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Abstract

Abstract concepts like mercy and peace often
lack clear visual grounding, thus making it chal-
lenging to study how they are associated with
images. To address this, we introduce AbsVis —
a dataset of 675 images annotated with 14,175
concept—explanation pairs from humans and
two Vision-Language Models (VLMs: Qwen
and LLaVA), where each concept is supported
by a textual explanation. We compare human
and VLM attributions in terms of diversity, ab-
stractness, and alignment, and find that humans
attribute more varied concepts. AbsVis also
includes 2,680 human preference judgments
evaluating the quality of a subset of these anno-
tations, showing that overlapping concepts (at-
tributed by both humans and VLMs) are most
preferred. Explanations clarify and strengthen
the perceived attributions, both from humans
and VLMs. Finally, we show that VLMs can
approximate human preferences and use them
to fine-tune VLMs via Direct Preference Opti-
mization (DPO), yielding improved alignments
with preferred concept—explanation pairs.

1 Introduction

Concrete concepts, such as tree and car, typically
refer to objects easily depictable and recognizable
in images. In contrast, abstract concepts such as
mercy and peace mostly lack a direct visual rep-
resentation, except if certain visual scenes may
serve as prototypical depictions of abstractness —
such as a lone person on a bench evoking isola-
tion. However, such attributions are inherently di-
verse (Paivio et al., 1968; Kastner et al., 2020; Tater
et al., 2024b), and shaped by personal experiences
and cultural, emotional, and contextual factors. Fig-
ure 1 illustrates how the same image may evoke
different abstract concept attributions, and why.
The general lack of an approach for dealing
with abstract concepts has been a long-standing
observation in psycholinguistic and cognitive re-
search (Paivio, 1971; Pecher et al., 2011; McRae

3N ’ . X
Nature: The picture is set outdoors near water
and rocks.

Freedom: One of the penguins has its wings
spread, which feels like freedom.

Figure 1: Example of an image with two abstract con-
cept attributions and corresponding explanations.

et al., 2018; Lynott et al., 2020, i.a.). Prior compu-
tational work has demonstrated its importance for
visual grounding and multimodal alignment (Hill
et al., 2014; Kiela and Bottou, 2014; Bhaskar et al.,
2017; Koper and Schulte im Walde, 2017; Hes-
sel et al., 2018; Pezzelle et al., 2021; Tater et al.,
2024a), yet agrees on the challenging visual nature
of abstract concepts in contrast to concrete con-
cepts. Accordingly, even recent Vision-Language
Models (VLMs) perform well on concrete object
recognition, but often struggle to reason about vi-
sual abstractions, frequently defaulting to literal
object interpretations (Menon and Vondrick, 2023;
Hsu et al., 2025). Moreover, existing datasets are
also limited in scope, or focus on reasoning over
objects rather than explicitly evaluating abstract
concepts (Chen et al., 2024a; Hsu et al., 2025).

These limitations highlight the need to examine
in depth how humans and VLMs attribute and rea-
son about the depiction of abstract concepts, and
whether recent methods like Direct Preference Op-
timization (DPO; Rafailov et al. (2023)) can align
models with human preferences, despite a high di-
versity in attributions. This leads to the following
research questions (RQs):
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RQ1 Which abstract concepts do humans and
VLMs attribute to an image, and how do they
explain these attributions?

RQ2 Which attributions do humans and VLMs pre-
fer, and can VLMs serve as reliable evaluators
of human preferences for these attributions?

RQ3 Can DPO improve VLM alignment with hu-
man attributions, given the high diversity of
abstract concepts?

To address these RQs, we present AbsVis, the first
large-scale dataset of abstract concept attributions
in images by humans and VLMs. It enables com-
parison of which concepts are attributed and how
they are justified (explanations), and supports anal-
yses of concept diversity, reasoning patterns, and
preference alignment. AbsVis consists of:

1. Concept — Explanations: 10,125 human-
written and 4,050 VLM-generated concept-
explanation pairs across 675 images'. The
VLM generations are not intended as ground
truth or fixed references, but as one set of
model attributions for comparative analysis.

2. Human Preferences: 2,680 human prefer-
ence judgments on both concepts and expla-
nations, enabling an analysis of which anno-
tations are preferred, and how closely VLM
preferences align with humans.

3. DPO Fine-Tuning: a baseline model to ex-
plore whether preference learning can help
VLMs to better align with human preferences
in reasoning about abstract concepts.

2 Related Work

The distinction between concrete and abstract con-
cepts has been widely studied in psychology, lin-
guistics, and computational modeling (Paivio et al.,
1968; Barsalou et al., 2003; Frassinelli et al., 2017;
Naumann et al., 2018; Frassinelli and Schulte im
Walde, 2019; Charbonnier and Wartena, 2019;
Schulte im Walde and Frassinelli, 2022; Tater et al.,
2022, i.a.). Brysbaert et al. (2014) provided ab-
stractness ratings for over 40k English lemmas,
while recent work extended this approach to addi-
tional perceptual modalities (Lynott et al., 2020).
Hessel et al. (2018) introduced a method to com-
pute visual concreteness from multimodal data,
finding that visually concrete concepts are easier
for models to retrieve. However, VLMs still strug-
gle with abstract concepts. Tater et al. (2024a)

'The AbsVis dataset can be found here: AbsVis Dataset.

evaluate SigLIP, a VLM suitable for multi-label
classification on images. They show that while
SigLIP often predicts semantically related alterna-
tives to the human-provided tags (e.g., synonyms,
hypernyms, or co-hyponyms) of images, it less
consistently predicts the exact tags, particularly for
abstract concepts. This underscores both the di-
versity of abstract concept representations and the
difficulties VLMs face in aligning with human an-
notations. Moreover, Hsu et al. (2025) find that
VLMs often default to naming concrete objects,
overlooking more subjective or conceptual associa-
tions. This motivates a closer examination of how
abstract concepts are attributed and explained by
humans versus VLMs in real-world visual contexts.

Vision-Language Reasoning. Modern VLMs
such as CLIP (Radford et al., 2021), Qwen (Yang
et al., 2024; Wang et al., 2024), and LLaVa (Liu
et al., 2023, 2024) are trained to align images and
text to generate image captions, answer questions,
and classify images. Recently, various studies have
explored visual reasoning (Pirsiavash et al., 2014;
Park et al., 2018; Suhr et al., 2019; Ghorbani et al.,
2019; Park et al., 2020, i.a.), some focussing on
DPO and chain-of-thought (CoT) for VLM reason-
ing (Lu et al., 2022; Zhang et al., 2025). Hessel
et al. (2022) introduces Sherlock, a dataset of im-
ages with {clue, inference} pairs, where human
annotators identify visual clues in images to pro-
vide plausible inferences about the scene. However,
their approach is based on inferencing from visible
clues such as objects and actions.

Datasets Related to Abstract Recognition.
Very few datasets attempt to evaluate abstract con-
cept recognition in VLMs, and they are limited in
scale and diversity. Some related datasets include:
(a) Visual Abstractions Dataset (VAD) (Hsu et al.,
2025), a small-scale dataset (180 images) only cov-
ering 12 abstract concepts in four pre-fixed cate-
gories, highly limiting generalization. (b) CURE
Benchmark (Chen et al., 2024a): A dataset for
CoT reasoning in vision models. It focuses on
structured reasoning rather than free-form abstract
concept explanations. (c) CogBench (Song et al.,
2025): A benchmark for evaluating cognitive rea-
soning in LVLMs using semantically rich images.
While it includes reasoning dimensions like men-
tal state and event inference, it is not designed for
concept attribution. (d) ArtEmis (Achlioptas et al.,
2021), a dataset with human explanations of emo-
tions evoked by images, however limited to art.
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3 AbsVis Dataset

This section introduces AbsVis, a dataset capturing
how abstract concepts are attributed and explained
for images, especially by humans, without relying
on predefined categories or reasoning templates
as used in prior work. AbsVis includes two lay-
ers of annotation: (i) concept-explanation pairs
and (ii) preference judgments. Section 3.1 out-
lines the selection of target nouns and associated
images. Section 3.2 details the collection of ab-
stract concept-explanation pairs from both humans
and two VLMs. Section 3.3 analyses the diversity
and abstractness of attributed concepts, and expla-
nations across annotators. Section 3.4 evaluates
image-concept representativeness, where humans
assess how well an image fits an attributed concept.

3.1 Target Nouns and Images

We select 225 nouns — 75 abstract, 75 mid-range,
and 75 concrete ones — based on their abstract-
ness ratings from Brysbaert et al. (2014), which
were collected on a scale of 1 (abstract) to 5 (con-
crete). To avoid biases and ensure a meaning-
ful benchmark, we exclude nouns from the 1, 000
ILSVRC-2012 ImageNet categories (Russakovsky
et al., 2015), as they are commonly used for VLM
training. We also remove nouns with explicit con-
tent and those with high ambiguity (> 4 senses) us-
ing WordNet (Miller, 1995) as Tater et al. (2024b)
find polysemy to be one of the reasons of signif-
icant diversity in images. After filtering, the se-
lected nouns are in the ranges of 1.07-2 (abstract),
2.75-3.44 (mid-range), and 4.63-5 (concrete). The
full list of 225 nouns is in Table 12 in the Appendix.

The images are sourced from the YFCC100M
Multimedia Commons Dataset (YFCC; Thomee
et al. (2016)), which is the largest publicly avail-
able user-tagged dataset containing ~ 99 million
images that exhibit diverse content and annotations.
We extract images for each target noun from YFCC
where the target noun is one of the user tags for
the image. Then, we manually select three images
per noun, ensuring that this selected subset of im-
ages reflect the same or closely related sense of the
noun across its images. This results in a total of
675 images (225 *x 3). Only images under permis-
sive licenses are included (see Section 9.10 in the
Appendix).

3.2 Concept - Explanation Annotation

Given an image, the aim is to obtain associated ab-
stract concepts, along with explanations of why the
image evokes these concepts. While the images are
associated with abstract, mid-range, and concrete
nouns, annotators are explicitly asked to provide
abstract concepts, rather than concrete entities.

Task Description. Similarly to McRae et al.
(2018), we instruct the annotators as follows: Iden-
tify the concepts conveyed by the images. Avoid
naming specific people or objects; instead, focus
on summarizing the situation or the ideas, emo-
tions, or feelings conveyed by the image. For each
concept, provide a brief explanation of how it is
conveyed by the image.

Annotators. We collect annotations from both
human annotators and two chat-based VLMs. For
human annotations, we use Google Forms and re-
cruit 220 participants via Prolific’. Each image
was annotated by five participants, with each of
them providing three concept-explanation pairs to-
taling 15 annotations per image. To ensure diver-
sity and avoid repetition, each form only contained
18 images, and no participant saw more than one
form. Further selection criteria are detailed in Sec-
tion 9.10 in the Appendix.

VLMs. Using the same instructions as for
humans, we include annotations from two re-
cent open-source VLMs: LLaVa-next (llava-v1.6-
mistral-7b-hf) (Liu et al., 2024) and Qwen2-VL-
7B-Instruct (Wang et al., 2024), hereafter referred
to as Llava and Qwen. These models® were se-
lected for their performance relative to other mod-
els of similar scale, open-source availability, and
wide usage. Full configuration details and justifica-
tion for model selection are provided in Section 9.4
in the Appendix.

The final AbsVis dataset contains 10,125
human-written concept-explanation pairs across
675 images. In addition, we include 4,050 an-
notations generated by Qwen and Llava.

3.3 Dataset Analysis

How do humans and VLMs attribute concepts?
We manually analyzed the annotations and ob-
served that human annotators often drew on per-
sonal experiences, or emotions, contributing to the

2ht’cps ://www.prolific.com/

SThroughout this paper, when we refer to “VLMs”, we
specifically mean Llava and Qwen. Future work should evalu-
ate a broader set of VLM to test the robustness of our findings.
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H1

H2

Vi

v2

Lamp
(concrete)

illuminate: the light shines at night
to brighten the street.
spring: color of leaves on the trees.

autumn: the image features vibrant
orange and red leaves, which are

characteristic of the autumn season.

light: the street lamp is a central
object in the image, and it is lit,
which conveys the concept of light.
the light from the lamp illuminates
the surrounding area, creating a
contrast with the darker

Curvature
(mid-range)

cold: bare trees, frozen lake,
probably winter.

empty: the environment is empty
and there's no people.

tranquility: the stillness of the water
and the calmness of the scene
convey a sense of peace.

isolation: the bridge in the image
appears to be empty, with no
people or vehicles visible. this gives
a sense of isolation, as there is no
immediate sign of human activity.

(H) along both sides of a curving
walkway with turquoise railings - the
bare branches of the trees in the
distance also suggest winter.

background.

tranquility: winter:
o1 (H) the stillness of the scene feels

calm and peaceful.
02

(V) the solitary street lamp against a
blurred background of autumn
leaves conveys a sense of calm and
peacefulness.

(V) the image shows a snow-
covered landscape, indicating that
it is winter. the snow on the ground
and the presence of trees without
leaves suggest a cold season.

Contemplation
(abstract)

admiration: seems to be admiring
the artwork.

contemplative: sat taking in the
surroundings.

solitude: the person is alone in a
spacious room, which emphasizes
the feeling of solitude and
introspection.

appreciation: the man is taking the
time to appreciate the art,
indicating an interest in and respect
for the creative expression displayed
in the painting.

reflection:

(H) a space to see beautiful new
images and muse upon them in
relation to ones own life.

(V) the image conveys a sense of
reflection, as the person is sitting
alone and looking at a painting,
possibly contemplating the scene
depicted.

Figure 2: Example annotations from the AbsVis dataset showing human-exclusive concepts (H1, H2), VLM-
exclusive concepts (V1, V2), and overlapping concepts (O1, O2) — concepts attributed by both humans and VLMs,
along with their explanations — attributed to three representative images corresponding to an abstract (contemplation),

mid-range (curvature), and concrete noun (lamp).

diversity in human annotations. Quantitatively,
Table 2 shows that overlap across human anno-
tations is very low (10.12% overall), compared
to higher overlaps for VLMs. Beyond this, hu-
mans and VLMs also differ in how they justify
their attributions. As Table 3 indicates, human
explanations are substantially shorter on average,
whereas VLMs tend to produce longer, more elab-
orate descriptions. Example annotations illustrat-
ing these differences are shown in Section 9.7 in
the Appendix. Some participants reported diffi-
culties writing three abstract concepts for certain
images. Notably, VLMs occasionally produce two
concepts*, followed by a single explanation ad-
dressing them (for e.g., courage and dedication as

“We consider responses of the form concept A and concept
B as a single annotation.

one concept for an image of a soldier). Figure 2
illustrates examples of human and VLM annota-
tions, with concepts attributed by only one group
(human-exclusive or VLM-exclusive), as well as
overlapping cases — where both groups identify the
same concept’, reflecting both aligned and diver-
gent interpretations.

We next compare human and VLM annotations
quantitatively in terms of (i) the abstractness of
attributed concepts, (ii) differences and overlap be-
tween the groups, and (iii) consistency within each

group.

How abstract are the concept labels? Table 1
compares the abstractness of attributed concepts.
Since abstractness ratings are only available for

SWe treat singular and plural forms of the same base as
equivalent.
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% Concepts in ratings

Avg. rating (1 £ o)

Category  Human Llava  Qwen Human Llava Qwen

Abstract 92.81 66.81 8444 2.67+0.31 212+1.11 2.64+0.94
Mid-range 92.72  65.93 82,52 2.76+£0.31 217+1.20 2.75+£0.95
Concrete  92.96 7496 91.70 2.85+0.31 2.37+1.03 3.10+0.83
Overall 92.73  69.00 86.33 2.76+0.32 2.22+1.12 2.83+0.93

Table 1: Percentage of annotated concepts that could be directly matched to entries in the Brysbaert norms (37,058
English words), and average abstractness ratings (u = o) for concepts from Humans, Llava, and Qwen annotations.

concepts that exactly match words in the Brysbaert
norms, we report statistics over this subset. Hu-
man annotations have the highest coverage in the
norms (~ 93%), compared to Qwen (~ 86%) and
Llava (69%). This lower coverage is due to VLMs
producing more varied word forms or multi-word
concepts, that do not match words in Brysbaert
norms. Moreover, on the Brysbaert 1 — 5 scale
(where lower scores indicate greater abstractness),
Qwen’s concepts are slightly more concrete (2.83)
than humans (2.76), while Llava’s are considerably
more abstract (2.22). VLMs also exhibit greater
variability (¢ = [0.83,1.12]), as also shown in the
box plot in Figure 3.

How aligned are humans and VLMs in attribut-
ing concepts? We assess alignment by comput-
ing the percentage of overlapping concepts per im-
age, as shown in Table 2. Human-human overlap
is defined as the proportion of the 15 concepts (5
annotators * 3) that were attributed by more than
one annotator. Since annotators differ across forms
and overall agreement is low, we report overlap
instead of inter-annotator agreement. For human-
VLM and VLM-VLM comparisons, we compute
the percentage of VLM concepts (out of 3) that
appear in the other group’s concepts (i.e., over-
lapped concepts /3). VLMs show higher internal
overlap (21 — 24%), likely due to shared pretrain-
ing approaches. In contrast, human annotators ex-
hibit lower internal overlap (9.63% to 11.11%), re-
flecting greater diversity and subjectivity in human
interpretations, where individuals often associate
different abstract concepts with the same image.
These values should be interpreted in light of the
difference in annotation volume: humans attribute
15 concepts per image, while each VLM attributes
only three concepts.

We also compute pairwise word2vec similarity
between concepts in each group to assess how se-
mantically close they are. As detailed in Section 9.3
in the Appendix, VLM concepts are only slightly

Categor Human- Human- Human- Llava-

gory Human Llava Qwen  Qwen
Abstract 9.63 22.37 29.78 21.33
Mid-range 9.63 20.89 27.70  21.33
Concrete 11.11 29.63 31.56 23.70
Overall 10.12 24.30 29.67 22.12

Table 2: Percentage of overlapping concepts across an-
notator groups.

more similar to each other and marginally more
aligned with the target noun than human concepts.

How do human explanations compare to VLM
ones? While the previous analysis focused on
concepts, we now examine their explanations along
two dimensions: length (number of words) and se-
mantic similarity. As shown in Table 3, human
explanations are substantially shorter, averaging
12.25 4+ 1.46 words. In contrast, Llava and Qwen
produce much longer explanations (27.91 + 6.04
and 19.91 4 3.22 words, respectively). This pattern
holds across all abstractness categories (abstract,
mid-range, concrete). Figure 4 shows the distribu-
tion of lengths. Second, we assess the semantic sim-
ilarity of explanations of overlapping concepts us-
ing sentence transformers (Reimers and Gurevych,
2019), Similarity scores range from —1 (complete
dissimilarity) to 1 (identical). Despite differences
in length, humans and VLMs produce reasonably
similar explanations for overlapping concepts, with
average similarity scores around [0.56, 0.64]. How-
ever, these scores may be influenced by explanation
length, since they are not normalized for length:
longer texts can mention more concepts or share
more words, inflating similarity without stronger
semantic alignment.

3.4 Image - Concept Representativeness

While the previous sections examined what con-
cepts an image evokes, we now investigate the re-
verse perspective: whether an image is a good rep-
resentation of an attributed concept. This allows us
to examine how well human and VLM attributed
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Avg. exp. length Avg. exp. sim.
Category Human Llava Qwen H-L H-Q
Abstract 12.42 28.80 20.90 0.60 0.56
Mid-range  12.12 28.07 19.64 0.64 0.63
Concrete 12.21 26.87 19.19 0.63 0.65
Overall 12.25 27.91 1991 0.62 0.59

Table 3: Average explanation length and average similar-
ity of explanations of overlapping concepts. (H: Human,
Q: Qwen, L: Llava, exp.: explanation, sim.: similarity)

concepts align with an image or how stretched or
subjective they are.

To evaluate this, we collect human judgments for
a subset of 63 images across 21 nouns (7 each from
abstract, mid-range and concrete). Five annota-
tors rate whether an image is strongly, moderately,
weakly, or not at all representative of an attributed
concept. For each image, we evaluate five concepts:
two randomly sampled from human-exclusive, two
from VLM-exclusive, and one overlapping (see
Section 4). Inter-annotator agreement, measured
using Fleiss’ Kappa (Fleiss, 1971), is 0.19, indi-
cating high subjectivity in image-abstract concept
mappings. The diversity in annotations and the
low agreement (as expected) suggest that defining
a gold standard for good attributions or defining a
single best attribution is inherently challenging.

Hence, we use preference judgments for ranking
attributions (see Section 4). We also assess how
VLMs rate image-concept representativeness for
all 675 images. We find that both Qwen and Llava
struggle to strongly associate human concepts to
images, highlighting the subjectivity of human in-
terpretations that VLM fail to capture. Detailed
results are reported in Section 9.5 in the Appendix.

4 Human Preferences

We analyze whether humans prefer annotations
from other humans or from VLMs, at both the con-
cept level and the explanations level. Since defining
a single best attribution is inherently subjective, we
rely on preferences to evaluate which annotations
are perceived as more or less representative of an
image. In addition, we test whether VLMs can act
as evaluators for this task. If their preferences align
closely with those of humans, they could serve as
scalable proxies for preferences, potentially reduc-
ing the need for costly manual annotations.

Collecting Preference Judgments. We use best-
worst scaling (BWS) (Kiritchenko and Moham-

mad, 2017) to collect comparative human judg-
ments on concepts and explanations. In each BWS
tuple, annotators are shown an image and a set of
four candidate attributions (either concepts or ex-
planations) and asked to select the most and least
representative options. This relative ranking ap-
proach avoids the inconsistencies of absolute scor-
ing and enables more reliable preferences. For
(a) concept preferences, participants assess: which
concept best and least represents the core idea of
the image, and (b) for explanations, they assess
which one best describes the image and which one
provides the worst description, out of 4 candidates.
The phrasing was kept consistent with the original
concept-explanation attribution prompts to avoid
any bias.

To ensure sufficient coverage and comparisons,
we construct 2N annotation tuples per image,
where N = {9,10} for concepts and N =
{10,11, 12,13} for explanations. Each candidate
attribution appears in 7 — 8 different tuples, and
each tuple is rated by three annotators. In to-
tal, we have 1,242 concept-level tuples and 1,438
explanation-level tuples, across 63 images, span-
ning 21 nouns (7 each from abstract, mid-range,
and concrete), with the list of nouns provided in
the Section 9.10.1. Exact annotation prompts and
screenshots of the BWS forms are also provided in
Sections 9.8 and 9.10.2 in the Appendix.

Concept Selection. For each image, we ran-
domly sample 10 concepts: 6 human-exclusive, 2
VLM-exclusive, and 2 overlapping. Only concepts
with ratings in the Brysbaert norms are included.
As shown in Table 1, coverage is slightly lower for
VLMa-attributed concepts, especially from Llava,
meaning some VLM concepts are excluded from
evaluation. If two VLM-exclusive concepts are
not available, we substitute additional overlapping
concepts, and vice versa®. For 9 out of 63 images,
we could only retrieve 3 concepts from the VLM-
exclusive and overlapping pools combined.

Explanation Selection. Explanations are chosen
for the 10 selected concepts per image. We have
10 — 13 total explanations, since overlapping con-
cepts have one each from a human and a VLM. If
multiple human annotators provided the same con-
cept, we randomly sample one explanation. Only
explanations between 5 and 40 words are included.
Since they are inherently tied to their concepts,

®We always include 6 distinct human-exclusive concepts.
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and to ensure consistency in formatting, all expla-
nations are standardized as: “The image conveys
[Concept] because: [Explanation].”

Following Kiritchenko and Mohammad (2017),
we convert best-worst annotations into continuous
scores by calculating the number of times an attri-
bution was chosen as “best” minus the number of
times it was chosen as “worst” for an image. The
resulting scores are normalized between —1 to 1.
We use these scores to examine which attributions
are preferred and whether explanations can influ-
ence concept-level preferences. We hypothesize
that overlapping concepts will be preferred, as they
may reflect more immediately recognizable asso-
ciations. Additionally, human-exclusive concepts
may initially appear more subjective, making them
less preferred. However, when accompanied by
explanations, annotators may view them as more
justified, potentially shifting preferences.

Annotators. We recruited 186 participants via
Prolific’ and collected responses using Google
Forms. To ensure diversity and avoid repetition,
each annotator was assigned a form containing ei-
ther 51 concept-level tuples or 38 — 40 explanation-
level tuples. No annotator saw the same image
or concept more than once, and no annotator was
assigned more than one form.

4.1 Results

We examine which annotations — human-exclusive,
VLM-exclusive, or overlapping are most preferred
by humans, by evaluating the top-1 ranking. Ta-
ble 4 presents human preferences both at the con-
cept and at the explanation level.

Concept Preferences. Consistent with our hy-
pothesis, we find that overlapping concepts are
most preferred overall (26/63 images). Notably,
VLM-exclusive concepts (24) are preferred more
often than human-exclusive ones (13), suggesting
that VLMs generate highly representative concepts
even when they do not overlap with human con-
cepts. In particular, out of 21 images for abstract
nouns, VLM-exclusive concepts (10) are selected
more frequently than overlapping (5) or human (6)
concepts. One possible reason for the lower prefer-
ence for human concepts is that the most represen-
tative ones may already be present in the overlap-
ping category, and the remaining human-exclusive
ones may be more subjective, drawing heavily from

’See Section 9.10 in the Appendix for selection criteria,
annotation forms and demographic details.

personal experiences, that, while valid, are less uni-
versally interpretable without additional context.
Examples are provided in Section 9.7 in the Ap-
pendix. We consider only top-1 preferences be-
cause the number of candidates from each group
(overlap, human-, VLM-exclusive) differs.

Concept Explanation
Category  Overlap VLM Human ‘ Overlap VLM Human
Abstract 5 10 6 11 7 3
Mid-range 11 6 4 12 6 3
Concrete 10 8 3 16 5 -
Overall 26 24 13 | 39 18 6

Table 4: Human preferences for top-ranked concept and
explanation annotations (out of 63 images), comparing
overlapping, human-, and VLM-exclusive options.

Explanation Preferences. When explanations
were included, we see a notable shift in human pref-
erences. Overlapping concept-explanation pairs
were even more strongly preferred (39/63 over-
all), reinforcing the idea that these represent more
recognizable associations. Moreover, VLM expla-
nations (18) were also preferred over human ex-
planations (6). Among the 39 overlapping top-1
preferences, VLM explanations were favoured 31
times, compared to 8 from humans. When consid-
ering all ranks (not just top-1) VLM explanations
were preferred in 80 out of 98 overlapping cases
across 63 images. One contributing factor may be
explanation fluency. VLMs produce longer sen-
tences, as earlier discussed in Table 3, which anno-
tators may find more structured or easier to follow,
potentially contributing to their higher preference
scores whereas human annotators might produce
less structured descriptions.

To test this, we compute a Spearman correla-
tion between explanation length and preference
rank, where a higher rank (numerically lower num-
ber) indicates a stronger preference (i.e., rank 1
= most preferred). We find a negative correlation
(p = —0.44, p < .0001), which means that longer
explanations tend to receive higher ranks. This
moderately indicates that as preference becomes
stronger (i.e., rank is higher - numerically lower
number), explanation length tends to increase.

Another factor may be that human explanations
sometimes rely on implicit or personal associa-
tions, which could make them less consistently
preferred in a comparative setting. We also test
whether more abstract concepts are preferred. At
the concept level, we find a weak negative corre-
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lation between concept abstractness and human
preference ranks (p = —0.11, p = .0069). A t-test
further confirmed this trend, with top-1 preferred
concepts rated as significantly more abstract on
average (t = 4.16, p < .001). However, this ef-
fect disappears when considering preferences over
concept-explanation pairs.

Preference Reliability To assess the reliability
of our BWS annotations, we compute split-half re-
liability following (Kiritchenko and Mohammad,
2017). For each image, we split the annotations
into two equal halves randomly, compute BWS
scores for each set, and calculate the Pearson
correlation between them. The average Pearson
correlation across all images, using Fisher’s z-
transformation shows strong internal consistency:
0.88 for concept-only scores and 0.87 for concept-
explanation scores (with p-value < 10~9%), indicat-
ing high reliability of human preference judgments.

Preference Shifts. We investigate whether pref-
erences shift when moving from concept-only to
concept-explanation pairs. A preference shift is
defined as a change in concept-explanation rank
greater than one standard deviation from the mean
rank change from the previous concept ranks. Since
the number of candidates differs across these set-
tings, we use rank (rather than score) as a more
comparable measure. Table 5 presents the percent-
age of preferences that improve or degrade in rank
when explanations are added to concepts; we ob-
serve rank improvements across all groups. Over-
lapping concepts show the largest positive shift
(36.75%), followed by human-exclusive (26.46%).
Notably, human attributions exhibit the lowest
degradation rate (4.23%), compared to 13.67% for
both overlap and VLM categories. This suggests
that explanations often strengthen human-exclusive
concepts, making them more interpretable with-
out introducing additional confusion. In contrast,
while explanations also improve many overlapping
and VLM attributions, they may occasionally over-
specify or misalign with the concept, leading to
more frequent preference drops.

Annotator  Improvement T Degradation |
Human 26.46% 4.23%
Overlap 36.75% 13.67%
VLM 20.51% 13.67%

Table 5: Percentage of rank shifts from concept-only to
concept-explanation preferences.

4.2 VLMs as a Judge

To assess whether VLMs can be reliable evalua-
tors for preferences, we compute the correlation
between human and VLM preferences at both con-
cept and explanation levels. As shown in Table 6,
we observe moderate to strong correlations overall,
with explanation-level preferences showing slightly
higher agreement than concept-level preferences
(~ 0.7 — 0.8 with p-value < 107%). Qwen shows
slightly higher alignment with human preferences
than Llava, indicating that it more closely reflects
human judgments.

Concept-level

0.71
0.78

Explanation-level

0.75
0.79

Llava-Human
Qwen-Human

Table 6: Spearman’s correlation (p) between human and
VLM preferences at concept and explanation levels.

While these results suggest that despite this sub-
jectivity of human annotations, these two VLMs
capture human preference trends reasonably well,
they should be used as approximate, and not ab-
solute proxies for human judgment in subjective
tasks like these. Additional results, including top-
1 preferences (Table 9) and significant rank shifts
(Table 10) for VLMs are reported in the Section 9.6
in the Appendix.

5 DPO Fine-Tuning

We investigate whether VLMs can be fine-tuned
to better align with human attributions for abstract
concepts. Building on our previous finding that
VLMSs’ preferences moderately align with human
preferences, we use these as a scalable supervision
signal for fine-tuning VLMs for human attributions.
We then fine-tune Qwen and Llava using DPO, a
preference-optimization algorithm that adjusts a
generation policy to favor preferred outputs over
rejected ones. Specifically, we use Qwen to judge
human concept-explanation attributions and train
Llava, and vice versa. This cross-model supervi-
sion avoids biasing a model with its own prefer-
ences, and allows us to simulate a more realistic
setup where preference data is external, mimick-
ing how human judgments would be used in prac-
tice. This allows us to construct preference pairs
for all human attributions for the full dataset of
675 images, substantially expanding the amount
of supervision available compared to our original
63 image human-preference subset. Importantly,
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DPO was applied only on human-attributed con-
cept—explanation pairs; the VLMs were used solely
to provide preference judgments over these human
attributions.

Annotations are first sorted by preference scores
per image and filtered to retain only the top and
bottom four. Preference pairs are then formed by
combining each top-ranked annotation with each
bottom-ranked one, and a pair is included only if
the top item’s score exceeds the bottom’s by at least
a threshold ¢, where § = 1.96 - ﬁ, with o as the
standard deviation of scores for an image and /V the
number of human concept-explanation pairs (max:
15). We perform 5—fold cross-validation using an
80 — 20 train-test split on images, and fine-tune
both models using LoRA adapters (Hu et al., 2022)
for three epochs with varying hyper-parameters.
We evaluate our DPO-fine-tuned models (Llava
and Qwen) against their respective base models
on proxy preference pairs derived from each other:
Llava is evaluated on Qwen-generated preferences,
and Qwen on Llava-generated ones. We report
the average log-probability margin, defined as the
difference in log-probability the model assigns to
the chosen explanation versus the rejected one.
The base Llava’s mean margin is —1.89 + 1.74,
while the DPO-fine-tuned Llava’s mean margin
is 0.70 £ 1.78 (paired t-test: ¢(4) = —26.59,
p < 1073), showing a significant shift from neg-
ative to positive. For Qwen, the base model’s
mean margin is 0.63 £+ 1.88, which increases to
1.11 4 1.86 after DPO fine-tuning (paired ¢-test:
t(4) = —11.31, p < 10~3), indicating consistent
improvements. These results suggest that DPO fine-
tuning improves alignment with proxy preferences
from another VLM, and highlights its potential for
scaling to subjective tasks when more preference
data becomes available.

6 Conclusion

We presented AbsVis, a dataset designed to study
how humans vs. VLMs attribute abstract concepts
to images and justify these attributions. AbsVis
contains 10, 125 human and 4, 050 VLM-generated
annotations, along with human preference judg-
ments over a curated subset. Our analysis shows
that humans and VLMs often attribute different
concepts to the same image, with relatively low
overlap even among humans. VLMs tend to
produce longer explanations, which are typically
preferred over human-written ones; concepts at-

tributed by both humans and VLMs are the most
preferred. We further evaluate VLMs as preference
judges and find moderate alignment with human
preferences, particularly for explanations. Leverag-
ing this, we fine-tune VLMs via Direct Preference
Optimization for human attributions, and observe
consistent improvements in reward margins.

7 Limitations

We took several measures to maintain the qual-
ity and reliability of our dataset, but some lim-
itations remain. First, although we filtered hu-
man responses which looked like Al-generated re-
sponses, where concept-explanation pairs showed
patterns like excessive verbosity, unrelated object
references, multiple concepts (e.g., concept A and
concept B), or extremely quick responses, we can-
not entirely rule out instances where some annota-
tors may have used Al assistance. Second, VLM
outputs can be sensitive to prompt variations, which
may affect response consistency. Although our
dataset provides a strong benchmark, our prefer-
ence evaluations are limited to concepts with Brys-
baert ratings, which may miss some annotations.
Moreover, variations in explanation formatting may
have influenced human preferences, with some ex-
planations receiving lower scores due to readability
rather than content quality. To mitigate this, anno-
tators were explicitly instructed to ‘ignore minor
grammatical errors and focus on the content of de-
scription’ in the annotation forms. Third, we focus
on two VLMs to facilitate comparisons with hu-
mans. While these models work well for our tasks
and show moderate alignment with human prefer-
ences, other VLMs could reveal different behaviors
and correlation patterns on similar attribution tasks.
Finally, we apply DPO for fine-tuning due to its
compatibility with preference data. However, other
fine-tuning approaches are worth exploring in fu-
ture work to better capture subjectivity.

We find a lot of diversity in associated concepts
and explanations across annotators, reflecting the
subjective nature of this task. This raises a broader
question of what the optimization or alignment
goal should be for this type of task — should mod-
els replicate individual interpretations, or aim for
broader conceptual consensus.
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9 Appendix

The appendix offers additional methodological de-
tails, analyses, and examples that support the re-
sults and discussions presented in the main text. It
includes dataset statistics (Section 9.1 and 9.2), sim-
ilarity between attributed concepts (Section 9.3),
selection criteria for VLMs (Section 9.4), extended
analysis of image-concept representativeness (Sec-
tion 9.5), VLM as a judge for preferences (Sec-
tion 9.6), additional annotation examples (Sec-
tion 9.7), prompt templates for VLMs (Section 9.8),
implementation configurations (Section 9.9), and
annotation details (Section 9.10) used in our exper-
iments.

9.1 Abstractness Ratings of Attributed
Concepts

This section presents a box plot in Figure 3 that
compares the abstractness ratings of the concept la-
bels attributed by humans, Llava, and Qwen across
noun categories: abstract, mid-range, concrete, and
overall. As discussed in Section 3.3, the figure
highlights the higher standard deviation in VLM
outputs, particularly for Llava, indicating greater
variation in the abstractness ratings of the concepts
they attribute.
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Figure 3: Box plot of abstractness ratings for concept
annotations by humans, LLaVA, and Qwen, grouped
by target noun category. Lower ratings indicate more
abstract concepts.

9.2 Distribution of Explanation Lengths

This section presents a box plot in Figure 4 that
compares the number of words in the explanations
attributed by humans, Llava, and Qwen, across ab-
stract, mid-range, concrete, and overall categories.
While Section 3.3 discusses average lengths, the

figure additionally shows that VLMs, especially
Llava, exhibits high standard deviation in expla-
nation length, indicating huge variability in the
verbosity of its outputs. This difference in length is
further analyzed in relation to human preferences
in Section 4.1.
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Figure 4: Distribution of explanation lengths (in words)
across abstractness categories and annotator groups.

9.3 Do annotators assign semantically similar
concepts?

To assess the consistency of assigned concepts for
the same image, we compute pairwise cosine simi-
larity between word embeddings of concepts within
each annotator group using word2Vec® (Mikolov
et al., 2013) We evaluate static embeddings since
concepts are analyzed independently of context.
As shown in Table 7, human-generated concepts
exhibit slightly lower internal similarity (overall:
0.15), than those from VLMs.

Similarity within concepts ~ Similarity with target noun

Category  Human Llava Qwen Human Llava Qwen
Abstract 0.19  0.23 0.24 0.17  0.20 0.20
Mid-range 0.12 0.23 0.22 0.14  0.17 0.19
Concrete 0.14 0.04 0.21 0.13  0.14 0.17
Overall 0.15 0.17 0.22 0.15  0.17 0.19

Table 7: Average concept word2vec similarity and av-
erage word2vec similarity of concepts with target noun
across annotator groups. (Higher values indicate greater
alignment.)

To further assess whether assigned concepts re-
main semantically close to the meaning of the tar-
get noun associated with the image, we compute
pairwise cosine similarity between word2Vec em-
bedding of each concept and the target noun. Here,

$Trained on Google News dataset with 300-dimensional
vectors.
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humans again show slightly lower similarity to the
noun compared to VLMs.

9.4 VLM Selection Criteria

We selected Qwen2-VL-7B-Instruct and LLaVA-
Next (llava-v1.6-mistral-7b-hf) as representative
open-source vision-language models for our tasks.
These models were chosen for their small size, re-
cent release, wide usage, and strong performance
relative to models of similar scale, based on bench-
marks relevant to attribution and reasoning tasks.

Performance. LLaVA-Next-1.6-7B performs
comparably to its 13B variant and outperforms
GPT-4V on VQAV2 (Liu et al., 2024). Qwen2-
VL-7B also performs better than contemporary
models like InternVL2-8B on multiple benchmarks
(MMMU val, Blink val, MMT val, RealWorldQA),
and is competitive with InternVL2-40B, and even
InternVL2-76B on tasks such as Text-VQA and
DocVQA (Chen et al., 2024b,c). We do not include
closed-source models like GPT-4V, whose training
data and design are not publicly available, limiting
the interpretability of their attributions.

Compute. Scaling to larger 70B+ models re-
mains computationally infeasible, requiring 150 —
200 GB of GPU memory even with quantized for-
mats (8/16-bit).

Our results support the adequacy of these models
for our task: they performed well on abstract attri-
butions, were often preferred by human raters, and
served as reasonable judges of human preferences
(correlation scores 0.7 — 0.8).

9.5 VLM Judgments of Image - Concept
Representativeness

This section extends the representativeness anal-
ysis discussed in Section 3.4 by evaluating how
VLMs judge the alignment between attributed con-
cepts and corresponding images for all annotations
of 675 images. Specifically, Qwen and Llava were
prompted to rate whether an image is strongly, mod-
erately, weakly, or not at all representative of an
attributed concept. Table 8 summarizes their judg-
ments across human-, Llava-, and Qwen-attributed
concepts. The corresponding prompt is presented
in Section 9.8.

The results show notable differences in how hu-
mans and VLMs assess representativeness. Qwen
assigns Strongly Representative ratings very fre-
quently across all annotations. It classifies ~
81 — 84 % of VLM concepts as Strongly Represen-
tative, compared to (62.32%) of human concepts.

Notably, Qwen assigns almost no Not Representa-
tive concepts, especially for VLM concepts (0.05
and 0.10%), suggesting a strong self-reinforcement
bias. In contrast, Llava acts as a stricter judge.
However, both Qwen and Llava struggle to strongly
associate human concepts to images, reinforcing
the need for human oversight in subjective annota-
tion tasks.

9.6 VLM Judgments of Concept and
Explanation Preferences

This section presents additional results on how
VLMs (Llava and Qwen) rank concepts and ex-
planations when acting as judges in the prefer-
ence evaluation task. Tables 9 and 10 report
the number of times VLMs preferred concepts
and explanations from different sources (human-
exclusive, VLM-exclusive, and overlapping), and
how these preferences changed when explanations
were added.

When ranking top concept and explanation pref-
erences (Table 9), both Qwen and Llava tend to
favor overlapping concepts, similar to human pref-
erences. When considering all ranked compar-
isons (not limited to top-1), VLM-generated expla-
nations were preferred over human explanations
in 79 and 78 respectively by Llava and Qwen,
out of 98 overlapping concept cases across 63
images. Table 10 shows the percentage of sig-
nificant rank changes between concept-only and
concept-explanation preferences and is similar to
that of human annotators. The Spearman corre-
lation between explanation length and preference
rank (where lower rank indicates stronger prefer-
ence), is p = —0.43 (p < .0001) for both Llava
and Qwen. Comparing abstractness ratings of con-
cepts with preference ranks, we found no signif-
icant preference at the concept level for Llava
(p = 0.03, p = .44) or Qwen (p = —0.01,
p = .83). Similarly, there was no significant corre-
lation at explanation level.

9.7 Example Annotations for Contrasting
Annotations

This section presents qualitative examples that il-
lustrate the subjectivity of concept attributions and
how explanations can help clarify why a particular
concept was assigned to an image. Figure 5 shows
an example where different annotators interpret the
same image in contrasting ways, evoking distinct
abstract concepts based on personal perspectives.
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Llava as judge

Qwen as judge

Rating Human concepts Llava concepts Qwen concepts | Human concepts Llava concepts Qwen concepts
Strongly 39.76 59.16 53.60 62.32 80.89 83.56
Moderately 32.27 33.38 33.38 30.81 18.42 14.86
Weakly 23.16 5.87 10.77 5.65 0.64 1.48
Not at all 4.82 1.58 2.24 1.21 0.05 0.10

Table 8: Percentage of images rated as strongly, moderately, weakly, or not at all representative of an attributed
human, Llava, or Qwen concept by Llava and Qwen as judges.

Llava as judge

H Qwen as judge

Category ‘

‘ Concept ‘ Explanation ‘ ‘ Concept ‘ Explanation

‘ Overlap VLM Human ‘ Overlap VLM Human H Overlap VLM Human ‘ Overlap VLM Human
Abstract 5 9 7 10 9 2 8 10 3 10 7 4
Mid-range 12 7 2 9 12 —— 11 7 3 12 7 2
Concrete 15 3 3 11 8 2 13 8 —— 16 5 ——
Overall | 32 19 12 | 30 29 4 32 25 6 | 38 19 6

Table 9: Top-1 preference counts for concepts and explanations as judged by LLaVA and Qwen. Each cell shows
how often the most preferred attribution (concept or explanation) came from overlapping sources (used by both
human and model), VLM-exclusive sources, or human-exclusive sources. Overall, both VLMs show a consistent

preference for overlapping attributions.

Origin Llava (%) | Qwen (%)
Rank T Rank | | Rankt Rank |
Human 24.60 7.67 29.37 7.14
Overlap 44.44 17.09 38.46 14.52
VLM 17.09 17.94 19.66 13.68

Table 10: Change in concept preference rankings with
added explanations, as judged by Llava and Qwen. Val-
ues show the percentage of cases where concept ranks
increased (1) or decreased (|) when explanations were
included.

Figure 6 highlights an example where the at-
tributed concept may not seem very representative
of the image in isolation, but the accompanying
explanation provides a rationale that may make the
concept more relatable and potentially more pre-
ferred. These examples align with observations in
Section 4.1, emphasizing the role of explanation
and interpretation in abstract concept attributions.

9.8 VLM Prompts

This section details the prompts used for Llava
and Qwen across different setups of this work. To
ensure consistency across human and model anno-
tations, the prompts were identical to those shown
to human annotators, with the only difference be-
ing minor formatting instructions for the models
(e.g., returning outputs in a dictionary format).

Jealousy: | want to go to universal studious
again and to go to this location.

Happy: brings back happy feelings from when |
first watched and read harry potter

Figure 5: Example of an image annotations with con-
trasting concepts.

9.8.1 Concept - Explanation Annotations

For the concept-explanation annotation task, both
Llava and Qwen were prompted to generate ab-
stract concepts and the corresponding explanations
for each image using the following prompt:
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Farewell: the city skyline fading into the
background reminds me of a saying goodbye to
a city to move to another one.

Familiar: | go to the beach often in the summer
and can see the skylines of the city across from it

Figure 6: Example of an image’s annotations where
concepts are strongly derived from personal experience.

Identify 3 concepts conveyed by the im-
age. Each concept should be a single
word. Avoid naming specific people or
objects; instead, focus on summarizing

- 1 - Not at all representative: The im-
age is not associated with the concept.
There are little to no visual or contex-
tual cues connecting it to the concept.

- 2 - Weakly representative: The image
has vague or minimal association with
the concept. Significant inference or
imagination is required to establish any
connection.

- 3 - Moderately representative: The im-
age moderately represents the concept.
There are some visual or contextual
cues, but the representation could be
even stronger.

- 4 - Strongly representative: The im-
age clearly and meaningfully evokes
the concept. It strongly conveys the
essence of the concept with little room
for doubt

Return your answer in a python dictio-
nary format exactly as: "Rating":

9.8.3 Concept Preferences

the situation or the ideas, emotions, or For the concept preference task, the prompt pre-
feelings conveyed by the image. For sented an image along with four candidate concepts
each concept, provide a brief explana- and asked the model to select the most and least
tion of how it is conveyed by the image. representative ones. The prompt was:

Return the concepts and their expla-
nations in a python dictionary format:
{conceptl: explanationl, concept2: ex-
planation2, concept3: explanation3}.

9.8.2 Image - Concept Representativeness

For the image-concept representativeness task, both
Llava and Qwen were prompted to rate how well an
image represents a given concept, using the same
four-point scale as in the human evaluation (Sec-
tion 3.4). The prompt was:

Your task is to evaluate if this image
is a good representation of "concept"?.
Focus on the overall situation, ideas,
emotions, and feelings conveyed by the
image instead of specific people or ob-
jects.

Review each image and concept care-
fully and choose the appropriate op-
tion:
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Your task is to evaluate which of the
given concepts best represents the core
idea conveyed by the image and which
concept is the least accurate. Focus on
the overall situation, ideas, emotions,
and feelings conveyed by the image
rather than specific people or objects.
1. {conceptl}

2. {concept2}

3. {concept3}

4. {concept4}

Instructions:

Identify the Most accurate: The con-
cept that best captures the core idea of
the image. Identify the Least accurate:
The concept that has the weakest con-
nection to the image.

Return your answer in a python dictio-
nary format exactly as:

{{ "Most": , "Least": }}



9.8.4 Concept-Explanation Preferences

For the explanation preference task, the prompt
presented an image with four concept-explanation
pairs, and the model was asked to choose the best
and worst descriptions based on how well they de-
scribed the image. The prompt was:

Your task is to evaluate which of the
given descriptions best describes the
image and which one provides the
worst description. Focus on the overall
situation, ideas, emotions, and feelings
conveyed by the image rather than spe-
cific people or objects.

1. {explanationl }

2. {explanation2}

3. {explanation3}

4. {explanation4}

Instructions:

Identify the Best Description: The de-
scription that most accurately repre-
sents the image. Identify the Worst
Description: The description that is the
least accurate.

Note: Do not focus on minor grammar
issues, instead focus on the content of
the description.

Return your answer in a python dictio-
nary format exactly as: "Best": 1.4,
"Worst": 1..4

9.8.5 DPO Finetuning

For DPO fine-tuning, the base prompt presented to
the Llava and Qwen model was:

Which of the given descriptions best
describes the image? Focus on the
overall situation, ideas, emotions, and
feelings conveyed by the image rather
than specific people or objects.

This prompt was paired with two candidate re-
sponses - one marked as preferred and the other as
rejected, based on human rankings from the expla-
nation preference task. These {prompt, preferred,
rejected} triplets formed the training data for com-
puting the DPO loss. The image input and both
responses were encoded as part of the conversa-
tional context during fine-tuning.

9.9 Compute and Experimental Details

Compute and Inference Setup All VLM-based
inferences were performed using an NVIDIA RTX
A6000 GPU. For both Qwen and Llava, each
prompt took approximately 3 — 5 seconds to pro-
cess. We used the default publicly available model
checkpoints for both models from huggingface®,
without any additional modifications for inference.

DPO Fine-tuning Configuration For DPO fine-
tuning, each training instance consists of a prompt
x (question + image) and a chosen (preferred) (yy)
attribution and a rejected (less preferred) (y;) at-
tribution. For such a preference dataset D, we
fine-tune our VLM 7y with the loss function Lppo

Lppo(Ty ; Tref) =
79 (Yw | )
Wref(yw ‘ IE)

To(y1 | ) )} 0

Wref(yl ‘ .’E)

— E@y,m)~D [log g (6 log
— Blog

where 7. is the reference model (i.e., the base
model), and S is a scaling parameter, and the
optimization is KL-constrained to prevent exces-
sive divergence from the original model. For
finetuning llava, we applied LoRA adapters to
the following projection layers: ¢_proj, k_proj,
v_proj of the last 4 layers of the language
model, along with multi_modal_projector.linear_1,
multi_modal_projector.linear_2 layers. For fine-
tuning qwen, we applied LoRA adapters to the
following projection layers: g_proj, k_proj, v_proj
of the last 4 layers. We initialized training with
the default DPO settings and conducted a hyperpa-
rameter sweep. Specifically, we varied the learning
rate from 5e—6 to 5e—5, the DPO scaling param-
eter 5 from 0.01 to 0.1 in increments of 0.02, and
the weight decay in {0.01, 0.02}. We also experi-
mented with LoRA rank values of 2, 4, and 8. All
experiments used a fixed random seed of 42.

9.10 Annotation Details

This section describes the setup for human annota-
tions used throughout the study, including concept-
explanation attribution, image-concept represen-
tativeness study, and preference judgments. We
report details on participant recruitment, compen-
sation, filtering criteria, noun selections, and licens-
ing of the images used.

*https://huggingface.co/
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Compensation and Annotation Cost. Each par-
ticipant was paid at a rate of £9 per hour. The total
cost of the annotations was ~ £3000.

Consent and Personal Information. Participa-
tion was voluntary and participants were informed
of the time, compensation, and purpose of the study
before they could continue. We do not collect any
information that can associate the participants with
the data back to the participants.

Participant Filtering. Due to the nature of our
study, we only allowed participants who had listed
English as their first language and were based in
Australia, Canada, Ireland, New Zealand, UK, and
US. Moreover, their approval rating was between
99-100 on Prolific and had made > 20 submis-
sions.

Participant Demographics. We conducted a
post hoc analysis of the demographics of the partic-
ipants for the concept-explanation annotations us-
ing metadata provided by Prolific. The participants’
age ranged from 18 to 77 (mean = 36.1, SD = 14.3),
with balanced gender distribution (51% male, 49%
female). The majority reported White ethnicity
(59%), followed by Black (21%), Asian (12%),
and others. Participants were primarily based in the
United Kingdom (53%), United States (29%), and
Canada (13%). English was the primary language
for over 93% of participants.

While demographic data was not part of our core
analysis, we include this summary for complete-
ness. Our study is not designed to systematically
investigate demographic variation, but we recog-
nize that individual background may play a role in
subjective interpretations. We view this as a com-
plementary direction for future work, particularly
in studies focused on cross-cultural or population-
level comparisons.

Image Licenses. We used only images re-
leased under permissive Creative Commons li-
censes, specifically: Attribution, Attribution-
NonCommercial, Attribution-ShareAlike, and
Attribution-NonCommercial-ShareAlike.

9.10.1 Selected Nouns for Preference
Judgments

We present the 21 nouns for which we collected
preference judgments in Table 11. We also present
the complete set of 225 nouns for which we col-
lected concept-explanation attributions in Table 12.

Category Nouns (Abstractness rating)

Abstract Forgiveness (1.44), Enlighten-
ment (1.5), Courage (1.52), Tra-
dition (1.69), Contemplation
(1.83), Mischief (1.9), Patriotism

(2.0

Mid-range Deployment (2.9), Bedtime (2.9),
Curvature (2.93), Witchcraft
(2.96), Adoption (3.03), Malnu-

trition (3.1), Royalty (3.11)

Concrete Penguin (5.0), Lamp (4.97), Dol-
phin (4.96), Wasp (4.96), Wreath

(4.93), Guitar (4.9), River (4.89),

Table 11: Subset of 21 Nouns Categorized by Abstract-
ness Ratings

9.10.2 Annotation Forms

We present example instances of the annotation
forms used in our study. Figure 7 shows an instance
of the form used to collect concept-explanation
annotations. Figure 8 shows the form used to
rate image-concept representativeness. Figure 9
presents the form for concept preference judgments,
and Figure 10 shows the form used to collect ex-
planation preference judgments. Each figure dis-
plays the actual format and content as seen by an-
notators. We ensured that the annotation phases
followed a consistent setup. Annotators were ex-
plicitly instructed to “focus on the overall situation,
ideas, emotions, and feelings conveyed by the im-
age rather than specific people or objects”. This
alignment in task context was intentional to ensure
comparability between how concepts and explana-
tions were initially generated and how they were
later evaluated.
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Category

Nouns

Abstract

priority, spirituality, gloom, humility, holiness, oblivion, ignorance, opportunity,
patriotism, contemplation, serenity, injustice, censorship, fraud, intimacy, capi-
talism, heaven, disappointment, luck, awareness, intricacy, generosity, belief,
encouragement, curiosity, strategy, desperation, endurance, courage, fantasy,
splendor, nostalgia, exception, bureaucracy, aftermath, anticipation, patience,
bravery, accuracy, creativity, repression, imagination, bliss, duality, probability,
purity, identity, innocence, economics, democracy, compassion, mysticism,
tradition, sarcasm, perseverance, qualification, hardship, irony, downtime, fun,
comparison, authentication, forgiveness, admiration, eternity, privacy, adversity,
enlightenment, sadness, explanation, legacy, amazement, artistry, kindness,
mischief

Mid-range

hobby, unemployment, oath, captivity, accident, deforestation, census, math,
astronomy, procession, physics, deployment, adoption, countdown, crime, quo-
tation, announcement, proposal, addiction, rehearsal, bedtime, altitude, mon-
tage, flexibility, statistic, symbol, artisan, piracy, discussion, transaction, royalty,
simulation, nutrition, refusal, nightmare, summertime, excursion, evacuation,
recreation, oxidation, curvature, cleanup, geometry, fairytale, visualization,
entertainment, communication, catastrophe, donation, symmetry, motherhood,
surveillance, finale, legend, science, witchcraft, geography, winner, autumn,
meditation, malnutrition, recycling, departure, promotion, district, zodiac,
stamina, tourism, adrenaline, civilization, measurement, nightlife, commuter,
fitness, ancestry

Concrete

kayak, escalator, shelf, waterfall, beach, aquarium, penguin, helmet, sushi,
elephant, cigar, bonfire, bulldozer, footbridge, pollen, toothbrush, thunderstorm,
airplane, mango, postcard, motorcycle, policeman, classroom, mountain, wasp,
lamp, tomato, stroller, grenade, island, bride, firewood, suitcase, puppet, al-
ley, spacecraft, laundry, arrow, swimmer, salad, microscope, river, bamboo,
toad, medal, windmill, cyclist, meteor, sprinkler, ocean, chick, yacht, fridge,
chess, apartment, crayon, warship, scaffolding, meadow, playground, container,
kitchen, hammock, statue, billboard, firefighter, wheelchair, orchestra, owl,
motorway, donkey, dolphin, guitar, wreath, iceberg

Table 12: List of 75 nouns per category used to build our dataset totaling 225 nouns.

8278



Section 9 of 22

Image 8 v :

List 3 concepts and the reasons for how the image conveys these concepts.

Avoid naming specific people or objects; instead, focus on summarizing the situation or *

expressing the feelings, or thoughts conveyed by the image.

Enter each "Concept: Explanation” in a new line (press enter for a new line).

Long answer text

Figure 7: Example annotations question for collecting abstract concept and explanations.

Guideline reminder X .

Evaluate whether an image is a good representation of a particular concept. Focus on the overall situation,
ideas, emotions, and feelings conveyed by the image instead of specific people or objects.

1. Not at all representative: The image is not associated with the concept. There are little to no visual or
contextual cues connecting it to the concept.

2. Weakly representative: The image has vague or minimal association with the concept. Significant
inference or imagination is required to establish any connection.

3. Moderately representative: The image moderately represents the concept. There are some visual or
contextual cues, but the representation could be even stronger.

4. Strongly representative: The image clearly and meaningfully evokes the concept. It strongly conveys the
essence of the concept with little room for doubt.

Image 47

Is this image a good representation of "rock"? *

Not at all O O O O Strongly

Figure 8: Example of annotation instance for evaluating image representativeness of a concept.
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Guidelines reminder be

Evaluate which concept best represents the core idea conveyed by the image and which concept is the least

accurate. Focus on the overall si ion, ideas, i or i conveyed by the image rather than
specific people or objects.

1. Most accurate: The concept that best captures the core idea of the image.
2. Least accurate: The concept that has the weakest connection to the image.

Image 20

Compare the four concepts below and select 1) the most accurate and then 2) the least
accurate concept:

wildlife variety innocence rock
Most Accurate

Least Accurate

Figure 9: Example of annotation instance for concept preferences.
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Evaluate which description best describes the image and which one provides
the worst description. Focus on the Il si i ideas, i or feelings conveyed
by the image rather than specific people or objects.

Please do NOT focus on minor grammar issues, instead focus on the content of the
description.

1. Best description: The description that most accurately represents the image.
2. Worst description: The description that is the least accurate.

Image 22

Compare the four descriptions below: *

The image .

The image
conveys conveys
Freedom The image N

X The image Innocence
because: on of conveys Variety
N K conveys Color because: the
the penguins in because: the .
because: a animals convey

the picture has picture shows

its wings spread different types black and white the feeling of

pigeons on lake innocence as

which could of a species of N
R they sit together
express the animal seemingly awa
feeling of being a’y Yy
from harm.
free

best description O O O O

worst

description O O O O

Figure 10: Example of annotation instance for explanation preferences.
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