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ABSTRACT

An open question across machine learning, neuroscience and cognitive science is
whether current foundation models, in particular vision-language models (VLMs),
learn representations that reflect human-like compositional processing. While
linguistic compositionality is well-studied, the extent to which visual structural
compositionality emerges in vision models remains under-explored. Here, we
present a representational alignment probing framework that maps VLM embed-
dings to graph properties derived from human-annotated scene graphs in images
and linguistic structures in text. Evaluating CLIP and several of its variants, we
observe differences in alignment: While text encoders reliably reflect structural
graph properties, vision encoders show limited alignment with visual relational
structure. We then propose the GraphCLIP model architecture to more explic-
itly incorporate visual structural signal, but found no substantial performance im-
provements on our structural probing tasks.

1 INTRODUCTION

Despite substantial performance improvements on various tasks in recent years, it is not yet clear
whether large language models (LLMs), and their multimodal counterparts, such as vision-language
models (VLMs), form representations that reflect our human perception of the world. In particular,
there is ongoing debate about whether compositionality (i.e., the ability to create new meaning from
a complex expression based on the meaning of its individual parts and its combinatorial structure
(Pelletier} {1994} |Szabd, 2022)) naturally emerges from such model representations or not (Lake &
Baroni| 2023} [Lepori et al.| [2023; [Nichani et al.| [2024; [Song et al., 2025} (Coopmans et al., 2022}
Thomm et al.| [2024; Dziri et al., 2023 |Greff et al., [2020). By examining how compositional struc-
tures are encoded in models versus how they are interpreted by humans, one can not only identify
where models do or do not align with human-like representational geometries, but also steer models’
downstream behavior by explicitly incorporating such structural representations (Sucholutsky et al.,
2025). Direct probes for compositional structures have been primarily applied to language mod-
els (Rogers et al., [2020; |Arps et al.l 2022), whereas most multimodal compositional probes have
been performed more indirectly in the form of visual question answering or text-image matching
tasks (Johnson et al.} 2017} [Thrush et al., [2022). This disparity may be largely attributed to existing
well-defined linguistic structures such as dependency parse trees or Abstract Meaning Representa-
tion (AMR) graphs (i.e., graph structures that relate semantic roles and their interactions (Banarescu
et al.,|2013)), whereas similar structures tend to be less established in vision. However, scene graphs
comprising humans or objects and relationships between them (Chang et al.,|2023) provide an anal-
ogous framework to study the same phenomenon in vision.

Therefore, we leverage human scene graph annotations from the Visual Genome (VG) (Krishna
et al.,2017) and Contrastive Language-Image Pretraining (CLIP)-based VLM representations (Rad-
ford et al., [2021)) to address the following two research questions: (1) Is visual structural composi-
tionality emergent in VLM representations to the same extent as textual compositionality? And, (2)
can additional visual structural compositional signal in VLMs improve compositionality in VLM
representations? By introducing novel probing tasks targeted at testing structural compositionality
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specifically within vision encoders of VLMs, we present evidence that (1) visual structural composi-
tionality does not appear to emerge in the same human-like manner in vision as it does in language.
However, (2) incorporating additional structural compositional signal in VLM representations within
our proposed GraphCLIP model does not yield substantial performance gains on the probing tasks.
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Figure 1: Probing setting. To examine structural compositionality, we first leverage text-image
pairs to derive three different types of scene graphs from images, and two graph types from the
matching text. Then, by passing the text and images through the CLIP-based text- and image en-
coders, respectively, we set up three probing tasks for each input type and each associated graph type.
The example shown in this figure is simplified, both image and text graphs can have a substantially
higher number of nodes and edges. The edge “jumping over” is included in both the action-based
and spatial scene graphs, as it includes both an action (jumping) and a spatial relation (over). AMR,
Abstract Meaning Representation.

2 RELATED WORK

Existing probing frameworks have provided evidence for emergent linguistic structures in language
models by mapping transformer-based representations onto dependency parse trees (Hewitt & Man-
ning}, | 2019; Rogers et al.| [2020; |Diego-Simon et al.l |2024). While single elements of language (e.g.,
words) are connected through clear and discrete structures, visual elements like objects are often
perceived as collections of separate, disconnected fragments. However, findings in cognitive sci-
ence suggest that human vision relies on hierarchical and often action-centered structures similar to
linguistic syntax (Vo,[2021; [Hafri & Firestone, 2021 Bartnik & Groen,|2023)). While previous work
on vision transformers has examined how hierarchical or spatial structures may emerge from asso-
ciations across different image patches (Fan et al.l 2021} [Jelassi et al.l [2022), our study leverages
human annotations on objects and their relationships in the form of scene graphs (Krishna et al.,
2017) to probe visual structures in a manner that aligns more with linguistic structures and human
cognition.

The introduction of benchmarks targeted at testing multimodal compositional processing such as
Winoground (Thrush et al.| [2022)), Compositional REPresentation Evaluation (CREPE) (Ma et al.
2023)) and SugarCREPE(++) (Hsieh et al., 2023 [Dumpala et al., 2024) have highlighted that VLMs
such as CLIP often fail to distinguish between similar text-image pairs with subtle differences in
attribute binding (e.g., plants surrounding a light bulb versus a light bulb surrounding plants (Thrush
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et al.}2022))). CLIP variants such as Structure-CLIP (Huang et al., |2024), TripletCLIP (Patel et al.,
2024])), LaCLIP (Fan et al., 2023), HyCoCLIP (Pal et al.,2025) and SigL.IP (Zhai et al.,2023) aim to
overcome this shortcoming, mainly by using or augmenting data with subtle differences in attribute
binding to generate harder input examples for the models’ the contrastive learning objective, result-
ing in improved benchmark performances. Nevertheless, by design, the aforementioned benchmarks
focus on downstream tasks and hence present an indirect measure of the presence of compositional
structure in VLMs. In contrast, our study aims at testing whether such structure is intrinsically
present in vision encoders within CLIP and its variants.

3 METHODS

To investigate whether visual structural compositionality is emergent in VLM representations to
the same extent as textual compositionality, we perform our experiments on parallel text-image
data (see Figure[I)). For each pair, we derive dependency parse trees and AMR graphs for text, and
complete, spatial, and action-based scene graphs for images. Because compositional representations
are based on their number of constituents, their relations, and resulting hierarchical depth, the linear
decodability of these graph properties from VLM embeddings is serving as a probe of structural
compositionality. Here, we focus on VLMs rather than on separate language and vision models,
since their shared embedding space enables a more stringent cross-modal comparison of structural
compositionality. Qualitative examples of the included tested graph structures are shown in Figure

([ and [T1l

Data We base our probing tasks on a subset of overlapping entries of human-annotated scene
graphs in the VG (Krishna et al} |2017) and captions in the Common Objects in Context (COCO)
(Lin et al.l 2014) dataset (28, 459 images with ~ 5 captions each = 142, 371 text-image pairs). VG
scene graphs were created based on images alone, without exposure to captions, using free-form
object labels, attributes, and pairwise relationships, with multiple human annotations per image
merged via normalization and canonicalization. We withhold the remaining overlapping VG-COCO
entries (115, 212 text-image pairs, 23, 039 images) to pre-train our proposed GraphCLIP variant (see
below). To subsequently derive properties that reflect either textual or visual structural composition-
ality, we leverage a variety of different graph structures using either the text or image within each
text-image pair.

For images, we start from the complete scene graph provided in the VG metadata and apply two
filters to the nodes and edges in the complete scene graphs to derive two additional types of scene
graphs that are focused on spatial relationships and actions, respectively (see Figure[T1). With respect
to spatial scene graphs, we only include edges that contain prepositions, and nodes connected by
such edges. Analogously, for action-based scene graphs, we filter by edges that describe actions
(using by a fixed set of visual action verbs defined in the COCO-actions dataset (Ronchi & Peronal
2015))) and nodes connected by them. Both spatial and action-based scene graphs are therefore
subsets of complete scene graphs, but not necessarily subsets of one another. Next, for text, we
derive dependency parse trees and AMR graphs using the spacy and the amrlib python library based
on the AMRBart model (Bai et al., [2022), respectively (see Figure [Tii). The resulting distribution
of the (a) number of nodes, (b) number of edges and (c) depth for the resulting graphs of the five
different graph structures is shown in Figure [AT] Excluding graphs without any edges, we obtain a
total of 142,359 AMR graphs, 142, 371 dependency parse trees, and 137,960, 100, 328 and 28, 309
for the complete, spatial and action-based scene graphs, respectively.

Baseline Models To test how textual and visual structural compositionality emerges in different
VLMs, we include a total of five baselinesﬂ Using CLIP (Radford et al. [2021)) as a reference
model, we first test various pre-existing CLIP variants that augment either text, images, or both in
their training objectives. More specifically, our rationale for choosing CLIP-based models is their
shared architecture and pre-training paradigm, enabling controlled comparisons in which observed
differences can be attributed to specific changes to the common backbone. For instance, SigLIP-2
(Tschannen et al., [2025) uses grounded captioning, self-distillation and masked prediction to recon-
struct missing image parts and align local image patches with global scene context, in addition to the
sigmoidal loss proposed in the previous SigL.IP model (Zhai et al.||2023). Conversely, LaCLIP (Fan

!Since the pre-trained model was unavailable for Structure-CLIP, it was not included.
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et al.l 2023)) focuses on augmentations of text data through synthetic rewrites of image captions.
TripletCLIP (Patel et al., 2024) refines text augmentations by generating hard negative captions that
closely resemble the original captions but do not match the original images, and further generates
hard negative images based on the hard negative captions. Lastly, HyCoCLIP (Pal et al., [2025)
projects embeddings from Euclidean into hyperbolic space with an added entailment cone loss ob-
jective to enforce hierarchical part-whole relations between image regions and the whole image. To
keep the CLIP variants comparable, the base model size is consistent for all tested models.

GraphCLIP To examine the effect of explicitly incorporating representations of visual structure
into a CLIP-like model beyond the tested pre-existing CLIP variants, we propose GraphCLIP, which
integrates Graphormer (Ying et al., 2021) representations alongside the CLIP (base model size)
backbone. As a first step, we independently pre-train three Graphormer backbones, specific to
spatial, action-based and complete scene graphs, (number of layers L = 6, embedding dimension
d = 512) using a graph contrastive learning (GCL) objective implemented in PyGCL (Zhu et al.,
2021) on 56, 579 VG examples that do not overlap with COCO data. Each model is trained for 2, 500
steps with a batch size of b = 2048 and a learning rate of I = 3e—4 with linear decay to zero. Then,
we train three GraphCLIP model variants by combining the pre-trained base CLIP and respective
pre-trained Graphormer backbones and further train on the combined text, image and scene graph
data from the withheld VG-COCO overlap data. Again, the scene graph data is specific to the
employed graph type (action-based, spatial or complete scene graphs). We employ the following
extended CLIP contrastive loss, with sim denoting cosine similarity, and x;, z; denoting image and
graph embeddings, respectively:

1
L= ([/lexlﬂlmage + Elmage%lexl + »Coraphalmage + [Ilmageaglaph)

exp(sim(z;, z;)/T)
ﬁglaph%lmage — N Zl
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We train GraphCLIP for 2,500 steps with b = 512 and a linearly decaying Ir = 3e — 4, and a
dropout rate of 0.1. To ensure stable multi-modal alignment, we use a custom curriculum, which
freezes the CLIP image and text backbones for the first half of the total number of training steps,
and then gradually unfreezes them layer per layer for the remaining steps.

Linear Probing To quantify the extent to which VLM representations encode structural composi-
tional information, we employ linear probing. i.e., linear models that learn to predict graph proper-
ties from VLM embeddings. Although compositional generalization requires mechanisms beyond
representation alone, models that generalize compositionally rely on representations of structural
primitives (Andreas, [2019). Linear probing tasks of structural graph properties thus allow us to di-
rectly examine whether the tested representations contain this necessary information. For each of
the five graph types, we defined three regression tasks (see Figure [Tiii): (a) predicting the number
of nodes, reflecting compositional breadth, (b) predicting the number of edges, which captures rela-
tional density, and (c) predicting the depth (longest shortest path between any two nodes, as not all
text or image graphs are necessarily also trees), which reflects hierarchical structure. For each VLM,
we first extract frozen text and image embeddings by passing the input text and images through their
respective encoders, then train ridge regression models to predict each property. Crucially, we match
the embedding modality to the graph input type: text embeddings are probed for text-derived graphs,
while image embeddings are probed for image-derived graphs, allowing for a direct comparison of
how textual versus visual structural compositionality emerges in VLM representations. For evalu-
ation, we use nested cross-validation: an outer 5-fold cross-validation for performance evaluation
(80% train, 20% validation per fold) and an inner 5-fold cross-validation for hyperparameter selec-
tion, namely the regularization strength o € {1073,1072,...,10%}. We report the coefficient of
determination (R2) averaged across the five outer folds and its standard deviation.

4 RESULTS

Figure[2i|and2ii] show the differences in performances between text- and i image- -based probing tasks,
respectively. Here, the R? score reflects how well the embeddings of a given model encode a given
graph property, where R? = 1 indicates perfect linear predictability and R? = 0 indicates the
property is not linearly accessible. While text-based probes yield higher overall performances, the
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Figure 2: Probing for Graph Structural Properties. We report the coefficient of determination
(R?) for ridge regression models trained to predict (a) node count, (b) edge count, and (c) graph
depth from text and vision encoders. Error bars indicate standard deviation across cross-validation
folds. AMR: Abstract Meaning Representation.

relative rankings of model performances for text-based probing tasks differ from the relative rank-
ings for image-based probing tasks. For instance, on the text-based probing tasks, LaCLIP (shown
in purple in Figure [2i) consistently outperforms all other CLIP variants. All other CLIP variants, in-
cluding the proposed GraphCLIP models, performed either on par or worse than the CLIP baseline
on the text-based probing tasks. Moreover, dependency parse tree-based graph properties gener-
ally yielded higher probing performances compared to AMR-based graph properties. Conversely,
for image-based probes, SigLIP-2 (shown in dark blue in Figure stands out as the only model
to outperform the CLIP baseline. The GraphCLIP models did not yield substantial performance
improvements compared to the reference CLIP model, though the GraphCLIP model based on com-
plete scene graphs performed slightly better than the spatial and action-based variants. Regarding
the probes, across different image-based graph types (i.e., complete, spatial or action-based scene
graphs), properties of action-based scene graphs yielded higher performances compared to spatial
or complete scene graphs, which led to near-zero performances in some instances (see Figure
middle two panels). Across both text and image modalities, and consistently across models, probing
for the number of nodes and edges results in overall higher R? scores compared to probing for the
graph depth.

5 DISCUSSION

Overall, our findings reveal differences in relative model performance rankings across modalities
(see Figure2), suggesting that the encoding of structural compositionality may be decoupled across
encoders. This discrepancy might indicate a fundamental difference in the processing of compo-
sitional structure in text and image encoders, or it may reflect the characteristics of the underlying
data representations (dependency/AMR trees versus scene graphs), despite our intention to create
analogous probing tasks. Importantly, while AMR graphs and dependency parse trees were derived
from automated parsers, the employed scene graphs for images were constructed from human an-
notations, which could have introduced some degree of ambiguity. Even within a given modality,
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different graph types results in different probing task performances. Across models, textual prob-
ing tasks constructed from dependency parse trees resulted in higher R? scores compared to AMR
graphs, suggesting that text encoders might capture surface-level syntax more reliably than abstract
semantic features. For image-based probing tasks, action-based scene graphs yielded consistently
higher R? scores compared to the other tested scene graph types, which can possibly be attributed to
the high salience of visual actions in natural scenes. Moreover, the incorporation of explicit visual
structural information within our proposed GraphCLIP model variants does not result in substantial
performance improvements over the CLIP baseline. Across both modalities, the counts of nodes
and edges might be more explicitly represented than compositional depth, reflected in consistently
higher R? scores. This result suggests that while VLMs may successfully identify the presence
and quantity of entities or relations, their embeddings may represent concepts in a flat rather than
nested manner, and the deeper hierarchical organization of these elements may remain insufficiently
represented.

One possible interpretation of our findings is that vision encoders (including our proposed Graph-
CLIP variants) may fail to encode the visual compositional structure defined by human-annotated
scene graphs, possibly because they are constrained by the contrastive learning-based training objec-
tive; the effective incorporation of visual structural compositionality thus remains an open problem.
Alternatively, the differences in relative model performance rankings across text- and image-based
probes may instead reflect the fundamentally different roles of compositionality across modalities:
Whereas linguistic meaning is tied to formal syntax, visual information may rely less on explicit
compositional priors, and the ability of a given model to encode structure in one modality might
not necessarily translate to the other. More specifically, SigLIP-2 is the only model to show sub-
stantial gains over the CLIP baseline in vision, possibly due to its reconstruction-based training
objective focusing on connecting local and global contexts, suggesting that representational align-
ment may be learned locally (e.g., aligning specific image patches with specific graph properties).
Conversely, LaCLIP yields the highest R? scores for text-based probes, potentially improving its
linguistic structural representations through the use of synthetic augmentations. Finally, future work
should systematically investigate non-linear probing settings as well as the effect of training data
size, number of training steps and model size on probing task performances. Further, comparing
probing task to downstream benchmark performances and incorporating human neural data may
help to provide an additional reference for evaluating visual compositional structure.
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6 APPENDIX
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Figure Al: Probe target variable distribution. For each of the five defined graph types, this figure
shows the distribution of the (a) number of nodes, (b) number of edges and (c) depth (longest shortest
distance between any two nodes), respectively. Note that for a given text-image pair, the number of
nodes (or edges or depth) in the image-based graphs do not necessarily correlate to the number of
nodes (or edges or depth) in the text-based graphs.
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