
✓ Concrete concepts can be strongly experienced through human senses i.e.,
things that can be seen, heard, felt, smelled, or tasted as opposed to abstract
concepts.

Abstract vs Concrete Concepts

AbsVis -- Benchmarking How Humans and Vision-Language Models 
“See” Abstract Concepts in Images

Which abstract concepts do humans & VLMs attribute to an 

image, & how do they explain these attributions?

Humans vs VLMs: Properties of Attributions

Takeaways

How can we scale collection of preferences? 
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Which attributions do humans and VLMs prefer?

✓ 675 images (3 images × 225 nouns: 75 abstract, 75 mid-range, 75 concrete).

✓ Human Annotations: 5 per image × 3 pairs.

✓ VLM Annotations: Qwen-VL (7B) & LLaVA-Next (7B), 3 pairs per image.

✓ Total ≈ 10k human + 4k VLM concept-explanation pairs.

❑ Does everyone see the same concept?
✓ Humans: highly diverse 

(≈ 10 % overlap).
✓ VLMs: more internally consistent 

(≈ 20 –25 % overlap).
✓ Word2vec similarity of concepts 

within each group is low between 
[0.1, 0.2]. 

❑ How do explanations differ?
✓ Human explanations:

shorter (≈ 12 words) 
✓ VLM explanations: longer 

(≈ 20 – 28 words). 

❑Which concepts do humans prefer?
✓ Overlapping concepts (human ∩ VLM) 

are most preferred.
✓ VLM-exclusive > human-exclusive.

✓ Human preferences collected using Best-Worst scaling. 
✓ 63 images - 3 images × 21 nouns.
✓ Total ≈ 2.7k human preferences.

❑Which explanation pairs do humans 
prefer?
✓ Explanations with overlapping 

concepts highly preferred.
✓ VLM-exclusive > human-exclusive.

Human preferences for Top-1
explanation out of 63 images.

Human preferences for Top-1
concept out of 63 images.

Spearman’s correlation (ρ) between 
human and VLM preferences.

❑ Can VLMs approximate human 
preferences?
✓ Prompted Qwen and LLaVA to 

rank concept-explanation pairs.
✓ VLMs can approximate 

preferences (ρ ≈ 0.7 – 0.8) -
promising for scalable evaluation. 

Percentage of overlapping concepts 
across annotator groups. 

✓ Used Qwen preferences to supervise LLaVa and vice versa, avoiding self-bias 
and simulating external human judgment.

✓ Direct Preference Optimization (DPO) to fine-tune Qwen and LLaVA.

✓ Training pairs ➔ a preferred and less preferred concept-explanation. 

✓ Considerably improves the alignment of VLMs with human attributions. 

Average word counts for human and VLM 
explanations by noun category.

Using VLM preferences as 
proxies with DPO offers a path 

toward human-aligned 
multimodal understanding.

VLMs moderately 
approximate human 

preferences.

Abstract concept attributions 
are diverse and subjective –

no single ground truth.

Overlapping attributions are 
the most interpretable 

and preferred.

Human-exclusive 
attributions

VLM-exclusive 
attributions

Overlapping 
attributions

AbsVis Dataset

Can DPO improve VLM alignment with humans 

for abstract concept attributions?
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