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Abstract

Compounds are a complex linguistic phenomenon, as variation in their degree of compositionality often makes their
interpretation non-straightforward. We consider the task of visual-linguistic compositionality prediction for English
noun-noun compounds, i.e., predicting the degrees to which a compound’s meaning is predictable from its constituents.
We introduce a new dataset, ComposiGen, which provides constituent-specific human-elicited compositionality
ratings for compounds of different concreteness categories, and includes generated visual representations for both
compounds and their constituents. To enable controlled comparisons, we structure ComposiGen such that head con-
stituents are shared across multiple compounds (e.g., wedding cake, cup cake). We suggest a novel parameter-based
approach leveraging constituent-to-compound image transformations to predict different degrees of visual constituent
contributions to compound meaning. While our novel approach requires further exploration for validation, our overall
results show that the generated images, in particular in combination with text, provide valuable information, and that
simple late fusion outperforms multimodal transformers. Taken together, our findings highlight a promising avenue
for future research on more efficient multimodal models for compositionality prediction. Our novel dataset offers
a rich resource for future in-depth research, including the exploration of visual, constituent-based compound formation.

Keywords: noun compounds, compositionality ratings, image generation, vision models, multimodality, transformers

1. Introduction

Compounds and other multiword expressions are
an important part of language because they help us
express complex ideas efficiently. However, their
meanings are not always easy to infer as com-
pounds might vary in their degree of composition-
ality, i.e., the extent to which the meaning of the
whole can be derived from the meanings of its parts.
For example, wedding cake is highly compositional,
as its meaning is transparently related to both its
constituents wedding and cake, whereas the mean-
ing of novelty cake is not a simple composition of
the meanings of novelty and cake. Moreover, the
transparency of the constituents may differ; e.g., in
cupcake, the head constituent cake is semantically
more transparent regarding the compound’s mean-
ing than the modifier cup.

We consider the task of visual-linguistic com-
positionality prediction for English noun-noun
compounds, defined as predicting for each con-
stituent of a compound a real-valued score express-
ing the degree to which the compound’s meaning
can be derived from this constituent. We include
visual and textual representations of compounds
and their constituents into our experiments as rep-
resentations across multiple modalities can offer
complementary insights that go beyond traditional
textual feature-based approaches. For instance,
while the word cake typically evokes a sweet, baked

cake ...cake

potato... wedding... cup...

Figure 1: Example compounds sharing “cake” as
head constituent, along with generated images.

dessert, an image of a potato cake highlights a dif-
ferent concept (cf. Figure 1).

Furthermore, we suggest that image transforma-
tions, specifically the extent of change required to
transform an image of a constituent (e.g., cake) into
an image of a compound (e.g., wedding cake) could
transparently reveal aspects of compositionality
that remain opaque with text-based representations.
Finally, word concreteness is yet another factor that
modulates the textual-visual divide: concrete con-
cepts are typically more readily depicted, whereas
abstract concepts present greater representational
challenges (cf. Khaliq et al., 2024; Tater et al.,
2024). Despite the complementary insights that
the visual and textual modalities can contribute to
the understanding of compounds (cf. Günther et al.,
2020), most previous work on compositionality pre-
diction focuses on unimodal methods (e.g., Reddy
et al., 2011; Pezzelle et al., 2016; Cordeiro et al.,
2019; Miletic and Schulte im Walde, 2023), with a
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cup cake (Frequency: 705)

cup

.961/3.3

Concreteness: 4.81 (C) Compositionality rating (cup cake – cup): 1.13
1. A small, open container used for drinking liquids, typically with a handle.
2. A measuring tool used in cooking, denoting a specific volume of ingredients.
3. A hollow, bowl-shaped vessel for holding beverages like tea, coffee, or water.

cake

.993/4.0

Concreteness: 5.0 (C) Compositionality rating (cup cake – cake): 4.60
1. A sweet baked dessert made with flour, sugar, eggs, and often frosting or fillings.
2. A soft, spongy confection typically layered and decorated for celebrations or desserts.
3. A baked treat that can vary in size, flavor, and decoration, often associated with

special occasions.

cup cake

.990/3.0

Concreteness Category: CC
1. A small, individual-sized cake baked in a paper or foil liner, often decorated with frosting.
2. A sweet, single-serving dessert typically made from cake batter and topped with icing

or sprinkles.
3. A miniature cake designed for personal consumption, often served at parties or celebra-

tions.
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Figure 2: Example item cup cake in ComposiGen: We include the compound frequency from the
ENCOW16AX corpus and the concreteness category (Sect. 3.1), the human-elicited compositionality
ratings (Sect. 3.2), generated noun definitions (Sect. 3.3), generated images for the compound and
its constituents using text-to-image (t2i; Sect. 3.4) and image-to-image approaches (i.e., modifier-to-
image (m2i) or head-to-image (h2i); Sect. 4.2). Numbers below images denote automatic/human image
evaluation scores (i.e., VQAScores/human ratings for images and their first definition/token, respectively;
Sect. 3.4).

few exceptions (e.g., Köper and Schulte im Walde,
2017; Kurtyigit et al., 2025).

To support further research on multimodal com-
positionality, we introduce ComposiGen — a novel,
multimodal dataset of 200 English noun-noun com-
pounds paired with human-elicited compositionality
ratings. ComposiGen is structured into 36 sets of
compounds that share the same head, thus allow-
ing a comparative study of visual transformations
from constituents to compounds (such as in potato
cake vs. novelty cake). We also include abstract
and concrete constituent pairings to ensure they
reflect the full range of concreteness. Within Com-
posiGen, each target (compound or constituent)
is represented by three automatically generated
noun definitions and one image, using generative
models; in addition, we enrich the compound repre-
sentation with two image sequences resulting from
the corresponding two constituent-to-compound im-
age transformations (example given in Figure 2).

Using ComposiGen, we evaluate text-based,
vision-based, and multimodal (i.e. visual-linguistic)

approaches, and also test whether transformations
resulting from text-guided constituent-to-compound
image generation capture signals of compositional-
ity. We summarize the contributions of our work as
follows:

• We present a novel dataset of English noun-
noun compounds ComposiGen1, annotated
with constituent-specific human-elicited com-
positionality ratings and automatically aug-
mented with noun definitions and images using
generative models.

• We compare traditional feature-based and
state-of-the-art models on the task of compo-
sitionality prediction, and present a novel ap-
proach using constituent-to-compound image
transformations.

• Our findings indicate that a multimodal setup
can outperform unimodal approaches, while

1The data and code are available at https://
github.com/jule-go/ComposiGen.

https://github.com/jule-go/ComposiGen
https://github.com/jule-go/ComposiGen
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also demonstrating that the characteristics of
the dataset reveal differences on composition-
ality predictions across methods.

2. Related Work

Generative Data Augmentation. With the rise of
large language models (LLMs), generative data
augmentation has become a common comple-
ment to manual dataset collection (Eigenschink
et al., 2023). For instance, Piedboeuf and Langlais
(2023) evaluate generation models such as Chat-
GPT for extending text-based datasets. Beyond
text, researchers have applied image generation
to build visual resources like metaphor datasets
(cf. Chakrabarty et al., 2023; Khaliq et al., 2024).
Inspired by Kurtyigit et al. (2025), we use generative
models to obtain noun definitions of compounds
and their constituents and, using these as prompts,
generate corresponding images. Pickard et al.
(2025) also use diffusion models in their construc-
tion of a multimodal dataset of compounds, but they
prompt them with human-written scene descrip-
tions to generate the images. Furthermore, their
AdMIRe task is on ranking a set of images based
on how well they depict the meaning of a compound
in a specific context, while we address a numeric
approach to compositionality prediction. To this
end, we augment the instances in our dataset with
human-elicited compositionality ratings.
Compositionality Prediction. Traditionally, com-
putational approaches to automatically predicting
compositionality have relied on feature-based mod-
els that compare the textual representations of
compounds with their constituents (e.g., Reddy
et al., 2011; Cordeiro et al., 2019; Shwartz and Da-
gan, 2019; Miletic and Schulte im Walde, 2023).
Some studies also explore visual information
(e.g., Pezzelle et al., 2016; Günther et al., 2020)
or adopt basic multimodal setups that merge tex-
tual and visual features (e.g., Roller and Schulte im
Walde, 2013; Köper and Schulte im Walde, 2017).
Our work takes this further by investigating mul-
timodal transformer models and comparing them
with standard fusion strategies. While Kurtyigit et al.
(2025) use text-to-image models to obtain accu-
rate images of constituents and compounds in their
feature-based approach, we present a first attempt
to additionally treat the text-guided transformation
process of a constituent image into a compound
image as a potential signal of compositionality.

3. ComposiGen Dataset Creation

We release our novel multimodal ComposiGen
dataset containing text and image data on English
noun-noun compounds along with associated hu-
man compositionality ratings. Below we detail the

Cat. Examples

AA
fantasy romance

(1.59 / 2.19)
health service
(2.28 / 2.21)

incentive scheme
(2.26 / 2.41)

plea agreement
(2.39 / 2.22)

AC
ego trip

(1.74 / 3.71)
farewell party
(2.21 / 3.89)

safety helmet
(2.37 / 4.92)

service area
(2.21 / 3.72)

CA
child protection
(4.78 / 2.50)

data quality
(3.93 / 2.18)

hair loss
(4.97 / 2.19)

word processing
(3.56 / 2.03)

CC
ballet shoe

(4.04 / 4.97)
corn dog

(4.96 / 4.85)
hockey game
(4.31 / 4.50)

street food
(4.75 / 4.80)

Figure 3: Example compounds (with generated
images and constituent concreteness scores) for
our concreteness categories AA, AC, CA, and CC.

selection of compounds, our elicitation of ratings,
and how we use generative models to create de-
scriptions and images of compounds and their con-
stituents. An example instance is given in Figure 2.

3.1. Set of Noun-Noun Compounds

Starting from the English web corpus ENCOW16AX
(Schäfer, 2015), we extracted all noun-noun com-
pounds based on the automated part-of-speech
tags provided in the corpus: we define noun-noun
compounds as noun-noun bigrams whose immedi-
ate left and right neighbors are not nouns, in line
with prior work (e.g., Rassem et al., 2024; Maurer
et al., 2023). We restricted the set to compounds
that occurred at least 100 times in the corpus.

The concreteness of the constituents of a com-
pound may influence its semantic transparency and,
consequently, its perceived degree of composition-
ality (cf. Schulte im Walde, 2024). To facilitate
further research on this relationship, we require
ComposiGen to contain compounds with varied
pairings of abstract and concrete constituents. We
consider this especially important in light of our
use of visual representations, as concrete concepts
are typically easier to depict, while abstract ones
pose greater challenges. Specifically, based on
the concreteness of a compound’s constituents as
determined using Brysbaert et al. (2014)’s ratings,
compounds are required to fall into one of the follow-
ing four categories: AA, AC, CA, or CC, where ‘A’
stands for abstract (ratings 1.0–2.5) and ‘C’ stands
for concrete (ratings 3.5–5.0). In the abbreviations,
the first letter refers to the concreteness category
of the modifier constituent, and the second letter
refers to the category of the head constituent. Note
that we do not disambiguate constituent senses
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but rely on word-level concreteness ratings which
may lead to unintuitive classifications for some com-
pounds.2 We furthermore only retained those com-
pounds whose head constituent occurs with both
a concrete and an abstract modifier at least once
(e.g., novelty cake (AC) and fruit cake (CC)). Finally,
from this set of about 26, 800 compounds, we man-
ually selected a set of 200 noun-noun compounds,
composed of 172 different constituents, while en-
forcing overlaps in head constituents across com-
pounds, diversity in modifier variation, and a dis-
tribution of concreteness. Prior work on German
noun-noun compounds addresses overlaps in con-
stituents (Schulte im Walde et al., 2016), and we ex-
tend this consideration to English noun-noun com-
pounds with a special focus on overlapping head
constituents in our ComposiGen. About 80% of all
distinct heads pair at least with 5 different modi-
fiers into compounds. For instance, the set of com-
pounds with head cake contains novelty cake (AC),
cup cake (CC), fruit cake (CC), potato cake (CC),
rice cake (CC) and wedding cake (CC). Out of the
200 compounds, 16 fall into the AA category, 49 into
AC, 28 into CA, and 107 into CC. Figure 3 shows
example compounds from each category.

3.2. Gold Standard Compositionality
Ratings

We used the Prolific platform3 to elicit two composi-
tionality ratings for each of the 200 compounds, one
for their modifier and one for their head. Specifically,
we asked the annotators to evaluate the extent to
which the overall meaning of a compound can be
related to the meaning of each of its constituents
on a scale from 0 (= not compositional) to 5 (= com-
positional). The annotation guideline, along with
an example, is provided in Appendix A.1.

We randomly split the set of compounds into
questionnaires of 25 items and included addi-
tional control cases to eliminate spammers. Each
compound-constituent pair was annotated by 15 an-
notators, and the final rating was computed as the
average of their judgments.

Only English native speakers with an approval
rate above 90% in earlier tasks were eligible to par-
ticipate in the annotation. They were compensated
for each submitted questionnaire, yielding an av-
erage hourly wage of £9. In total, ratings from 100
different annotators were approved.

As shown in Figure 4, the majority of compound-
constituent pairs received a high compositionality
rating (x-axis), indicating that for most compounds

2Tea service, for instance, is automatically classified
as CA compound, even though service does not denote
an abstract concept like assistance or duty, but instead
refers to a tangible set of items used in serving tea.

3Available at https://www.prolific.com.

1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
compositionality rating

0.0
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n

head rating
modifier rating

Figure 4: Mean compositionality ratings and stan-
dard deviations for modifier and head judgments.

the constituents provide a strong contribution to
the overall meaning. The corresponding standard
deviations (y-axis) are very low for strongly compo-
sitional compounds, but range between 1.3 and 2.3
for less compositional compounds. Standard devia-
tion values in the range of 1.5 (cf. dotted horizontal
line in Figure 4) suggest considerable annotator
disagreement, which in turn may signal that our
compound-constituent pairs are particularly diffi-
cult to judge (see Pollock (2018); Knupleš et al.
(2023); Paisios et al. (2023) for in-depth analyses
of disagreements on ratings on a scale), and thus
may also pose challenges for automatic prediction
approaches.

3.3. Textual Description Generation
We prompt an LLM to generate textual descriptions
in the form of noun definitions for the 200 com-
pounds as well as their 172 different constituents.
The prompt is provided in Appendix B. This genera-
tion approach ensures consistent definitions with a
predefined structure for all items. We used OpenAI
(2025)’s ChatGPT–4o model4 to generate three
noun definitions for each target. Our work does not
consider multiple senses of constituents or com-
pounds, relying on a single sense per target. For
follow-up experiments, we therefore use only the
first definition generated by ChatGPT.

3.4. Image Generation
Analogously to the textual modality, we obtain vi-
sual representations for both the compounds and
constituents of ComposiGen. Specifically, we gen-
erate one image for each target by prompting a
text-to-image diffusion model with the correspond-
ing noun definition (cf. Section 3.3) as the textual
guidance signal. Compared to other acquisition
methods such as image retrieval, this approach
requires less effort, offers a controlled setup and
ensures that images with a consistent style are
available for all concepts. We run models in infer-
ence mode on a GPU, with the maximum number
of inference steps set to 30.

4Via the free web version on 13/14 January 2025.

https://www.prolific.com
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For each compound, we furthermore generate
image sequences as part of a parameter-based
compositionality prediction approach using text-
guided image-to-image generation, which we will
detail in Section 4.2.

Using the Diffusers library on Hugging Face (von
Platen et al., 2022), we apply PixArtSigma (Chen
et al., 2025)5 for constituent images, and FLUX
(Black Forest Labs, 2024)6 for compound images.
FLUX also supports image-to-image generation,
our choice is thus consistent with the text-guided
image-to-image approach for compound image
generation (cf. Section 4.2).

Note that our image generation process does not
incorporate an explicit mechanism to differentiate
between concrete and abstract targets. Instead,
both are generated in the same manner.
Image Quality. We evaluated the faithfulness of
the text-to-image generated images, i.e., if they ac-
curately show the intended concepts, using both
human judgments and an automatic metric. To this
end, we collected image-word alignment ratings for
the 372 instances in ComposiGen, each consisting
of a target word (consituent or compound) and its
generated image (cf. Section 3.4). For the human
evaluation, three annotators assessed each pair by
rating how well the image aligns with the word on
a scale from 0 (= not at all) to 4 (= perfectly). De-
tails of the annotation procedure are given in Ap-
pendix A.2. As an automatic metric, we rely on
common sense understanding of visual-question-
answering (VQA) models and employ VQAScore
(Li et al., 2024).7 For each image-target pair, we
prompt a pretrained VQA model with the question:
“[target definition] Does this figure show [target]?”
The model’s probability for the answer “yes” yields
the VQAScore. Target definitions are those de-
scribed in Section 3.3.

All results are shown in Table 3 (Appendix A.2);
here we focus on the main findings. Overall, hu-
man ratings and VQAScore exhibit similar patterns.
As expected, and as illustrated by the examples
in Figure 3, abstract concepts are more difficult to
depict than concrete ones. Specifically, the gener-
ated images for fully concrete compounds (CC) and
concrete constituents (C) are most accurate — hu-
mans and VQAScore rated these image-word pairs
the highest (human 2.99/2.67, VQAScore 0.90/0.89,
respectively) — while images of fully abstract com-
pounds and abstract constituents receive the low-
est ratings (1.69/1.49 and 0.76/0.84, respectively).
Interestingly, the human judges rated the images
of compounds as more accurate (2.61) compared

5PixArt-alpha/PixArt-Sigma-XL-2-1024-
MS

6black-forest-labs/FLUX.1-dev
7We use clip-flant5-xxl as underlying model.

to constituents, where modifiers are found as more
accurately depicted than heads (2.36 vs. 1.98).

To quantify the agreement between the two
evaluation methods, we computed Spearman’s
rank-order correlation coefficient between the
VQAScores and human ratings. The results ex-
hibit a moderate mean correlation of ρ = 0.66, with
the lowest correlation for compounds where both
constituents are abstract (ρ = 0.42), and with the
highest correlation for compounds consisting of a
concrete modifier and an abstract head (ρ = 0.80).
Importantly, the moderate correlation between the
measures suggests that VQAScore is a valid auto-
matic proxy for compound image accuracy, which
could enable scaling of the dataset (with the caveat
that its reliability varies depending on the concrete-
ness of the compounds and constituents). In the
present work, we will use VQAScore for the denois-
ing approach put forward in Section 4.2.

4. Compositionality Prediction

To model compositionality, we explore traditional
feature-based methods using prediction-based and
transformer-based models, as well as a novel
parameter-based approach that leverages denois-
ing strength values derived from image transfor-
mations. Across all approaches, predictions are
intrinsically evaluated by computing the correla-
tion between predicted compositionality scores and
human-elicited compositionality ratings.

4.1. Feature-Based Approaches
Classic feature-based compositionality prediction
involves two steps. First, feature vectors are ex-
tracted for compounds and their constituents using
well-established representation models. Second,
a compound’s degree of compositionality is esti-
mated by the cosine similarities between its vector
and that of each of its constituents (yielding one
score for the head and one for the modifier, respec-
tively). A higher similarity between a constituent’s
representation and that of its compound indicates
a higher predicted degree of compositionality.

Unimodal Features. We extract textual and vi-
sual features for the compounds and constituents in
the ComposiGen dataset. We follow Kurtyigit et al.
(2025) in training a Skip-gram model (Mikolov
et al., 2013) on the ENCOW16AX corpus, where all
occurrences of particular compounds are replaced
with unique tokens such that the model learns ded-
icated embeddings. We use a pretrained vision
transformer (ViT; Dosovitskiy et al., 2021) to ex-
tract a visual feature vector for each target’s image
in ComposiGen. For that, we use the embedding
from the final hidden layer, preceding the classifi-
cation layer.
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m2i
strength σ:
image:

VQAScore:

[initial]

—

0.80

0.194

0.82

0.129

0.84

0.986

0.86

0.147

0.88

0.991

0.90

0.989

0.92

0.989

0.94

0.989

0.96

0.992

0.98

0.989

1.00

0.984

h2i
strength σ:
image:

VQAScore:

[initial]

—

0.80

0.990

0.82

0.961

0.84

0.989

0.86

0.991

0.88

0.992

0.90

0.988

0.92

0.988

0.94

0.991

0.96

0.992

0.98

0.989

1.00

0.988

Figure 5: Example images generated with different denoising strength values for “wedding cake”, along
with their VQAScores. The highest evaluation score for each generation process is shown in bold. The
number in red is taken as compositionality score as the according image got the highest score.

Multimodal Models. In an early fusion ap-
proach, we use the extracted text embeddings ft
from Skip-gram and image embeddings fv from
ViT, and compute multimodal representations
fmulti = αft + (1− α)fv with a weighting factor
α = 0.8.8 Beyond this, we explore more complex fu-
sion strategies, specifically testing state-of-the-art
transformer-based vision-language models CLIP
(Radford et al., 2021) and FLAVA (Singh et al.,
2022), which learned aligned embeddings for text
and images via contrastive and multimodal objec-
tives from large multimodal datasets. We feed the
target definition to the textual encoder of these
models, while the visual encoder is fed the tar-
get image. For CLIP, multimodal embeddings re-
sult from mean-pooling the encoded text and im-
age; for FLAVA, from mean-pooling the hidden em-
beddings of the first multimodal encoder layer.9
Finally, in a late fusion approach, we com-
bine the predictions st and sv from Skip-gram
and ViT, respectively, into a multimodal predic-
tion score ŝmulti = βst + (1− β)sv with weight β
set to 0.7.8

4.2. Parameter-Based Approach
Our approach to modeling compositionality draws
inspiration from text-guided image-to-image gener-
ation with denoising diffusion models. In this setup,
an initial image gets noisified to some extent and
is then used as starting point for the denoising pro-
cess, in which an image is to be generated that
matches the text prompt. The denoising strength
parameter σ determines how much noise is added
to the initial image, and thus influences how much
the newly generated image may deviate from the
initial one. The compound’s definition t serves as

8α and β were empirically selected based on perfor-
mance across different tested values (cf. Appendix C.1).

9We describe the best-performing setups; variations
in input, layer choice and pooling led to weaker results.

textual guidance during generation.
In the context of transforming constituent images

into compound images, we hypothesize that highly
compositional compounds permit more preserva-
tion of the constituent images, since their relation
is also visually transparent and require only little
changes — and therefore less noise needs to be
added to the constituent image — whereas min-
imally compositional compounds require greater
initial noise to sufficiently disrupt the constituent
image and permit greater deviation during the gen-
eration process.

For example, when transforming an image of a
cake into an image of a wedding cake, much of
the information from the initial constituent image
can be preserved, so only a small amount of noise
needs to be added (= low denoising strength value).
In contrast, when transforming a dog into a corn
dog, the initial image provides little useful informa-
tion, and a larger amount of noise (= high denoising
strength value) must be added to allow for substan-
tial changes during generation.

For the set of generated images we then ask:
The generated image v of which noise level does
depict the compound? We use VQAScore to as-
sess for each generated image individually how
faithful it depicts the compound. The image with
the highest VQAScore, while requiring only minimal
noise, is selected, and the corresponding denoising
strength value is taken as predicted compositional-
ity score ŝ:
ŝdenoise = arg minσ∈Dmax VQAScore(v(σ), t)
The generation of compound images is per-

formed individually for each of the two compound-
constituent pairs. Figure 5 illustrates an example,
showing images generated across different denois-
ing strengths starting from the modifier constituent
(m2i) and from the head constituent (h2i) for the
compound wedding cake. In the h2i setup, the gen-
erated wedding cake images progressively depict a
multi-tiered cake decorated with flowers, while con-
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sistently keeping the cake itself in focus. In contrast,
in the m2i setup, with a lower level of noise, the
model struggles to position the cake within the wed-
ding scene (e.g., at strength σ0.84 the cake replaces
the bride). Compared to h2i, m2i requires a higher
noise level before the wedding cake becomes the
central focus. We observe a similar tendency in
other examples (see also Figure 2).

5. Experiments

We conduct experiments on ComposiGen to assess
how well different modalities capture composition-
ality. Model predictions are compared to human
ratings and analyzed in relation to ComposiGen’s
properties.

5.1. Setup
Data and Metrics. We compute Spearman’s rank-
order correlation ρ between model predictions and
ComposiGen’s human compositionality ratings to
assess the degree of alignment between predicted
scores and human judgments.10 Ideally, the result-
ing correlation values are close to 1, indicating that
the predictions and human ratings produce similar
rankings of compound-constituent pairs.
Models. As text-only model we train a Skip-
gram model on ENCOW16AX.11 As image-only
model we load a pretrained ViT.12 Both, early
and late fusion are based on ViT and Skip-
gram. We furthermore report results for the multi-
modal models CLIP and FLAVA.13

For the parameter-based approach denoising,
we rely on FLUX6 to generate compound images
starting from the respective constituent images,
and vary the denoising strength parameter σ over
the range D = [0.8, 1.0] in increments of 0.02. At
the maximum value (σ1.0), the initial constituent
image is effectively replaced by pure noise. The
choice of range D is empirically motivated. As the
effect of σ depends on the underlying scheduler and
no standard interval is specified in prior work, we
conducted exploratory experiments over a broader
set of values. We observed that values below 0.8
produced no perceptible changes in the generated
compound images, whereas larger values increas-
ingly degraded the constituent image content. To

10For denoising, we use 1− σ̂denoise as predictions.
11Trained using the gensim library (Řehůřek and Sojka,

2010), with a window size of 20, minimum count of 5, and
300 dimensions.

12From TorchVision (Marcel and Rodriguez, 2010):
vit_h_14.

13From Hugging Face (Wolf et al., 2020):
openai/clip-vit-base-patch16;
facebook/flava-full.

Approach Mode Mod Head

Fe
at

ur
e-

ba
se

d Skip-gram T 0.46 0.39
ViT V 0.30 0.24
early fusion T+V 0.34 0.28
late fusion T+V 0.50 0.41
CLIP T+V 0.41 0.27
FLAVA T+V 0.22 0.25

Parameter-based
(denoising) V 0.11 0.03

ChatGPT T 0.44 0.41

Table 1: Spearman’s ρ for predicted compositional-
ity scores and human compositionality ratings. With
the exception of the parameter-based approach,
these correlation values are statistically significant
(p < 0.005).

human Skip-gram ViT late fusion
Mod 1.13 0.47 0.16 0.38
Head 4.60 0.85 0.58 0.77

Figure 6: Human ratings and model predictions for
the example item cup cake detailed in Figure 2.

automatically evaluate the generated images we
use VQAScore as reported in Section 3.4.

As a reference point, we report results obtained
with ChatGPT-4o14 in a few-shot setting. The model
was given instructions similar to the human annota-
tion guidelines, along with three examples to illus-
trate the expected output (cf. Appendix C.2). In the
following, we refer to this model as ChatGPT.

5.2. Results
Table 1 reports Spearman’s ρ correlation scores
across approaches. Overall, the correlations
range from weak to moderate, indicating that
ComposiGen is a challenging dataset. Except for
FLAVA, all models perform better on modifier rat-
ings (column Mod) than on head ratings (column
Head).

Among the unimodal feature-based models,
Skip-gram performs best.15 Almost all multi-
modal feature-fusion models and image-only ViT
perform worse than text-only Skip-gram. Late
fusion, in contrast, which simply combines the
unimodal predictions of ViT and Skip-gram,
achieves the best overall performance on both mod-
ifier and head, with correlations of 0.5 and 0.41, re-
spectively. This shows that, first, ComposiGen’s

14Via the free web version on 27 August 2025.
15We tested also other unimodal models, BERT (Devlin

et al., 2019), FastText (Bojanowski et al., 2017), ResNet
(He et al., 2016), but their results were worse.
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Modifier Generated images and scores for “[modifier] cake”

fruit
strength σ:
image:

VQAScore:

[initial]

—

0.8

0.673

0.82

0.661

0.84

0.855

0.86

0.427

0.88

0.815

0.9

0.875

0.92

0.832

0.94

0.876

0.96

0.961

0.98

0.938

1.0

0.938

rice
strength σ:
image:

VQAScore:

[initial]

—

0.8

0.661

0.82

0.798

0.84

0.919

0.86

0.638

0.88

0.807

0.9

0.927

0.92

0.869

0.94

0.759

0.96

0.882

0.98

0.909

1.0

0.951

Figure 7: Example images generated in h2i-setup with different denoising strength values for compounds
with “cake” as head constituent.

Set Skip-gram ViT late fusion
Mod Head Mod Head Mod Head

All 0.46 0.39 0.30 0.24 0.50 0.41

AA 0.25 −0.16 0.00 0.01 0.11 −0.15
AC 0.32 0.48 0.04 0.42 0.33 0.54
CA 0.48 −0.24 0.20 −0.13 0.50 −0.25
CC 0.50 0.48 0.41 0.20 0.54 0.48

Table 2: Spearman’s ρ for selected feature-based
approaches and considering concreteness-driven
subsets of target compounds. Cells in green show
improvements over the All setting.

images contain valuable information for composi-
tionality prediction that visual encoders can at least
partially capture; and second, multimodal informa-
tion can enhance performance over unimodal fea-
tures. The latter is consistent with Kurtyigit et al.’s
(2025) late fusion results on compositionality pre-
diction. Our results, however, underscore that ef-
fective integration of the two modalities is essential
to fully exploit their complementary strengths.

Text-only ChatGPT performs on par with late
fusion for head ratings, but, notably, worse than
Skip-gram on modifiers. Kurtyigit et al. (2025)
report a higher performance of ChatGPT on Reddy
et al.’s (2011) dataset (0.74 for modifier and 0.74
for head ratings). A reason for this difference could
be that ComposiGen is more challenging, or that
Reddy et al.’s (2011) data may have been part of
ChatGPT’s training data, facilitating compositional-
ity prediction on their target words.

Finally, our denoising approach performs
poorly, with correlations of 0.11 for modifiers and
0.03 for heads. Contrary to our hypothesis that de-
noising strength can serve as a direct predictor of
compositionality, our results suggest that this as-
sumption does not hold in practice, at least not in
the way implemented here. We explored several
potential reasons for this weak performance: First,
the approach depends on the quality and variability

of the generated compound images. The choice
of range and step size for denoising strength influ-
ences the resulting perturbations, and restricting
the values to the empirically viable range of 0.8
to 1.0 may not have been sufficient to generate
images that elicit meaningful compositional differ-
ences. However, replicating the experiments with
SDXL (Podell et al., 2024) yielded comparable re-
sults, suggesting that the issue is not tied to a sin-
gle image-to-image generation model. Second,
the reliance on VQAScore may be insufficient for
assessing compositional structure across different
denoising strength values. Additional experiments
using CLIPScore (Hessel et al., 2021) as alterna-
tive metric for selecting the best compound image
from a sequence of generated images showed sim-
ilarly weak effects. Determining the exact cause
would require including human supervision into the
compound image selection process. More funda-
mentally, the poor results may reflect that our use of
denoising strength does not express composition-
ality in a sufficient manner to function as a reliable
predictor.

5.3. Analysis
Our novel ComposiGen dataset offers an in-depth
analysis of the compositionality of noun-noun com-
pounds in terms of varying concreteness levels of
the constituents, and how, given an individual head
constituent, varying modifiers drive the visual
transformation process from head to compounds.
We conduct our analyses below with the unimodal
and multimodal models that performed best in our
experiments (Section 5.2), i.e., Skip-gram, ViT,
and late fusion. Figure 6 shows their compo-
sitionality predictions for the example in Figure 2.

Concreteness Categories. Recall that we
grouped the compounds in ComposiGen into the
four concreteness categories AA, AC, CA, and
CC (Section 3.3). Table 2 reports the correlation
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values on these compound subsets (rows AA–CC).
For comparison, row All repeats the performance
on the entire set of compounds from Table 1. Note
that the number of compounds within the subsets
varies, each being considerably smaller than the
entire set. Cells highlighted in green indicate
correlation values exceeding the All setting. These
improvements are statistically significant (p < 0.01),
whereas correlations that do not exceed the All
setting are generally not statistically significant.
The comparison of the results between the AA
and CC subsets to All strongly indicates that
compositionality of fully concrete compounds is
easier to predict than that of fully abstract ones;
this applies to both the textual and the visual
modalities, except ViT on Head. Image-only ViT
fails to account for human ratings on both, abstract
head and modifier constituents (the best score is
0.04 on Mod), suggesting that abstract concepts
cannot be sufficiently captured by a single image
(cf. Section 3.4). Interestingly, however, on both
subsets of abstract head constituents (rows AA
and CA) we observe a negative correlation across
nearly all models for the head ratings, including
text-only Skip-gram. This suggests that abstract
heads systematically pose a challenge for models
in encoding compositionality, and that the difficulty
of accurately depicting abstract concepts does
not fully explain this. Due to the overall weak
performance of the parameter-based approach, we
did not perform a subset analysis in this setting. It
therefore remains unclear whether the higher corre-
lations observed for compounds including concrete
constituents would generalize to parameter-based
compositionality predictions. One possibility is
that concrete constituent images allow for more
targeted changes into compound images, whereas
abstract constituent images might require fewer
content modifications in general. This question
remains for future investigation.

Modifier Variation. Another key property of the
ComposiGen dataset is that each head combines
with multiple modifiers to form various compounds
(e.g., the head cake is combined with rice or cup as
modifiers). This property provides insights when
analyzing the image sequences in ComposiGen
(cf. Section 4.2), as it allows us to trace how an
initial constituent image evolves into a compound
image, revealing how the head constituent guides
compound formation. Specifically, we can directly
compare image sequences sharing the same head
to examine how the generated images deviate from
this head in dependence of different modifiers.

Figure 7 illustrates this with an example of fruit
cake and rice cake. Across both compounds, we
observe that with denoising strengths up to 0.88
the generated images largely resemble the con-

stituent image, without yet depicting the compound.
For fruit cake this resemblance persists even up
to σ0.9 and no unexpected changes occur across
the different denoising strength values. Contrary to
our expectation that the fruits from the initial image
would remain in the compound image, they disap-
pear as well when using σ0.92 and higher values. In
the case of rice cake, changes are visible already at
early steps (e.g. σ0.84), where rice grains become
apparent. A particularly large shift occurs between
σ0.96 and σ0.98, though the reason for this abrupt
change is unclear given the preceding sequence.

6. Conclusion

We introduced ComposiGen, a novel, structured
multimodal dataset with constituent-specific human-
elicited compositionality ratings of compounds
paired with images of the compounds and their con-
stituents. Our experiments showed that images, in
particular in combination with text, provide valu-
able information to predict the degree of compo-
sitionality of compounds. However, the choice of
feature representations and the way of their combi-
nation is crucial — simple but specifically trained
Skip-gram as well as simple late fusion out-
performed state-of-the-art multimodal transformer
models.

A novel method that uses denoising strength in
text-guided constituent-to-compound image gener-
ation as direct compositionality predictor resulted
in very weak correlations. This suggests that de-
noising strength is not a reliable indicator of com-
positionality, or that VQAScore may not have been
effective for strength value selection. To determine
the exact cause for that as well as for the underper-
formance of transformer-based models, further re-
search towards more effective methods is needed.

The new ComposiGen dataset provides a rich
resource for that purpose. Its coverage of varying
concreteness levels furthermore allows for system-
atic analysis of factors influencing compositionality,
and it supports exploration of how constituent im-
ages transform into compound images.

Limitations

Our approach is constrained by the choice of mod-
els, reliance on single representations, and simpli-
fication to one sense per constituent. Additionally,
we retain all data for our experiments without out-
lier removal and our approach has not yet been
applied to sets of compounds from other datasets.
Addressing these aspects could further validate
and extend our findings.
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A. Human Annotation Studies

A.1. Human Judgments on Compositionality Ratings
For the 200 compounds in ComposiGen, we asked fifteen human annotators to evaluate the extent to
which the overall meaning of a compound can be related to the meaning of each of its constituents on a
scale from 0 (= not compositional) to 5 (= compositional). Figure 8 provides the guidelines that we used
to instruct the annotators, and Figure 9 shows an example item.

Compositionality of English compound nouns
Task: Evaluate the extent to which the overall meaning of a compound noun can be related to the
meanings of its parts.
Examples:

• The meaning of search engine is related to the meanings of search and engine.
• The meaning of blackmail is not related to the meanings of black or mail.
• The meaning of strawberry is not related to the meaning of straw, but it is related to the

meaning of berry.

Compositionality can be perceived differently. Therefore, please rate the degree of compositionality
of a compound noun on the given scale.
Please note that there are two ratings because each compound noun consists of two parts. Please
answer both ratings for every given word.
For each compound noun, there is a section where you can optionally add any personal comments
about your rating.
Important information:

• Only for native English speakers.
• Please rate all 28 words on both of their parts.
• We are interested in your subjective opinion. Please decide spontaneously on a value on

the scale.
• Please read all text thoroughly. Some ratings are designed to verify your attention to the

task; please select the specified option when prompted. Failure to do so will result in the
rejection of your submission.

Figure 8: Guidelines for the human annotators for rating the compositionality of compounds with respect
to their constituents.

Figure 9: Example question asking for compositionality judgments on art critic.



9334

A.2. Human Judgments on Image–Text Alignment
For the 372 instances in ComposiGen comprising a target word (consituent or compound) and its generated
image (cf. Section 3.4), we asked three human annotators to rate how well the image aligns with the word
on a scale from 0 (= not at all) to 4 (= perfectly). Figure 10 provides the guidelines that we used to instruct
the annotators, and Figure 11 shows an example item. Each questionnaire contained 35 items, 31 items
of ComposiGen, and 4 attention checks (i.e., 12 questionnaires in total). The annotators were recruited
through the Prolific platform and were compensated with an average award of £11/hour. They were not
permitted to complete more than one task.

Word–Image Correspondence
Task Instruction:
You will be shown 35 items, each consisting of a question along with an image. Your task is to
judge how well the image depicts the given word mentioned in the question.

Steps:
1. Identify the target word by reading the question.
2. Review the image.
3. Select an option on the scale from 0 (= image depicts word not at all) to 4 (= image depicts

word perfectly).

Quality check:
To ensure the quality of the responses, some instances are designed to serve as control checks,
with exactly one correct answer. In these instances, please select the option specified in the
question. Please note that if you fail to correctly select the specified options, your entire submission
will be rejected and you won’t receive any payment.

Purpose of the task:
Your responses will be used in a research study.

Important information:
• Only for native English speakers.
• Please evaluate all 35 images. Submitting an incomplete questionnaire will result in the

rejection of your submission.
• We are interested in your subjective opinion. Try not to overthink your answer. Please decide

spontaneously on a value on the scale.
• Please read all questions thoroughly . Failure to quality checks will result in the rejection of

your submission.
• Feel free to quit at any time without giving a reason (note that you won’t be paid in this case).

Figure 10: Guidelines for the human annotators for rating image–text alignment.

Alignment Ratings. The annotation results are represented in Table 3. The average rating across the
mean human ratings for each of the 372 items is 2.48 (and a standard deviation of 0.77), so overall the
generated images align very well with the constituents/compounds.



9335

Figure 11: Example question asking for image–text alignment judgments on room service.

Category Human ↑ VQAScore ↑ Correlation ↑ Count
(0-4) (0-1) ρ

Compound 2.61 (.78) 0.864 (.18) 0.64 200
Head 1.98 (.58) 0.859 (.19) 0.63 23
Modifier 2.36 (.78) 0.879 (.17) 0.71 136
Head/Modifier 2.51 (.74) 0.878 (.20) 0.85 13
CC 2.99 (.71) 0.904 (.14) 0.52 107
CA 2.35 (1.0) 0.829 (.21) 0.80 28
AC 2.25 (.74) 0.830 (.19) 0.57 49
AA 1.69 (.97) 0.758 (.25) (0.42) 16
C 2.67 (.74) 0.889 (.17) 0.69 121
A 1.49 (.79) 0.844 (.18) 0.50 51
Mean 2.48 (.77) 0.87 (.18) 0.66 372

Table 3: Image-Text Alignment: Human mean ratings and VQAScores across word categories (compound
or constituent; Head/Modifier: constituent tokens that appear as both, head and modifier, e.g., dog))
and concreteness categories C(oncrete) and A(bstract) for compounds and constituents. Numbers in
parentheses denote standard deviation. ρ: Spearman’s rank correlation coefficient between human ratings
and VQAScores. All correlations are statistically significant (p < 0.005) except for AA. Count: Distribution
of image–text pairs across categories in ComposiGen.
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B. Prompting ChatGPT for Noun Definitions

For each constituent and compound of ComposiGen we generated noun definitions using ChatGPT.
The instructional prompt we used is listed in Figure 12. Following this instructional prompt, the model
was sequentially prompted for compound and constituent noun definitions, within a single session. The
generated outputs are available in our repository.

Hi! You are an intelligent machine, generating prompts that are suitable inputs for image generation
models. In order to generate good images, it is necessary to have prompts with a fine-grained level
of detail that are of high quality. You are the expert for generating such image generation prompts!
I will provide you with a list of targets. Those can be unigrams or bigrams. Every target is written
in a separate line. !!! Your task is to first understand the targets, and then to list three different
noun definitions of this target you consider suitable as image generation prompt !!! The definition
prompts can consist of tags or natural language sentences. They should span a maximum of 75
tokens each. Every prompt should be highly informative on itself. Don’t include duplicate prompts,
the three definition prompts should differ from each other. Please list the definition prompts as if
writing to a txt-file. Please refer to the example below for the desired format.
———– Example: my input ———–
couch potato
couch
potato
...
———– Example: your output ——–
Definitions for "couch potato":

1. ‘A person who spends a significant amount of time sitting or lying down, typically watching
television or engaging in sedentary activities.‘

2. ‘A term describing someone who leads a sedentary lifestyle, preferring indoor activities such
as watching TV or playing video games.‘

3. ‘An informal term for a person who is inactive or lazy, often spending leisure time on a couch
or sofa.‘

Definitions for "couch":
1. ‘A piece of furniture designed for seating two or more people, typically with a back and

armrests.‘
2. ‘A long upholstered piece of furniture for reclining or sitting, often found in living rooms or

lounges.‘
3. ‘A sofa or settee, usually with cushions and upholstered arms and back, used for relaxation or

casual seating.‘

Definitions for "potato":
1. ‘An edible tuber that is a staple food in many cultures, typically underground and harvested

from the Solanum tuberosum plant.‘
2. ‘A starchy vegetable with a variety of culinary uses, such as boiling, baking, frying, or mashing.‘
3. ‘The plant itself, Solanum tuberosum, which belongs to the nightshade family and produces

tubers that vary in size, shape, and color.‘

...
Please let me know if we can start or if you have questions that need further clarification!

Figure 12: Prompt for generating noun definitions using ChatGPT.
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C. Compositionality Prediction Approaches

C.1. Fusion of Text and Vision
In our early fusion approach we experiment with combining text and image embeddings into one
multimodal representation using concatenation, mean-pooling, or a weighted aggregation with weighting
factor α. Figure 13 shows the influence of the chosen combination method on the compositionality
prediction task.
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Figure 13: Spearman’s ρ for different early fusion combinations of text and vision embeddings.

For our late fusion approach we combine text-based and image-based compositionality predictions
using a weighting factor β. Figure 14 illustrates the effect of varying β on the compositionality prediction
task.
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Figure 14: Spearman’s ρ for different late fusion combinations of text and vision compositionality predic-
tions.
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C.2. Prompting ChatGPT for Compositionality Ratings
The instructional prompt for generating compositionality ratings with ChatGPT is shown in Figure 15.
Following this instructional prompt, the model was sequentially prompted for all ComposiGen’s compounds
to provide compositionality ratings with respect to the head and the modifier, within a single session. The
generated outputs are available in our repository.

Hi! You are an expert annotator for linguistic tasks. This time your task involves complex English
expressions, in particular noun-noun compounds. Your task is to evaluate the extent to which the
overall meaning of a compound can be related to the meaning of its parts. Here are some example
compounds with different degrees of compositionality:

• The meaning of search engine is related to the meanings of search and engine.
• The meaning of blackmail is not related to the meanings of black or mail.
• The meaning of strawberry is not related to the meaning of straw, but it is related to the

meaning of berry.

I will provide you with a list of noun-noun compounds. Every compound is written in a separate line.
Its constituents are separated with whitespace. !!! Your task is to understand the meaning of the
compound as well as the meanings of its constituents and then to provide constituent-specific ratings
on compositionality. !!! The compositionality ratings should be on a scale between 0 (definitely
opaque, i.e. low compositionality) and 5 (definitely transparent, i.e. high compositionality). Feel
free to use the whole range. For each compound you are expected to provide two compositionality
ratings: one with respect to the first constituent and one with respect to the second constituent.
Please provide the ratings in the format “compound,constituent,rating”, using a separate line for
each compound-constituent combination, as if writing to a txt-file. Please refer to the example
below for the desired format.
———– Example: my input ———–
flea market
spelling bee
graduate student
...
———– Example: your output ——–
flea market,flea,0.379
flea market,market,4.714
spelling bee,spelling,4.815
spelling bee,bee,0.517
graduate student,graduate,4.700
graduate student,student,5.000
...
Please let me know if we can start or if you have questions that need further clarification!

Figure 15: Prompt for collecting compositionality ratings using ChatGPT.
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