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Abstract

Recent advancements in computer vision have highlighted
the scalability of Vision Transformers (ViTs) across various
tasks, yet challenges remain in balancing adaptability, com-
putational efficiency, and the ability to model higher-order
relationships. Vision Graph Neural Networks (ViGs) offer an
alternative by leveraging graph-based methodologies but are
hindered by the computational bottlenecks of clustering algo-
rithms used for edge generation. To address these issues, we
propose the Hypergraph Vision Transformer (HgVT), which
incorporates a hierarchical bipartite hypergraph structure
into the vision transformer framework to capture higher-
order semantic relationships while maintaining computa-
tional efficiency. HgVT leverages population and diversity
regularization for dynamic hypergraph construction without
clustering, and expert edge pooling to enhance semantic
extraction and facilitate graph-based image retrieval. Em-
pirical results demonstrate that HgVT achieves strong per-
formance on image classification and retrieval, positioning
it as an efficient framework for semantic-based vision tasks.

1. Introduction
Computer vision has recently transitioned from the histori-
cally dominant Convolutional Neural Networks (CNNs) [20,
28, 30] to the increasingly prominent Vision Transform-
ers (ViTs), which have quickly embedded themselves as
the new de facto standard [12, 38]. This shift reflects the
broader success of transformers in natural language process-
ing [11, 54, 56] and is driven by the remarkable scalabil-
ity of ViTs across various tasks such as image classifica-
tion [53, 61], semantic segmentation [26, 63], and image
retrieval [2, 29]. While hybrid models like hierarchical at-
tention and CNN-ViT methods [18, 19, 33] aim to balance
computational load and flexibility, ViTs still struggle with
focusing on salient features rather than comprehensive im-
age understanding [2, 9, 12, 40]. This highlights the need for
methods that improve both efficiency and semantic accuracy.

Within the spectrum of novel architectures, Vision Graph
Neural Networks (ViGs) [16] and Vision Hypergraph Neural

Networks (ViHGNNs) [17] leverage graph-based topologies
to advance image processing. Unlike CNNs, which har-
ness locality and translation-invariance through densely con-
nected pixel grids and repeated convolutions, both ViTs and
ViGs represent images as sets of patches. In ViTs, each patch
acts as a vertex within a maximally connected graph, creating
semantically weak connections through self-attention. ViGs
enhance this by using clustering algorithms to detect edge
groupings and applying graph convolutions to these clusters,
forming meaningful patch relationships. ViHGNNs extend
these capabilities by employing hyperedges that capture com-
plex, higher-order relationships, enriching understanding of
the images. These methodologies are depicted in Figure 1.

While graph-based models like ViG and ViHGNN have
introduced notable advancements in visual perception, two
critical observations emerge regarding these architectures:
1. In existing vision GNN models [16, 17, 35, 36], edge fea-

tures are primarily used for basic vertex-to-vertex commu-
nication and are not integrated across successive layers: a
strategy that could enhance cumulative learning and im-
prove classification accuracy.

2. The computational complexities associated with clus-
tering algorithms used for edge generation, such as
KNN in ViG and Fuzzy C-Means in ViHGNN, pose
significant computational bottlenecks. Approaches like
MobileViG [35] and GreedyViG [36] attempt to mitigate
these challenges with static graph structures and adding
dynamic masking, but do so by trading adaptability for
efficiency, failing to achieve a well-balanced solution.

In response to limitations in existing graph-based models, we
propose the Hypergraph Vision Transformer (HgVT), which
advances the hypergraph concept with a bipartite representa-
tion where hyperedge features and image patches (vertices)
are continuously processed. Unlike traditional models that
use graph convolutions, HgVT employs structured multi-
head attention for efficient vertex-hyperedge message pass-
ing and incorporates a dynamic querying mechanism that
constructs graph structures in O(|V | · E) time complexity,
where E < |V |. This graph structure is then utilized in
attention masking to balance structural adaptability with
computational efficiency. Furthermore, HgVT integrates
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Figure 1. Comparison of Graph Structures for different methods. Showing (a) CNNs, (b) Vision Transformers, (c) ViG with a KNN clustered
GNN, (d) ViHGNN with clustered hyperedges, and (e) our proposed HgVT method. Strong group edges shown with solid lines; weak edges
with dashed lines. Hyperedges shown with shaded regions; less dominant hyperedges with gray dashed regions.

virtual elements into vertices and hyperedges, forming inter-
mediate links that create a hierarchical semantic structure,
as illustrated in Fig. 1e. Attention masking is then used to
restrict message passing, and virtual hyperedge features are
leveraged for classification. Our contributions are as follows:

• We propose the Hypergraph Vision Transformer (HgVT),
which integrates a hierarchical bipartite hypergraph struc-
ture within a vision transformer framework. Our isotropic
HgVT-Ti model achieves a Top-1 accuracy of 76.2% on
the ImageNet-1k classification task, surpassing the prior
state-of-the-art by 1.9%, demonstrating the efficacy of
hypergraph-based learning within vision transformers.

• We introduce population and diversity regularization strate-
gies that enable dynamic hypergraph structure construction
in HgVT, allowing the model to self-sparsify connections
without relying on traditional clustering techniques.

• We implement expert edge pooling, a pooling approach
that selects edges based on learned confidence scores, fa-
cilitating efficient representation pruning and graph extrac-
tion. This approach demonstrates strong semantic cluster-
ing behavior across macro-classes and achieves competi-
tive image retrieval performance compared to other feature
extractors, while maintaining a more compact model size.

2. Related Work

Vision Transformers. Vision Transformers (ViTs) proposed
by [12] and refined by [2, 38, 53] use self-attention to process
image patches as sequences, scaling to complex datasets and
tasks. Recent ViTs have reintroduced spatial hierarchies by
leveraging local attention [19, 33], integrating sparse global
summaries [68], and employing biomimetic modeling to fo-
cus on key regions within images [49]. However, current
models tend to focus on the most salient objects and patch-
level similarities, ignoring global structure. HgVT addresses
this by introducing bipartite hypergraphs to model higher-
order relationships for improved semantic understanding.

Graph-Based Vision Models and Clustering. Graph Neu-
ral Networks (GNNs), initially conceptualized by [46], have

been applied to vision tasks through Vision Graph Neural
Networks (ViGs) [16], which exhibit improved accuracy over
ViTs on common vision tasks. ViGs use graph convolutions
to model image patch relationships on a graph structure, typ-
ically constructed by iterative clustering algorithms such as
KNN and Fuzzy C-Means, which introduce computational
overhead. Recent methods avoid clustering inefficiencies
with static graph structures [35, 36], sacrificing adaptabil-
ity. HgVT instead introduces a dynamic graph construction
method, relying on cosine similarity from learned features
to enable efficient, non-iterative, adaptive clustering.

Hypergraph-Based Methods. While previously used in
many computer vision tasks [15, 23, 24], hypergraphs have
recently been incorporated into vision GNNs [17, 50], im-
proving their ability to model complex multi-way relation-
ships. However, these methods treat hypergraphs as an inter-
mediate tool rather than producing a hypergraph to represent
underlying images, preventing their use in downstream tasks.
HgVT instead iteratively refines a hypergraph through subse-
quent network layers to produce structured representations.

3. Hierarchical Hypergraphs
Graphs and Basic Notations. Graphs are powerful
mathematical tools for representing structured information,
applicable across diverse disciplines. A graph G is defined
as a pair (V, E), where V = {v1, v2, . . . , vN} is a set of
vertices, and E = {eij |(vi, vj)} is a set of directed edges.
For undirected graphs, the edges are symmetric, such that
eij=eji. Each edge eij connects a pair of vertices vi and vj ,
where vi, vj ∈ V . The adjacency matrix Â is a binary
matrix {0, 1}|V |×|V |, representing the presence (1) or ab-
sence (0) of an edge between each pair of vertices. Similarly,
an edge weight matrix can be defined as A ∈ R|V |×|V | to
quantify the strength or capacity of these connections.

Graph Convolution Networks (GCNs). Building on this
foundation, GCNs utilize vertex feature matrices X ∈ R|V |×d

to encode vertex properties. Their core mechanism, mes-
sage passing, updates vertex features through a convolution
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with a learned projection matrix W ∈ Rd×d and a non-linear
activation, guided by the adjacency matrix Â, which speci-
fies neighboring vertices. Adjacency features Xadj ∈ R|V |×da,
typically set as Xadj=X, enable dynamic updates to Â and
the edge weight matrix A, refining the graph structure
through learned interactions. However, GCNs are unable to
model multi-vertex relationships as edges in E are pairwise.

3.1. Hypergraphs and Bipartite Representations

(a) Hypergraph (b) Bipartite Form

e4e3e2e1e0

Figure 2. Comparison of (a) hypergraph and (b) equivalent bipartite
representation from Fig. 1d, showing five hyperedges (e0 – e4).

To overcome the pairwise limitation inherent in traditional
graphs, hypergraphs offer a robust solution by extending
the concept of edges to hyperedges, which connect multiple
vertices simultaneously. In a hypergraph H = (V, E), hy-
peredges ej ∈E each connect a subset of vertices, defined
as ej={vi | vi∈V and i∈Ij}, where Ij is the set of indices
for vertices that are included in hyperedge ej . The set Ij di-
rectly corresponds to the nonzero entries of the j-th column
of the incidence matrix H∈{0, 1}|V |×|E|, where Hij=1 if
vertex vi is included in the hyperedge ej . This structure cap-
tures complex relationships, making hypergraphs valuable
for modeling networked systems and group interactions.

Hypergraphs can alternatively be described using a bi-
partite representation, where the vertex set V and hyper-
edge set E form distinct groups linked by the incidence
matrix H (refer to Fig. 2). This representation results in a
new graph GB = (V, E , EB), where V represents the original
vertices of the hypergraph, and the elements in E correspond
to hyperedges. The edges in EB , denoted as ϵve= (νv, νe)
exist if Hve=1, with νv ∈ V and νe ∈ E , linking V and E .

In the bipartite graph GB , the corresponding adjacency
matrix can be simplified as Â = H for E →V interactions,
and Â = HT for V → E . Drawing on principles simi-
lar to those in ViHGNN [17], the edge weight matrix A
can be interpreted as fuzzy membership weights, enabling
graded interactions across GNN layers. Complementing this
setup, the feature matrices are split into X(V ) ∈ R|V |×dv

and X(E)∈R|E|×de , along with their correspond adjacency
feature matrices X

(V )
adj and X

(E)
adj , mirroring traditional GNNs.

3.2. Imposing Hierarchical Structure in Images
To enhance the capability of hypergraphs in image analy-
sis, we draw inspiration from the register tokens introduced
in [8], which act to summarize information that otherwise

manifests as noise in areas of low visual significance. Sim-
ilarly, this work integrates virtual vertices (vV), alongside
typical image patch vertices (iV), and introduces virtual
hyperedges (vE), alongside primary hyperedges (pE), pro-
viding levels of semantic feature aggregation and relational
abstraction. Notably, these virtual elements, illustrated in
Fig. 1e, do not correspond to specific image patches; instead,
they are learned embeddings used for semantic summariza-
tion and capturing high-level abstract information.

Our proposed hypergraph, constructed from image I
as GB(I), integrates primary and virtual sets, form-
ing V = iV ∪ vV and E = pE ∪ vE , with statically masked
communication pathways to enforce a hierarchical structure.
Primary hyperedges (pE) interact with all vertices to support
unrestricted semantic aggregation, whereas virtual hyper-
edges (vE), designated for class predictions, connect solely
with virtual vertices (vV). These restrictions separate vi-
sual and abstract information, thereby producing a graph
structure suitable for use in downstream applications.

4. A Hypergraph Vision Transformer
The Hypergraph Vision Transformer (HgVT) adapts the ar-
chitecture of standard Vision Transformers by incorporating
bipartite hypergraph features for enhanced image analysis
capabilities. Like Vision Transformers, HgVT begins with
a patch embedding layer, followed by an isotropic stack of
L× HgVT blocks, culminating in feature pooling and a clas-
sifier head. The bipartite hypergraph is represented by four
principal feature matrices – X(V ), X(V )

adj , X(E), and X
(E)
adj –

which are updated iteratively and in an interleaved fashion
within each block. Each block constructs a new adjacency
matrix A from X

(V )
adj and X

(E)
adj , enabling flexible adjustments

to the hypergraph structure. As illustrated in Fig. 3, this
modular process allows for the continuous integration and
processing of these matrices within each HgVT block.

4.1. Hyperedges as Communication Pools
Each HgVT block processes both vertex and edge infor-
mation, refining them from the previous block based on
a newly constructed graph structure. Initially, adjacency
mask computation (detailed in the next section) determines
the connectivity for the subsequent processing steps within
each block, dynamically adjusting to the updated feature
matrices from the previous block. Three attention layers –
vertex self-attention, edge aggregate attention, and edge dis-
tribution attention – operate sequentially to enhance feature
integration and facilitate effective message passing along
the hyperedges formed in the adjacency computation step.
Finally, separate feed-forward networks process vertex and
edge features independently, ensuring specialized treatment
for the two distinct sets within the bipartite hypergraph, pre-
serving the unique properties of each set. Operational details
of these components are further described in Appendix A.
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Figure 3. HgVT Architecture Diagram, composed of stacked HgVT blocks with adjacency matrix A, vertex features X(V ), and hyperedge
features X(E). Edge attention flow is shown with gray arrows; input norms and residual adds are omitted for clarity.

Hypergraph Feature Processing. Within each HgVT block,
two distinct point-wise feed-forward networks (FFNs) inde-
pendently process vertex and hyperedge features, aligning
with the bipartite structure of the hypergraph. Each FFN
integrates both the element features and their corresponding
adjacency features through a fully connected layer, improv-
ing the model’s ability to synthesize relationships. Process-
ing both feature types within the same FFN layer allows
adjacency information to be handled directly, bypassing the
need for graph-based message passing and improving com-
putational efficiency. Moreover, parameter overhead can be
reduced by optionally tying edge and vertex FFN weights.
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Figure 4. (a) Hyperedge Communication Pool Flow with edges E
and member vertices Ve; (b) Attention Sparsity (Mean and std) for
HgVT-S on the ImageNet-1k Validation set.

Hyperedges as Communication Pools. Hypergraph GNNs
typically employ a gather→scatter mechanism for process-
ing vertex-hyperedge interactions, whereas HgVT reconcep-
tualizes hyperedges as communication pools that facilitate
information flow among vertices and their associated hyper-
edges. Specifically, vertex self-attention manages vertex-
to-vertex (V → V) interactions within hyperedges, edge
aggregate attention orchestrates the flow from vertices to
hyperedges (V→E), and edge distribution attention handles
the reverse, from hyperedges back to vertices (E→V). By
segmenting the attention operations, HgVT efficiently ap-
proximates an all-to-all feature transfer within hyperedges,
as illustrated in Fig. 4a, significantly reducing the quadratic
complexity associated with full attention mechanisms.

Sparse and Fuzzy Attention. Building upon the dynamic
communication pools concept, HgVT employs both sparse
and fuzzy attention mechanisms to further optimize compu-
tational efficiency. Vertex self-attention is applied selectively
to pairs of vertices connected by common hyperedges, as
defined by the adjacency matrix Â, resulting in a sparse at-
tention pattern. As sparsity increases with network depth
– demonstrated in Fig. 4b – computational load decreases,
while still maintaining compatibility with dense attention
during training. Conversely, the edge aggregate and distri-
bution attention mechanisms utilize cross-attention between
the vertex and edge feature matrices, X(V ) and X(E), mod-
ulated by the soft adjacency matrix A. This modulation,
akin to Fuzzy C-Means in ViHGNNs [17], adjusts attention
logits based on soft memberships to the individual hyper-
edges, dynamically adapting to the hypergraph structure
and providing a mechanism for gradient flow into the adja-
cency matrix generation. Furthermore, by thresholding the
soft adjacency matrix during inference, the edge attention
mechanisms can be converted into a sparse cross-attention
mechanism, thereby reducing computational overhead.

4.2. Dynamic Adjacency Formation
HgVT dynamically establishes its hypergraph structure to
adapt to the varying semantic and spatial structures of dif-
ferent image inputs. It employs cosine similarity, akin to
query-key interactions in attention mechanisms, to evaluate
the alignment between vertex and hyperedge adjacency fea-
tures. This approach allows hyperedges to “query” vertices
for relevant features, providing a scale-invariant assessment
that emphasizes the directionality of embedding vectors. The
cosine similarity is subsequently transformed into adjacency
membership using a sharpened sigmoid function:

A = σ

(
α · X̃(V )

adj

[
X̃

(E)
adj

]T)
, X̃

(∗)
adj =

X
(∗)
adj

||X(∗)
adj||2+ϵ

(1)

Here, σ denotes the sigmoid function and α = 4 is a sharp-
ening factor, which pushes values away from zero to estab-
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lish binary-like membership values in matrix A. This soft
adjacency matrix is further thresholded to create the hard
adjacency matrix Â = [A > 0.5], which provides binary
memberships to facilitate sparse attention masking.

4.3. Architecture Scaling
Table 1. Scaling variants of our HgVT architecture. All models are
trained at 224x224 resolution, except lite variant (HgVT-Lt), trained
at 160x160. Showing count for vertices (iV , vV), hyperedges (pE ,
vE), dim for adj. (da) and features (df ), depth (L), and heads (h).

Model |iV| |vV| |pE| |vE| df + da L h Params FLOPS

HgVT-Lt 100 12 32 6 128 + 64 12 4 6.8M 0.92B
HgVT-Mi 196 16 50 8 128 + 64 9 4 5.8M 1.39B
HgVT-Ti 196 16 50 8 128 + 64 12 4 7.7M 1.80B
HgVT-S 196 16 50 8 224 + 96 14 7 23M 5.48B

HgVT adopts a hybrid scaling strategy inspired by DeiT [53]
and ViG [16], with Tab. 1 detailing the transformer scaling
hyperparameters and the vertex and edge type allocations,
including fixed capacities for non-image vertices (iV) as
proposed by ViHGNN [17]. Our scaling approach aims
to balance parameter count and FLOPs with the two main
GNN baselines, ViG and ViHGNN. We also introduce a Mini
variant (HgVT-Mi) to match DeiT-Ti’s computational profile,
which we achieve by repeating the final block twice for an
effective depth of 9; see Appendix H for details. Finally,
we include a Ti-Lite variant (HgVT-Lt) for more efficient
ablation studies under a constrained training budget.

5. Enforcing Semantic Structure
Feature matrices for virtual vertices and hyperedges, lacking
direct input-based initialization, risk converging to homoge-
neous solutions and collapsed representations. Additionally,
the dynamic adjacency calculation alone fails to naturally
promote semantic grouping, in contrast to clustering-based
approaches commonly used in vision GNNs. To address
these issues, we introduce diversity regularization, which
enforces orthogonal embeddings, and population regular-
ization, which encourages a structured, sparse hypergraph.
For enhanced semantic differentiation of virtual hyperedge
features, we further incorporate an expert-based pooling
strategy as a more robust alternative to mean pooling.

5.1. Diversity-Driven Feature Differentiation
To prevent homogenization of learned feature matrices
and to encourage distinct, semantically rich embeddings,
we implement a diversity-driven regularization approach.
This method, designed to maintain maximum orthogonality
among the embeddings of virtual vertices and hyperedges,
penalizes the absolute value of the cosine similarity between
different feature vectors, aiming for values close to zero.
By using normalized embeddings and masking off diagonal
elements to preserve self-similarity, the approach prevents

the model from converging to homogeneous solutions or
driving individual vectors towards zero magnitude. We then
individually penalize vV , E , and their adjacency features.

DL (X) =
1

2

∑
ij

(1− δij) ·
∣∣∣X̃X̃T

∣∣∣
ij
, X̃ =

X

||X||2 + ϵ
(2)

LDIV =
∑
x

DL (x) , x ∈ {X(:vV ),X
(:vV )
adj ,X(E),X

(E)
adj } (3)

Where (:vV ) represents the subset of V containing only the
virtual nodes, δij is the Kronecker delta function, ensuring
that self-similarity is not penalized, and | · |ij denotes the
element-wise absolute value, applied to calculate the penalty
for non-orthogonal relationships between embeddings.

5.2. Population Regularization: Learned Sparsity
Unlike clustering methods such as KNN or Fuzzy C-Means,
which impose fixed cluster sizes, our model’s dynamic adja-
cency calculation enables flexible and self-adjusting hyper-
edge populations. To prevent the associated risks of overly
sparse or densely connected hypergraphs, we introduce pop-
ulation regularization. This method applies penalties based
on the computed soft membership density of each hyperedge
derived from the soft adjacency matrix A, ensuring each
maintains a vertex population within appropriate bounds to
avoid overgeneralization and preserve hypergraph integrity.

Pj = 2 ·
∑
i

max(Aij − 0.5, 0) (4)

LPOP =
∑
j

max(Pj − β, 0) + max(γ − Pj , 0) (5)

Here, Pj represents a soft density estimate of vertex connec-
tions for the jth hyperedge, only considering non-zero entries
of Â. The hyperparameters β and γ set the upper and lower
density limits, ensuring that hyperedges maintain an optimal
balance of connections. Penalties are applied if Pj either
exceeds β or falls below γ, maintaining the desired sparsity
and ensuring the structural efficacy of the hypergraph.

5.3. Expert Pooling for Semantic Specialization
To effectively combine features from multiple virtual hy-
peredges for classification, our approach utilizes a method
akin to expert-choice, where each virtual hyperedge acts
as an “expert” generating a confidence score. Unlike mean
pooling, which risks collapsing distinct features into an av-
erage that may dilute individual contributions, this strategy
encourages virtual hyperedges to develop unique, seman-
tically meaningful representations. The normalized confi-
dence scores, P (e), determine the relevance of each hyper-
edge e’s contribution to the classification task.

P (e) = softmax
(
X

(:vE)
e We + be

)
(6)

Here, (:vE) denotes the subset of (E) containing only the
virtual hyperedges, and the softmax is computed across the
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expert gate set {e} after projection by W ∈ Rd×|:vE|. During
training, P (e) guides the weighted averaging of hyperedge
features before subsequent class prediction. We further ap-
ply a density loss function [3, 14] to prevent underutiliza-
tion of any single virtual hyperedge, complemented by a
cross-entropy term with label smoothing to increase expert
confidence. During inference, top-k routing combines the
most relevant hyperedges based on their confidence scores.

6. Empirical Evaluation and Performance
This section evaluates the Hypergraph Vision Transformer
using two model configurations from Tab. 1: HgVT-Ti-Lite
for targeted ablation studies and scaled variants for bench-
marking against comparable classifiers. We apply standard
augmentations from DeiT [53] using the Timm library [58],
including RandAugment [7], Mixup [64], Cutmix [60],
Random Erasing [66], and Repeated Augment [21].

Datasets. For classification in computer vision, we follow
standard practices and use the ImageNet-1k dataset [10] at a
resolution of 224x224 pixels for scaled model evaluations.
For ablation studies, we employ ImageNet-100 [51],
a 100-class subset of ImageNet-1k with images scaled
to 160x160 pixels. This selection provides a computationally
manageable dataset while maintaining sufficient class
variation and larger image sizes compared to datasets
like CIFAR-100 (32x32 pixels)[27]. Nevertheless, we find
CIFAR-100 useful for assessing the effects of regularization
on the hypergraph structure, as detailed in Appendix H.

Training Hyperparameters. Consistent with DeiT, we use
the AdamW optimizer with a weight decay of 0.05. Training
is conducted on the ImageNet-1k dataset with a batch size of
1024 for 300 epochs following DeiT. For ablations, we train
on ImageNet-100 with a batch size of 512 for with a shorter
duration of 200 epochs as proposed by [31]. Learning rates
follow a cosine-annealing schedule peaking at 1e-3 for both
datasets following scaling from DeiT. Furthermore, we omit
the use of Exponential Moving Average (EMA) due to its
minimal performance improvement (0.1% in DeiT) relative
to its overhead per training step. All models were trained
using PyTorch on NVIDIA A6000 GPUs; see Appendix I.

Evaluation Metrics. Following standard protocols, we mea-
sure the Top-1 class prediction accuracy to assess overall
performance. Additionally, we take advantage of the learned
graph structure (extracted from the last layer) on each image,
and measure: Hyperedge Entropy (HE), Intra-Cluster Sim-
ilarity (ICS), Inter-Cluster Distance (ICD), and Silhouette
Score (SIL) [45]; further details on structure in Appendix C.

6.1. Evaluation on ImageNet
Tab. 2 presents the ImageNet-1k Top-1 accuracy of HgVT,
benchmarked against isotropic models. We limit evaluation

Table 2. ImageNet-1k results for HgVT and other isotropic net-
works. ❈ CNN, ♦Transformer, ★GNN, ■HGNN, and ▲HgVT.

Model Params FLOPs
ImNet
Top-1

ReaL
Top-1

V2
Top-1

❈ ResMLP-S12 conv3x3 [52] 16.7M 3.2B 77.0 84.0 65.5
❈ ConvMixer-768/32 [55] 21.1M 20.9B 80.2 – –
❈ ConvMixer-1536/20 [55] 51.6M 51.1B 81.4 – –

♦DINOv1-S [2] 21.7M 4.6B 77.0 – –
♦ViT-B/16 [12] 86.4M 55.5B 77.9 83.6 –
♦DeiT-Ti [53] 5.7M 1.3B 72.2 80.1 60.4
♦DeiT-S [53] 22.1M 4.6B 79.8 85.7 68.5
♦DeiT-B [53] 86.4M 17.6B 81.8 86.7 71.5

★ViG-Ti [16] 7.1M 1.3B 73.9 – –
★ViG-S [16] 22.7M 4.5B 80.4 – –
★ViG-B [16] 86.8M 17.7B 82.3 – –

■ViHGNN-Ti [17] 8.2M 1.8B 74.3 – –
■ViHGNN-S [17] 23.2M 5.6B 81.5 – –
■ViHGNN-B [17] 88.1M 19.4B 82.9 – –

▲HgVT-Mi (ours) 5.8M 1.4B 74.4 81.8 62.7
▲HgVT-Ti (ours) 7.7M 1.8B 76.2 83.2 64.3
▲HgVT-S (ours) 22.9M 5.5B 81.2 86.7 70.1

to isotropic models due to the complexity of down-sampling
virtual tokens, lacking direct spatial correspondence, needed
for pyramidal structures. As a result, we also exclude other
pyramidal models from our comparison as they typically
outperform isotropic models within the same architecture
family [16, 17], making the comparison less meaningful.

HgVT-Ti demonstrates a clear advantage, surpassing
ViHGNN-Ti by 1.9% in accuracy, with the smaller HgVT-Mi
model matching ViHGNN-Ti with only 70% of the param-
eters. At the S-scale, we reduce HgVT’s depth relative to
ViHGNN to accommodate hyperedge attention and adja-
cency feature overhead, aiming for comparable parameter
counts; as a result, HgVT-S only matches ViHGNN-S. De-
spite this limitation, HgVT-S matches DeiT-B’s accuracy on
ImageNet ReaL [1] and achieves competitive performance
on ImageNet V2 [43], at nearly a quarter of DeiT-B’s size.

Overall, HgVT achieves strong performance on classifi-
cation, demonstrating the benefits of integrating hypergraph
structures within a vision transformer framework. Addi-
tionally, computational evaluation in Appendix B shows a
consistent ≥1.4× speedup over ViG, with adjacency compu-
tation exhibiting a 10× improvement over ViG’s KNN-based
method. These improvements further highlight HgVT’s po-
tential for greater efficiency over prior Vision GNNs.

6.2. Ablation Studies
We conducted a series of ablations on the ImageNet-100
dataset using the HgVT-Lt model, reporting Top-1 classi-
fication accuracy alongside mean hyperedge entropy and
silhouette scores to assess the quality of the hypergraph’s
structure. Notably, we observe a weak anti-correlation be-
tween the graph quality metrics and Top-1 accuracy (see
Appendix H), indicating opposing objectives. Overall, the
ablations are grouped into three categories: regularization,
architecture, and pooling methods, with results in Tab. 3.
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Table 3. ImageNet-100 ablations with HgVT-Lt. Indicating
used (✓) or not used (✗), and pooling methods: Average (A), Im-
age (I), Expert (E), Expert+Image (EI), and EI dropping I (DI).
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none: HgVT-Lt ✗ ✓ ✓ ✓ ✓ ✓ 1 EI 3.32 0.780 84.36 6.75

Regularization

✓ ✓ ✓ ✓ ✓ ✓ 1 E 3.13 0.751 82.23 6.62
✗ ✗ ✓ ✓ ✓ ✓ 1 E 3.12 0.745 81.89 6.62
✗ ✓ ✗ ✓ ✓ ✓ 1 E 1.99 0.723 80.79 6.62
✗ ✓ ✓ ✗ ✓ ✓ 1 E 3.89 0.639 81.79 6.62
✗ ✓ ✗ ✗ ✓ ✓ 1 E 3.58 0.610 81.99 6.62

Architecture

✗ ✓ ✓ ✓ ✗ ✓ 1 E 3.09 0.741 82.89 9.86
✗ ✓ ✓ ✓ ✗ ✗ 1 E 2.27 0.808 78.62 5.84
✗ ✓ ✓ ✓ ✓ ✗ 1 E 2.12 0.780 76.95 4.40
✗ ✓ ✓ ✓ ✓ ✗ 1.5 E 2.05 0.770 77.46 9.62

Pooling

✗ ✓ ✓ ✓ ✓ ✓ 1 A 3.07 0.747 82.06 6.62
✗ ✓ ✓ ✓ ✓ ✓ 1 I 2.93 0.760 84.08 6.62
✗ ✓ ✓ ✓ ✓ ✓ 1 E 3.13 0.749 82.52 6.62
✗ ✓ ✓ ✓ ✓ ✓ 1 DI 3.32 0.780 80.94 6.75

As shown in Tab. 3, the regularization ablations demon-
strate that stochastic path dropout decay [22] improves
both Top-1 accuracy and silhouette scores, consistent with
ViG and ViHGNN [16, 17]. Omitting Class dropout also
boosts accuracy, aligning with DeiT [53]. Futhermore, our
proposed diversity and population regularization are essen-
tial for preserving graph structure; removing diversity leads
to partial representation collapse, while removing popula-
tion regularization results in near-zero sparsity, effectively
turning HgVT into a ViT with increased network complexity.

In the architecture ablations, untying the FFN improves
accuracy but significantly increases parameter count, making
it an unfavorable tradeoff. Tying adjacency and embedding
features (Xadj = X) reduces parameters and FLOPs but
degrades performance, and while untying the FFN or in-
creasing feature dimensionality partially mitigates this, the
parameter increase remains suboptimal. This indicates that
adjacency and embedding features (X(∗)

adj and X(∗)) are simi-
lar, yet require dedicated feature spaces to avoid crowding.

For pooling methods, expert edge pooling outperforms
average edge pooling in accuracy, while image pooling
achieves the highest accuracy at the cost of degraded graph
structure. Combining image and expert pooling recovers lost
structure and improves accuracy, with each input focusing
on different semantic levels (see Appendix D). Additionally,
dropping the pooled image embedding prior to the classifier
head maintains moderate performance, indicating that both
paths meaningfully contribute to the final prediction.

Impact of Vertex Self-Attention and Patch Embedding.
We evaluated the impact of patch embedding methods
and vertex self-attention, comparing a convolutional stem
(Conv2D-BN-GELU layers [16, 17]) and a simpler patch pro-
jection (pixel-shuffled patches with affine projection [2, 12]),
across various pooling strategies (average, image, and ex-

Table 4. Top-1 accuracy of HgVT-Lt on ImageNet-100 with (✓) or
without (✗) vertex self-attention. Contrasting pooling operations
and patch embedding versions: Conv. Stem or Patch Projection.

Pooling Op. → Average Image Expert

Vertex SA → ✗ ✓ ✗ ✓ ✗ ✓

Conv. Stem 78.02 82.06 82.05 84.08 78.87 82.52
Patch Project 64.30 72.76 70.76 76.17 62.62 71.43

pert), as shown in Tab. 4. The patch projection consistently
underperforms the convolutional stem, likely due to the
model’s small size limiting its effectiveness. Omitting vertex
self-attention leads to further degradation, especially without
the convolutional stem, suggesting it is crucial for effec-
tively separating features in low-dimensional space. PCA
shows that 71/128 channels are needed to explain 95% of
the variance for the convolutional stem, compared to 19/128
for the patch projection, indicating the richer representation
captured by the convolutional stem. Notably, image pooling
shows the least degradation, likely due to its more direct
gradient flow compared to the edge pooling methods.

6.3. Pooling Methods and Graph Structure
Table 5. Impact of graph structure on pooling operation for
HgVT-Lt on ImageNet-100. Measuring graph metrics for image
vertices (iV) and all vertices (V), along with features from DINOv2.

Pooling Op. → Image Expert Img. & Expert

Feature Model ↓ HE ICS ICD HE ICS ICD HE ICS ICD

HgVT-Lt (iV) 3.03 0.50 0.31 3.24 0.43 0.37 3.23 0.42 0.36
HgVT-Lt (V) 3.20 0.25 0.72 3.39 0.36 0.45 3.39 0.28 0.58

DINO2-S (iV) 3.04 0.84 0.08 3.25 0.85 0.05 3.25 0.83 0.06
DINO2-G (iV) 3.04 0.69 0.15 3.25 0.68 0.12 3.25 0.68 0.13

To evaluate the impact of pooling methods on graph structure,
we measured HE, ICS, and ICD using the ImageNet-100
validation set with three strategies: image pooling, expert
pooling, and a combined image + expert pooling approach.
Metrics used either the image vertex subset (iV) or the full
vertex set (V), with features derived from DINOv2 (S and
G) [38] and HgVT-Lt using HgVT-Lt’s adjacency matrix (A).
Results in Tab. 5 show that while all methods achieve similar
graph quality using iV , image pooling slightly improves
similarity. However, including all vertices (V) consistently
increases ICD and entropy while reducing ICS, indicating
decreased graph coherence. This effect is more severe with
image pooling methods, suggesting that virtual vertices (vV)
act as noisy elements, rather than summarization points.

Comparing DINOv2 models, all pooling methods align
more closely with DINOv2-G, where achieving a balance
between ICS and ICD is preferable to maximizing either in-
dividually. This trend, along with consistent HE, suggests a
focus on higher-level detail, irrespective of the smaller HgVT
model size or pooling method. Image pooling shows slightly
stronger alignment with both DINO models, indicating that
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both high- and low-level semantics are encoded within a sin-
gle feature space, unlike methods that can use edge channels
for high-level concepts. Notably, all expert pooling methods
exhibit an emergent macro-class prediction behavior, where
each virtual edge (vE) consistently captures broader taxo-
nomic groups (e.g., dogs, birds). Further representation and
macro-class analysis are provided in Appendices D and J.

6.4. Performance on Image Retrieval
To evaluate the capability of HgVT in capturing semantic
structures, we perform image retrieval experiments compar-
ing four methods: pooling similarity (PS), volumetric simi-
larity (VS), adaptive pooling similarity (APS), and adaptive
volumetric similarity (AVS). PS ranks the pooled embed-
dings by cosine similarity (vector search), while the other
methods enhance retrieval by leveraging graph structure.
Volumetric similarity calculates ellipsoid overlap using an
approximate Mahalanobis distance, with pruned hyperedges
defining the distribution spread around the pooled embed-
ding (centroid). Adaptive methods further refine retrieval
via a graph similarity measure on the pruned hyperedges,
re-ranking from a shortlist of R=100. Computational ef-
ficiency in adaptive retrieval is ensured through centroid
hash binning and limiting comparisons to the top-C = 4
most significant query hyperedges, resulting in a complexity
of O(RC). Notably, we prune to 12 hyperedges and use 10
centroid bins. Additional details provided in Appendix G.

Table 6. Image Retrieval on ImageNet-1k with proposed search
methods: PS, APS, VS, and AVS. Reporting Top-1 accuracy,
mAP@10 (%), and 1-NN-hit@10 (%) for pooling methods.

mAP@10 (%)

Model Top-1 Pooling PS APS VS AVS

MRL-128 [29] 70.52 Image 64.94 65.20 – –
MRL-256 [29] 70.62 Image 65.04 65.20 – –

HgVT-Ti (ours) 76.18 Expert 70.56 69.59 70.53 69.40
HgVT-Ti (ours) 76.18 Im&Ex 73.23 69.59 73.08 69.49

1-NN-hit@10 (%)

HgVT-Ti (ours) 76.18 Expert 21.22 19.10 21.25 19.56
HgVT-Ti (ours) 76.18 Im&Ex 25.13 19.10 25.22 19.17

ImageNet Retrieval. We evaluate retrieval performance on
the ImageNet-1K dataset to assess HgVT’s ability to capture
semantic relationships and compare four retrieval methods:
PS, VS, APS, and AVS. The primary metric is mAP@10,
with MRL [29] serving as the baseline due to its adaptive
re-ranking approach. We also report the 1-NN-CLIP-L hit-
rate@10, which measures how often the top-1 result ranked
by CLIP-L [42] appears in the top-10 retrieved results, of-
fering additional insight into semantic alignment. Results
in Tab. 6 show that HgVT-Ti surpasses MRL by over 8%
in retrieval performance, despite being significantly smaller
than MRL (ResNet-50) and using a comparably compact

embedding size (d = 2×128). Among our methods, PS and
VS achieve similar results, while APS and AVS underper-
form, likely due to their focus on exact-feature similarity and
ambiguous-class features, which limits alignment with the
high-level semantics required by ImageNet’s diverse dataset.

Table 7. Image Retrieval on revisited Oxford and Paris; reporting
mAP (%). Showing training set and method used. ∗mAP@100.

Dataset → ROxford RParis

Model Train Set Method M H M H

ALEX+GeM [44] ImNet-1k PS 33.8 10.4 52.7 26.0
RN101+R-MAC [44] ImNet-1k PS 49.8 18.5 74.0 52.1
DINOv1-S/16 [2] ImNet-1k PS 41.8 13.7 63.1 34.4
DINOv1-S/16 [2] GLDv2 PS 51.5 24.3 75.3 51.6

HgVT-Ti (ours) ImNet-1k
VS 26.8 10.5 55.4 28.7
VS∗ 25.8 9.0 65.6 28.0

AVS∗ 27.0 6.8 64.1 26.7

HgVT-S (ours) ImNet-1k
VS 28.0 12.1 56.7 31.1
VS∗ 26.3 10.2 65.0 28.4

AVS∗ 27.4 10.3 65.0 27.1

Oxford and Paris Retrieval. To evaluate image retrieval
performance beyond simple class retrieval, we use the Ox-
ford and Paris Revisited datasets [39, 41], which provide
three splits of increasing difficulty (Easy, Medium, and Hard)
for query/database pairs. We report Mean Average Preci-
sion (mAP) for the Medium (M) and Hard (H) splits, using
mAP@100 for AVS based on short-list ranking, while full
mAP and mAP@100 are provided for VS as a baseline
comparison. Results, shown in Tab. 7, indicate that HgVT
achieves competitive performance with similarly sized fea-
ture extractors, though performance on ROxford-M lags.
This shortfall may stem from subtle landmark differences
better captured by multi-scale Conv-Nets and self-supervised
learning, compared to the more salient focus driven by
HgVT’s classifier training. However, AVS outperforms VS
on ROxford-M, demonstrating its ability to uncover finer
feature similarities within the hypergraph structure.

7. Conclusion and Future Directions
In this work, we introduced the Hypergraph Vision Trans-
former (HgVT), which combines hypergraph structures with
vision transformers. Our methods, including diversity and
population regularization, along with expert edge pooling,
enhance semantic representation and efficiency by enabling
dynamic hypergraph construction. Although challenging to
tune, these methods avoid reliance on traditional clustering
techniques, reflecting a tradeoff between complexity and ef-
ficiency. Empirical results show that HgVT achieves strong
performance on both image classification and retrieval, po-
sitioning HgVT as a competitive framework for semantic
vision tasks. Future work will focus on exploring the scalabil-
ity of hypergraph structures and integrating self-supervised
learning to further improve adaptability and better decouple
saliency from semantic vision graph generation.
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