














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
221 108 ) 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 T2l 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 T2l-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 T2ls 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) T2l(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
Al—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 Al 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-o01 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 Al 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 Al 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 Als. In contrast, verbs with low KLD (e.g.,
sleep, sit) expose the limits of inference, espe-
cially for Al systems, when surface-level cues are
ablated. This points to a core difference in flexibility
and context sensitivity between humans, LLMs and
T2ls.

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 % | T2l Drop %
drink-01 0.15 0.60 0.40
Fine-Grained catch-01 0.25 0.40 0.33
jump-03 0.00 0.3 0.33
lie-07 0.10 0.35 0.06
Indoor/Outdoor lean-01 0.05 0.15 0.27
speak-01 0.00 0.10 0.14
catch-01 0.10 0.30 0.33
Man-made/Natural 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 T2lIs,
particularly T2lIs, 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 T2lIs frequently produce visually and spatially
incoherent outputs in the absence of explicit loca-
tive cues.

These findings suggest that while Al 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 T2ls. 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.

T2ls 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 T2lIs
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 Al 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 Al
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. Allimage 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-40, 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.

7. Bibliographical References
Jean-Baptiste Alayrac, Jeff Donahue, Pauline Luc,

Antoine Miech, lain Barr, Yana Hasson, Karel
Lenc, Arthur Mensch, Katie Millicah, Malcolm

11079



Reynolds, Roman Ring, Eliza Rutherford, Serkan
Cabi, Tengda Han, Zhitao Gong, Sina Saman-
gooei, Marianne Monteiro, Jacob Menick, Sebas-
tian Borgeaud, Andrew Brock, Aida Nematzadeh,
Sahand Sharifzadeh, Mikolaj Binkowski, Ricardo
Barreira, Oriol Vinyals, Andrew Zisserman, and
Karen Simonyan. 2022. Flamingo: A Visual Lan-
guage Model for Few-Shot Learning. In Proceed-
ings of NeurlIPS.

Anthropic. 2025. Claude 3.7 Sonnet. URL https:
//claude.ai/.

Laura Banarescu, Claire Bonial, Shu Cai, Madalina
Georgescu, Kira Griffitt, UIf Hermjakob, Kevin
Knight, Martha Palmer, and Nathan Schneider.
2013. Abstract Meaning Representation for Sem-
banking. In Proceedings of the Linguistic Anno-
tation Workshop (LAW), pages 178—186.

Michele Bevilacqua, Rexhina Blloshmi, and
Roberto Navigli. 2021. One Spring to Rule Them
Both: Symmetric AMR Semantic Parsing and
Generation without Pretraining. In Proceedings
of the AAAI Conference on Atrtificial Intelligence,
volume 35, pages 12564—12573.

Black Forest Labs. 2024. Flux.1 [dev]. URL
https://huggingface.co/lllyasviel/
fluxl-dev-bnb-nf4/blob/main/
fluxl-dev-bnb-nf4-v2.safetensors.

Antoine Bosselut, Hannah Rashkin, Maarten Sap,
Chaitanya Malaviya, Asli Celikyilmaz, and Yejin
Choi. 2019. COMET: Commonsense Transform-
ers for Automatic Knowledge Graph Construc-
tion. In Proceedings of the 57th Annual Meeting
of the Association for Computational Linguistics,
pages 4762—-4779, Florence, ltaly. Association
for Computational Linguistics.

Guillem Collell, Luc Van Gool, and Marie-Francine
Moens. 2018. Acquiring Common Sense Spatial
Knowledge through Implicit Spatial Templates. In
Proceedings of the Thirty-Second AAAI Confer-
ence on Artificial Intelligence (AAAI-18), pages
6765-6772.

DeepSeek. 2024. DeepSeek-V3. URL https:
//chat .deepseek.com/.

Katrin Erk. 2012. Vector space models of word
meaning and phrase meaning: A survey. Lan-
guage and Linguistics Compass, 6(10):635-653.

Joseph L. Fleiss. 1971. Measuring nhominal scale
agreement among many raters. Psychological
Bulletin, 76(5):378.

James J Gibson. 1977. The Theory of Affordances.
Lawrence Erlbaum Associates.

Kristen Grauman, Andrew Westbury, Eugene
Byrne, Zachary Chavis, Antonino Furnari, Rohit
Girdhar, Jackson Hamburger, Hao Jiang, Miao
Liu, Xingyu Liu, Miguel Martin, Tushar Nagara-
jan, llija Radosavovic, Santhosh Kumar Ramakr-
ishnan, Fiona Ryan, Jayant Sharma, Michael
Wray, Mengmeng Xu, Eric Zhongcong Xu, Chen
Zhao, Siddhant Bansal, Dhruv Batra, Vincent
Cartillier, Sean Crane, Tien Do, Morrie Doulaty,
Akshay Erapalli, Christoph Feichtenhofer, Adri-
ano Fragomeni, Qichen Fu, Abrham Gebrese-
lasie, Cristina Gonzalez, James Hillis, Xuhua
Huang, Yifei Huang, Wenqi Jia, Weslie Khoo,
Jachym Koldl, Satwik Kottur, Anurag Kumar,
Federico Landini, Chao Li, Yanghao Li, Zhen-
giang Li, Karttikeya Mangalam, Raghava Mod-
hugu, Jonathan Munro, Tullie Murrell, Takumi
Nishiyasu, Will Price, Paola Ruiz Puentes, Merey
Ramazanova, Leda Sari, Kiran Somasundaram,
Audrey Southerland, Yusuke Sugano, Ruijie Tao,
Minh Vo, Yuchen Wang, Xindi Wu, Takuma Yagi,
Ziwei Zhao, Yunyi Zhu, Pablo Arbelaez, David
Crandall, Dima Damen, Giovanni Maria Farinella,
Christian Fuegen, Bernard Ghanem, Vamsi Kr-
ishna lthapu, C. V. Jawahar, Hanbyul Joo, Kris
Kitani, Haizhou Li, Richard Newcombe, Aude
Oliva, Hyun Soo Park, James M. Rehg, Yoichi
Sato, Jianbo Shi, Mike Zheng Shou, Antonio Tor-
ralba, Lorenzo Torresani, Mingfei Yan, and Jiten-
dra Malik. 2022. Ego4D: Around the World in
3,000 Hours of Egocentric Video. In Proceedings
of CVPR, pages 18995-19012.

Drew A Hudson and Christopher D Manning. 2019.
GQA: A New Dataset for Real-World Visual Rea-
soning and Compositional Question Answering.
In Proceedings of CVPR.

Alessandro Lenci and Magnus Sahlgren. 2023. Dis-
tributional Semantics. Studies in Natural Lan-
guage Processing. Cambridge University Press.

Menghao Li, Chunlei Wang, Wenquan Feng,
Shuchang Lyu, Guangliang Cheng, Xiangtai Li,
Binghao Liu, and Qi Zhao. 2023. lterative Robust
Visual Grounding with Masked Reference based
Centerpoint Supervision . In 2023 IEEE/CVF
International Conference on Computer Vision
Workshops (ICCVW), pages 4653—-4658, Los
Alamitos, CA, USA. IEEE Computer Society.

Haotian Liu, Chunyuan Li, Yuheng Li, Bo Li, Yuan-
han Zhang, Sheng Shen, and Yong Jae Lee.
2024. LLaVA-NeXT: Improved reasoning, OCR,
and world knowledge.

Claudia Maienborn. 2001. On the position and inter-
pretation of locative modifiers. Natural language
semantics, 9(2):191-240.

11080


https://claude.ai/
https://claude.ai/
https://aclanthology.org/W13-2322
https://aclanthology.org/W13-2322
https://huggingface.co/lllyasviel/flux1-dev-bnb-nf4/blob/main/flux1-dev-bnb-nf4-v2.safetensors
https://huggingface.co/lllyasviel/flux1-dev-bnb-nf4/blob/main/flux1-dev-bnb-nf4-v2.safetensors
https://huggingface.co/lllyasviel/flux1-dev-bnb-nf4/blob/main/flux1-dev-bnb-nf4-v2.safetensors
https://doi.org/10.18653/v1/P19-1470
https://doi.org/10.18653/v1/P19-1470
https://doi.org/10.18653/v1/P19-1470
https://ojs.aaai.org/index.php/AAAI/article/view/12239
https://ojs.aaai.org/index.php/AAAI/article/view/12239
https://chat.deepseek.com/
https://chat.deepseek.com/
https://doi.org/https://doi.org/10.1002/lnco.362
https://doi.org/https://doi.org/10.1002/lnco.362
https://doi.org/10.1109/CVPR52688.2022.01842
https://doi.org/10.1109/CVPR52688.2022.01842
https://doi.org/10.1109/ICCVW60793.2023.00501
https://doi.org/10.1109/ICCVW60793.2023.00501
https://doi.org/10.1109/ICCVW60793.2023.00501
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://llava-vl.github.io/blog/2024-01-30-llava-next/

Midjourney. 2024. Midjourney V6. URL https:

//www.midjourney.com/imagine

OpenAl. 2023a. DALL-E-3. URL https://
chatgpt.com/.

OpenAl. 2023b. GPT-4V(ision) System Card.
URL https://cdn.openai.com/papers/
GPTV_System_Card.pdf.

OpenAl. 2024. ChatGPT-4o0.
chatgpt.com/.

URL https://

Martha Palmer, Daniel Gildea, and Paul Kingsbury.
2005. The proposition bank: An annotated cor-
pus of semantic roles. Computational linguistics,
31(1):71-106.

Zhiliang Peng, Wenhui Wang, Li Dong, Yaru Hao,
Shaohan Huang, Shuming Ma, Qixiang Ye, and
Furu Wei. 2024. Grounding Multimodal Large
Language Models to the World. In Proceedings
of ICLR.

Perplexity. 2024. Llama 3.1 Sonar Large 128k On-
line. URL https://www.perplexity.ai/.

James Pustejovsky. 2013. Where Things Happen:
On the Semantics of Event Localization. In Pro-
ceedings of the IWCS 2013 Workshop on Com-
putational Models of Spatial Language Interpre-
tation and Generation (CoSLI-3), pages 29-39.

Philip Resnik. 1996. Selectional preferences and
sense disambiguation. Proceedings of the ACL
SIGLEX Workshop on Tagging Text with Lexical
Semantics: Why, What, and How?, pages 52—
57.

Maarten Sap, Ronan Le Bras, Emily Allaway,
Chandra Bhagavatula, Nicholas Lourie, Hannah
Rashkin, Brendan Roof, Noah A Smith, and Yejin
Choi. 2019. ATOMIC: An Atlas of Machine Com-
monsense for If-Then Reasoning. In Proceedings
of AAAI.

Robert C. Stalnaker. 1974. Pragmatic presuppo-
sitions. In Milton K. Munitz and Peter K. Unger,
editors, Semantics and Philosophy, pages 197-
213. New York University Press, New York.

Alane Suhr, Stephanie Zhou, Ally Zhang, Iris Zhang,
Huajun Bai, and Yoav Artzi. 2019. A Corpus for
Reasoning about Natural Language Grounded
in Photographs. In Proceedings of the 57th An-
nual Meeting of the Association for Computa-
tional Linguistics, pages 6418—-6428, Florence,
Italy. Association for Computational Linguistics.

Jianfeng Wang, Zhengyuan Yang, Xiaowei Hu, Lin-
jie Li, Kevin Lin, Zhe Gan, Zicheng Liu, Ce Liu,
and Lijuan Wang. 2022. GIT: A Generative Image-
to-text Transformer for Vision and Language.
arXiv preprint arXiv:2205.14100.

Chris Ward. 2016. A corpus for event local-
ization. Master’'s thesis, Brandeis Univer-
sity, Waltham, Massachusetts. Available
at https://scholarworks.brandeis.
edu/view/pdfCoverPage?download=
true&filePid=13419027310001921&
instCode=01BRAND_INST

Peter West, Chandra Bhagavatula, Jack Hessel,
Jena Hwang, Liwei Jiang, Ronan Le Bras, Ximing
Lu, Sean Welleck, and Yejin Choi. 2022. Sym-
bolic Knowledge Distillation: from General Lan-
guage Models to Commonsense Models. In Pro-
ceedings of the 2022 Conference of the North
American Chapter of the Association for Compu-
tational Linguistics: Human Language Technolo-
gies, pages 4602—4625, Seattle, United States.
Association for Computational Linguistics.

Mark Yatskar, Vicente Ordonez, and Ali Farhadi.
2016. Stating the Obvious: Extracting Visual
Common Sense Knowledge. In Proceedings
of the 2016 Conference of the North American
Chapter of the Association for Computational Lin-
guistics: Human Language Technologies, pages
193-198, San Diego, California. Association for
Computational Linguistics.

Kexin Yi, Chuang Gan, Yunzhu Li, Pushmeet
Kohli, Jiajun Wu, Antonio Torralba, and Joshua B
Tenenbaum. 2020. CLEVRER: Collision Events
for Video Representation and Reasoning. In
International Conference on Learning Represen-
tations.

Peter Young, Alice Lai, Micah Hodosh, and Julia
Hockenmaier. 2014. From image descriptions
to visual denotations: New similarity metrics for
semantic inference over event descriptions. In
Proceedings of the 52nd Annual Meeting of the
Association for Computational Linguistics (ACL),
pages 479-488.

Rowan Zellers, Yonatan Bisk, Ali Farhadi, and Yejin
Choi. 2019. From recognition to cognition: Visual
commonsense reasoning. In The IEEE Confer-
ence on Computer Vision and Pattern Recogni-
tion (CVPR).

A. List of Selected Predicates

Table 4 shows the PropBank predicates we used,
grouped by location category and KL divergence
level (high, medium, or low).
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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-o1 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 Fump-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-40 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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@ Previewing Answers Submitted by Workers
This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit" in order to preview the data and format of the submitted results.

Progressive Sentence Classification

In this task you will read a sentence and answer three questions about it to determine the location described in the sentence.

Sentence to annotate:

${a woman is laying down on a sofa laughing}

Important Note: Remember to answer these questions with respect to the location, not what the people in the sentence are doing. For example, if the text describes children playing a game in the street or workers doing construction on a sidewalk, the
correct answer for Step 3 would be Transportation/Urban, since streets and sidewalks are used for transportation.

Second Important Note: Remember to answer these questions based on the first mental image that pops inside your head.
Step 1: Indoor/Outdoor
Any building or vehicle interior is indoors, while anything that you could consider to be ‘outside' is outdoors.

Indoors.
© Outdoors

How confident are you in your answer?

1(Low) © 2(Medium) 3 (High)
Step 2: Man-made/Natural

Natural locations are places that can be found in nature, or in the wild, while man-made locations have been constructed by humans.
Man-made
© Natural

How confident are you in your answer?

1(Low) © 2(Medium) 3 (High)
Step 3: Specific Category

Choose the most specific category that applies to the location described in the sentence.

« Body of water: lake, ocean, river, beach

« Field/Forest: Location covered with trees, undergrowth, or vegetation or a field would be any(usually grassy) open field

« Mountain: any part of a mountain or a similar elevated, usually rocky, location

« Other/unclear: Any outside natural locations that don't fit into the previous categories or if the location cannot be determined from the image.

Body of Water
Field/Forest
Mountain

© Other/Unclear

How confident are you in your answer?

1(Low) © 2(Medium) 3 (High)
Step 4: Reasoning

If you have selected 1 in the Likert scale for any of the steps, please describe your reasoning for the choices you made above IN ONE SENTENCE.

E—

Figure 5: Sentence annotation user interface.
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Previewing Answers Submitted by Workers
This message is only visible to you and will not be shown to Workers.
You can test completing the task below and click "Submit" in order to preview the data and format of the submitted results.

Progressive Sentence Classification

In this task you will see an image and answer questions about it to determine the location described in the sentence.

Image to annotate:

Important Note: Remember to answer these questions with respect to the location, not what the people in the image are doing. For example, if the image involves children playing a game in the street or workers doing construction on a sidewalk, the correct
answer for Step 3 would be "Transportation/Urban', since streets and sidewalks are used for transportation.

Step 1: Indoor/Outdoor
Any building or vehicle interior is indoors, while anything that you could consider to be ‘outside' is outdoors.

Indoors
© Outdoors.

How confident are you in your answer?

1(low) 2 (Medium) © 3 (High)
Step 2: Man-made/Natural

Natural locations are places that can be found in nature, or in the wild, while man-made locations have been constructed by humans.
Man-made
© Natural

How confident are you in your answer?

1(Low) 2 (Medium) © 3 (High)
Step 3: Specific Category

Choose the most specific category that applies to the location described in the sentence.

« Body of water: lake, ocean, river, beach

« Field/Forest: Location covered with trees, or ion or a field would be grassy) open field

« Mountain: any part of a mountain or a similar elevated, usually rocky, location

« Other/unclear: Any outside natural locations that don't fit into the previous categories or if the location cannot be determined from the image.

© Body of Water
Field/Forest
Mountain
Other/Unclear

How confident are you in your answer?

1(low) 2 (Medium) © 3 (High)
Step 4: Reasoning

If you chose 1 on the Likert scale for any of the steps, please describe your reasoning for the choices you made above IN ONE SENTENCE.

—

Figure 6: Image annotation user interface.
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