modeling relationships be-
tween objects, our work extends this line of inquiry
to the domain of event localization and language
models, analyzing whether modern AI systems can
infer similar implicit spatial knowledge purely from
textual descriptions. Our evaluation directly probes
this brittleness through controlled textual removal of
locatives, assessing whether models can recover
the implicit scene configuration.

Multimodal Grounding and Embodied Affor-
dances Recent advances in multimodal models
have demonstrated impressive capabilities in visual
understanding and language grounding. Models
such as Flamingo (Alayrac et al., 2022), Flamingo-
2, and GIT2 (Wang et al., 2022) have pushed the
boundaries of vision-language pretraining, achiev-
ing strong performance on a range of benchmarks.
Embodied and egocentric datasets such as Ego4D
(Grauman et al., 2022) have also recently enabled
models to couple language, action, and spatial
perception. Despite these advances, it remains
unclear whether these models can perform fine-
grained spatial reasoning under conditions of in-
complete or underspecified locative information.
The recent emergence of powerful multimodal
LLMs, such as GPT-4V (OpenAI, 2023b), has fur-
ther raised questions about the extent to which
these models possess grounded spatial under-
standing. Although GPT-4V and newer models like
GPT-4o (OpenAI, 2024) exhibit strong multimodal
reasoning, their implicit spatial reasoning capabili-
ties remain underexplored. Our dataset provides
a structured evaluation framework for assessing
these models’ abilities to handle implicit spatial rea-
soning and event localization.

This line of research also connects with Gibson’s
theory of affordances (Gibson, 1977), which posits
that objects inherently suggest their possible uses
and interactions based on their physical proper-
ties. These affordances shape human expecta-
tions about how objects are typically situated and
used in physical environments. However, most
benchmarks focus on active agents rather than
static event localization. Our dataset provides a
complementary testbed emphasizing linguistic and
inferential components of spatial reasoning.

Lexical Semantics and Presupposition Our
work is also grounded in research on lexical se-
mantics and presupposition theory. Concepts such
as situational presupposition and common ground
(Stalnaker, 1974) describe how humans rely on
shared background knowledge to interpret under-
specified language. From a linguistic standpoint,
spatial inference draws upon verbs’ selectional pref-
erences (Resnik, 1996), lexical distributional con-
straints (Erk, 2012), and situational presupposi-
tions (Stalnaker, 1974). Recent neural work revisits
these ideas in the context of pretrained embeddings
(Lenci and Sahlgren, 2023), suggesting that LLMs
encode shallow but detectable biases linking ac-
tions and typical environments. Our experiments
explicitly quantify how robustly these implicit pri-
ors survive ablation, bridging lexical semantics and
multimodal grounding.

3. Data

We used the Event Localization Corpus (ELC)
(Ward, 2016) as our original data source. It is built
on top of the Flickr30k corpus (Young et al., 2014),
which consists of over 30,000 images, each anno-
tated with five human-written descriptive captions,
describing the objects, actions, and interactions in
the scene. As previously mentioned, Ward (2016)
collected annotations for a 5,068-image subset of
Flickr30k, classifying the image locations according
to a three-level hierarchy, shown in Figure 2. Each
image’s location label was then associated with its
five corresponding captions.

We first identified a subset of ELC captions that
contain explicit location information. To find these
captions, we parsed them into Abstract Meaning
Representations (AMRs) (Banarescu et al., 2013),
using the SPRING parser (Bevilacqua et al., 2021).
AMRs are graph-based representations of a sen-
tence’s predicate-argument structure. An example
of an AMR for sentence (1) is given in Figure 3. We
defined captions with explicit location information
to be those whose AMR graphs contain an edge
with label :location, or where the root node has
a numbered role with type LOC, as defined in Prop-
Bank (Palmer et al., 2005). For example, the predi-
cate sit-01 has an argument ARG2 with type LOC,
so if an AMR has sit-01 as its root, with the ARG2
role filled, we consider the corresponding sentence
to contain explicit location information. In Figure 3,
the location information is highlighted in yellow.

After we obtained the subset of location-
containing captions, we grouped them according
to their root predicate (excluding those captions
whose root nodes are not PropBank predicates).
For each predicate, we computed the distribution of
captions with that predicate as the root, across each
of the 16 possible location categories. We then
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Figure 2: Location hierarchy. Locations are classi-
fied first as indoor or outdoor, then as man-made or
natural, and finally in one of 16 specific categories.

(z1 / sell-01
:ARG0 (z2 / person

:ARG0-of (z3 / vend-01))
:ARG1 (z4 / product)
:location (z5 / market

:mod (z6 / person

:ARG0-of (z7 / farm-01))) )

Figure 3: AMR for the caption "Vendors sell prod-
ucts at a farmer’s market".

computed the Kullback-Leibler Divergence (KLD)
of each of those distributions from the overall dis-
tribution of location categories in the entire ELC.
In other words, for each predicate, if P (x) is the
predicate-specific distribution of locations x ∈ X
and Q(x) is the overall location distribution, we
computed:

DKL(P∥Q) =
∑
x∈X

P (x) log

(
P (x)

Q(x)

)
(1)

We hypothesized that predicates with a higher
KLD (i.e., those events that have highly specific
location distributions) are more likely to be inher-
ently associated with those locations in which they
occur. To test this hypothesis, we ordered the pred-
icates according to KLD, and split the list evenly
into thirds. In order to get predicates associated

with a wide variety of locations, within each third,
we found the predicate with the highest value of
P (x) log

(
P (x)

Q(x)

)
for each of the 16 location cate-

gories x.
For each such (predicate, location category) pair,

we aimed to find 5 captions with that predicate as
the root and labeled with that category. We found
27 such pairs,which will be shown in Table 4 in
Appendix A. For each of the 134 captions1, we
manually removed the location information identi-
fied by the AMR parser, resulting in 134 original
and 134 location-ablated captions in our dataset.

4. Annotation

4.1. Human Event Localization

To assess humans’ event localization capabilities,
we asked four human annotators to categorize each
caption, both original and location-ablated, accord-
ing to the location hierarchy. Annotators were grad-
uate students at an American university and fluent
speakers of English. Annotation was done through
the Amazon Mechanical Turk Worker Sandbox, al-
though annotators were recruited and paid outside
of Mechanical Turk. Annotators were paid $15 per
hour. An example of the caption annotation en-
vironment will be shown in Figure 5 in Appendix
B.

At each level of the hierarchy, annotators were
also asked to report their confidence in their se-
lections on a 3-point Likert scale. Optional text
boxes were provided for annotators to explain their
reasoning, particularly for unclear or ambiguous
annotations, i.e., if the annotator picked 1 (low con-
fidence) on the Likert scale. This additional layer
of qualitative data provides valuable insights into
the difficulty and ambiguity of certain annotations,
and serves as a rich source of information for future
researchers and potential model training.

To mitigate potential order, memory, and condi-
tion biases, caption assignments were fully random-
ized, and annotators were blinded to whether each
caption was original or location-ablated. Annotation
of text and image data was conducted in separate
phases, ensuring that annotators never saw both
modalities for the same item. The guidelines ex-
plicitly instructed annotators to treat each caption
as novel, without attempting to recall similar ones.

1Although there were originally 27× 5 = 135 captions,
one caption was inappropriate, and two of the T2Is re-
fused to generate an associated image, so we excluded
that caption.
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4.2. LLM Event Localization

To probe the LLMs’ event localization abilities, we
sent the same 268 captions to ChatGPT-4o (Ope-
nAI, 2024), Claude 3.7 Sonnet (Anthropic, 2025),
DeepSeek-v3 (DeepSeek, 2024), and Llama 3.1
Sonar Large 128k Online (Perplexity, 2024). The
LLMs were given similar instructions to the human
annotators, except that they were not asked to give
their confidence scores on the Likert scale. The
prompt templates for each model will be given in
Appendix B.

4.3. T2I Event Localization

Because T2Is do not return text output, we could not
ask them to classify the captions directly. Instead,
we generated images for each of the original and
location-ablated captions using three T2Is, DALL·E
3 (OpenAI, 2023a), Flux.1 [dev] (Black Forest Labs,
2024), and Midjourney v6 (Midjourney, 2024). Each
model was given only the caption as its prompt, with
no other instructions. We generated 804 images in
total, one image per model per caption.

Once these images were generated, in order to
identify the locations represented in the images,
we asked the human annotators (same group as
above) to annotate the images according to the
location hierarchy, also within the Amazon Mechan-
ical Turk Worker Sandbox. An example of the im-
age annotation interface is shown in Figure 6 in
Appendix B. Again, annotators were asked to re-
port their confidence in their annotations and given
a text box for any comments.

To mitigate bias, Amazon Mechanical Turk gave
the images to the annotators randomly, and the
annotation guidelines asked them to treat the im-
ages as if they had not seen the sentences before
so it would affect their annotations. All annotation
interfaces were randomly ordered and condition-
blinded to minimize presentation bias. Annotators
were reminded to avoid guessing based on surface
wording or visual stereotypes

After the images were annotated, we then adjudi-
cated the results to create a gold standard label for
each image. We took these labels to represent, for
each image, the model’s spatial localization of the
caption used to generate it. Adjudication was done
by majority vote of the annotators, with one of the
authors serving as a tiebreaker when needed. To
assess inter-annotator agreement, we computed
Fleiss’ kappa (Fleiss, 1971) at each level of the
hierarchy. Agreement was very high, with kappa
values of 0.900 at the indoor/outdoor level, 0.830
at the man-made/natural level, and 0.739 at the
finest-grained category level.

5. Results

5.1. LLM and Human Event Localization
To understand how closely LLMs approximate hu-
man event localization, we compare the diver-
gence in location category distributions between hu-
man annotations and LLM-assigned location cate-
gories. Jensen-Shannon Divergence (JSD) is used
to quantify this difference due to its interpretability
and symmetry. The goal is to assess the extent
to which the probability distributions over location
categories differ when generated by humans ver-
sus large language models. Specifically, the JSD
between two probability distributions P and Q is
defined as:

JSD(P∥Q) =
1

2
DKL (P∥M) +

1

2
DKL (Q∥M) (2)

where P is the distribution of location categories
assigned by human annotators, Q is the distribu-
tion of location categories assigned by the LLMs,
M = 1

2 (P +Q) is the average distribution, and
DKL is the Kullback-Leibler divergence.

Higher JSD values indicate greater divergence
between the human-annotated location distribution
and the model’s implicit assumptions. Conversely,
lower JSD values reflect better alignment with the
expected spatial contexts.

We set a significance threshold of p < 0.05 for all
statistical tests.The mean JSD for original captions
was 0.3336, while for location-ablated captions it
was 0.4476. This difference was statistically signifi-
cant according to Welch’s t-test (p = 4.07× 10−5),
indicating a highly reliable difference between the
two conditions.

The effect size, measured by Cohen’s d, was
−0.52, which represents a moderate negative ef-
fect. This suggests that location-ablated captions
introduce a substantial increase in spatial uncer-
tainty, reducing alignment with human-expected
spatial contexts.

Together, these results indicate that LLM-
generated captions, particularly after location abla-
tion, diverge significantly from human mental mod-
els in event localization, both statistically and prac-
tically. Although LLMs can produce fluent and con-
textually appropriate sentences, their ability to cap-
ture implicit location cues remains limited compared
to human annotators. This gap highlights the chal-
lenge for current models in acquiring and applying
implicit spatial knowledge without explicit location
mentions.

5.2. T2I Localization Accuracy
To assess the capability of T2Is in event localization,
we analyzed whether the images generated from
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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.


	Introduction and Motivation
	Related Work
	Data
	Annotation
	Human Event Localization
	LLM Event Localization
	T2I Event Localization

	Results
	LLM and Human Event Localization
	T2I Localization Accuracy 
	Effect of Removing Explicit Location Mentions
	Verb-Specific Resistance to Location Ablation

	Discussion and Conclusion
	Gibsonian Affordances and Model Limitations
	Future Work

	Bibliographical References
	List of Selected Predicates
	Annotation Interfaces and LLM Prompts

