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Abstract. Parameter-efficient fine-tuning (PEFT) has become a prac-
tical solution for adapting large pretrained vision transformers (ViTs)
to downstream tasks while updating only a small subset of parame-
ters. However, existing adapter-based methods perform adaptation in-
dependently for each token, implicitly assuming that token refinements
should be learned in isolation. This token-wise formulation overlooks
the structured relationships among tokens that naturally arise in visual
scenes, potentially leading to redundant updates and spatially inconsis-
tent feature refinement. In this work, we revisit the design of parameter-
efficient adapters and propose to perform adaptation in hyperedge space
rather than token space. We introduce HyperAdapter, a hypergraph-
based adapter architecture that enables structured, group-aware adap-
tation through soft token routing. HyperAdapter constructs a soft hy-
pergraph over ViT tokens using prototype-based assignments, aggregates
token features into latent hyperedge representations, applies lightweight
bottleneck adaptation at the hyperedge level, and diffuses the result-
ing updates back to tokens via the hypergraph incidence structure. This
design injects an explicit structural inductive bias into PEFT while pre-
serving the modularity and efficiency of standard adapters. Extensive
experiments across diverse visual benchmarks demonstrate that struc-
tured hyperedge adaptation consistently outperforms strong PEFT base-
lines under comparable parameter budgets, with particularly pronounced
gains on tasks requiring structured reasoning. Our results suggest that
the choice of adaptation space is a critical yet underexplored dimension
in parameter-efficient transfer for ViTs.

Keywords: Parameter-efficient fine-tuning · Vision transformers · Hy-
pergraph learning · Adapter networks · Structured token adaptation

1 Introduction

Large pretrained vision transformers (ViTs) [7, 15, 29, 30, 44] have become the
backbone of modern visual recognition systems, delivering remarkable perfor-
⋆ These authors contributed equally and are co-first authors.

⋆⋆ Corresponding author: yongsheng.gao@griffith.edu.au (Yongsheng Gao)

https://orcid.org/0009-0003-3045-4935
https://orcid.org/0000-0002-8600-7099
https://orcid.org/0000-0003-4221-5192
https://orcid.org/0000-0001-5822-8233
https://orcid.org/0000-0002-5382-5351


2 E.K. Tenagyei et al.

mance across diverse tasks and domains. However, adapting these large-scale
models to new datasets through full fine-tuning remains computationally expen-
sive and memory intensive, particularly when multiple downstream tasks need to
be supported. Parameter-efficient fine-tuning (PEFT) methods [17,18,21,26] ad-
dress this challenge by updating only a small subset of parameters while keeping
the pretrained backbone frozen. Among them, adapter-based approaches [3, 17,
22, 24] have emerged as a practical and modular solution, inserting lightweight
trainable modules into transformer blocks to enable efficient transfer.

Despite their empirical success, existing adapter designs share a largely over-
looked assumption: adaptation is performed independently for each token. In
standard formulations, token representations are refined through low-rank or
bottleneck transformations applied identically and independently across tokens.
Although the frozen self-attention layers encode contextual interactions, the
adaptation mechanism itself remains token-wise. This design implicitly assumes
that feature refinement should occur in token space, without explicitly mod-
eling the structured relationships that naturally arise among tokens in visual
scenes. In practice, image tokens often correspond to coherent regions such as
objects, parts, or semantic components. Ignoring such higher-order structure
during adaptation may lead to redundant updates, spatially inconsistent feature
refinement, and limited utilization of relational information.

In this work, we revisit the design principle of parameter-efficient adapters
and argue that the choice of adaptation space is a critical yet underexplored
dimension in PEFT. Instead of refining tokens independently, we propose to
perform adaptation in a structured interaction space that explicitly captures
higher-order token relationships. To this end, we introduce HyperAdapter, a
hypergraph-based adapter architecture that operates in hyperedge space rather
than token space. HyperAdapter constructs a soft hypergraph over ViT patch to-
kens using prototype-based routing, where each token is softly assigned to a small
set of latent hyperedges according to representation similarity. These hyperedges
serve as structured groups that aggregate information from multiple related to-
kens. Token features are first pooled into compact hyperedge representations,
which are then refined through a lightweight bottleneck adapter at the hyper-
edge level. The adapted hyperedge features are subsequently diffused back to
token representations via the hypergraph incidence structure. This hyperedge-
level adaptation introduces an explicit structural inductive bias, encouraging
coherent and group-aware feature updates while preserving the efficiency and
modularity of standard adapters.

Importantly, HyperAdapter is a drop-in replacement for conventional adapters.
It requires no modification to the pretrained backbone, introduces only a modest
number of additional parameters, and incurs minimal computational overhead
relative to the frozen self-attention layers. Moreover, we show that token-wise
adapters arise as a special case of our formulation, demonstrating that Hyper-
Adapter generalizes standard designs while retaining their favorable properties,
including permutation equivariance and low-rank adaptation structure. We eval-
uate HyperAdapter on 24 downstream tasks spanning diverse visual domains un-
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der parameter-efficient settings. Across multiple backbones and benchmarks, Hy-
perAdapter consistently outperforms strong adapter-based baselines and other
PEFT methods under comparable parameter budgets, with particularly notable
gains on tasks requiring structured reasoning. These results indicate that model-
ing structured token interactions during adaptation provides a simple yet effec-
tive mechanism for enhancing parameter-efficient transfer in vision transformers.
Our main contributions are summarized as follows:

i. We revisit the design of parameter-efficient adapters and identify the adapta-
tion space as a critical dimension, highlighting the limitations of token-wise
refinement.

ii. We propose HyperAdapter, a hypergraph-based adapter architecture that
performs structured adaptation in hyperedge space via prototype-based token
grouping.

iii. We develop a group-level adaptation mechanism that aggregates token repre-
sentations into hyperedges, applies lightweight bottleneck refinement at the
hyperedge level, and diffuses structured updates back to tokens.

iv. We conduct extensive experiments across 24 downstream tasks and multi-
ple transformer backbones, demonstrating consistent and parameter-efficient
improvements over strong PEFT baselines.

2 Related Work

PEFT for ViTs. The rapid scaling of ViTs [7, 15, 29, 30, 44] has significantly
increased the computational and memory cost of adaptation. Full fine-tuning
updates all model parameters and typically achieves strong performance, but be-
comes impractical when deploying models across many downstream tasks. PEFT
methods aim to reduce adaptation cost by updating only a small subset of pa-
rameters while keeping the pretrained backbone largely frozen. Existing PEFT
approaches for ViTs can be broadly grouped into several families. Prompt-based
methods [12, 21, 39, 40, 46, 48] introduce learnable prompt tokens that interact
with the self-attention mechanism to steer task adaptation without modifying
backbone weights. Adapter-based methods [3,5,6,17,22,24,31] insert lightweight
bottleneck modules inside transformer blocks to refine intermediate representa-
tions. Selective tuning methods [4, 50, 53] update only specific existing parame-
ters, such as biases or carefully chosen weight subsets. Reparameterization-based
methods [1, 16, 18, 20, 23, 26, 28, 33, 47] introduce low-rank or structured weight
decompositions that can be merged into pretrained weights at inference time.
Hybrid strategies [49,52] combine multiple PEFT paradigms to improve flexibil-
ity and expressiveness. Despite their methodological differences, most existing
PEFT approaches share a common design principle: adaptation is performed in-
dependently for each token. In adapter-based and low-rank methods, the same
transformation is applied token-wise to all patch embeddings. Prompt-based
methods alter attention interactions but still refine token features individually
after attention mixing. None of these approaches explicitly model structured
group-level interactions during adaptation.
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Our work departs from this paradigm by revisiting the adaptation space itself.
Rather than refining token embeddings independently, we perform adaptation in
a structured hyperedge space that aggregates and refines groups of tokens jointly.
This design introduces an explicit relational inductive bias during parameter-
efficient fine-tuning, while remaining fully compatible with standard adapter
formulations. Importantly, conventional token-wise adapters arise as a special
case of our formulation when each hyperedge contains a single token, showing
that our method strictly generalizes existing adapter designs.

Structured adaptation and token interaction modeling. Several re-
cent works have explored modeling structured relationships within ViTs. Self-
attention inherently captures pairwise token interactions, and extensions such as
dynamic routing or token clustering have been proposed to enhance relational
reasoning. In PEFT settings, some approaches attempt to improve adaptation by
modifying attention maps or introducing task-specific routing strategies. How-
ever, these methods typically alter attention behavior within the backbone rather
than redefining where adaptation occurs. More closely related are approaches
that incorporate grouping or clustering mechanisms into transformer processing.
For instance, graph-based vision transformers [13, 35, 36] construct graphs over
image patches to model spatial relationships, while token clustering methods ag-
gregate patch tokens to reduce redundancy or improve efficiency. Nevertheless,
these works focus on backbone architecture design or inference efficiency, not
PEFT. They modify the transformer’s core computation rather than introduc-
ing a structured adaptation module on top of a frozen backbone.

In contrast, our method leaves the pretrained transformer unchanged and in-
troduces structured modeling within the adapter module. The hypergraph con-
struction in HyperAdapter serves as a task-adaptive grouping mechanism used
solely for adaptation, without altering the underlying attention layers. This sep-
aration allows us to inject higher-order structure into PEFT while preserving
the modularity and deployment advantages of adapter-based methods.

Graph and hypergraph learning. GNNs [11, 42, 45] were originally de-
veloped for relational data and have since been extended to vision tasks [13,35,
36]. Vision Graphs (ViGs) [13] model image patches as graph nodes connected
through learned or predefined edges, enabling relational reasoning beyond grid-
based convolutions. To reduce the cost of dynamic graph construction, later
works such as MobileViG [35] and GreedyViG [36] adopt static or simplified
graph structures. Hypergraphs extend standard graphs by allowing hyperedges
to connect more than two nodes, enabling higher-order relational modeling.
Hypergraph-based methods have been explored for visual tasks including 3D
understanding and video modeling [10,19,32], and more recently integrated into
vision GNNs [9,14,43] to capture complex multi-way relationships.

However, existing graph and hypergraph approaches primarily target back-
bone design or relational feature learning from scratch. They typically replace
or augment convolutional or transformer layers with graph-based computation.
In contrast, our work operates in a fundamentally different regime. We do not
redesign the backbone nor introduce heavy graph convolution layers. Instead,
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Fig. 1: HyperAdapter framework. We introduce HyperAdapter, a parameter-efficient
adaptation module that operates in a structured interaction space. Given patch tokens
from a frozen vision transformer, a routing mechanism softly groups tokens into hyper-
edges, capturing higher-order relationships among visually related regions. Each hy-
peredge aggregates information from multiple tokens and is refined using a lightweight
bottleneck adapter, enabling group-level adaptation rather than independent token
updates. The refined hyperedge features are then diffused back to tokens, producing
structured and coherent feature updates. By shifting adaptation from individual tokens
to token groups, HyperAdapter injects relational inductive bias while maintaining the
efficiency and modularity of standard PEFT methods.

we use a soft hypergraph constructed over frozen token embeddings to perform
structured adaptation within a bottleneck module. To our knowledge, this is
the first work that formulates PEFT as hyperedge-level adaptation in a struc-
tured interaction space. By combining hypergraph modeling with PEFT, Hyper-
Adapter bridges relational representation learning and efficient model adaptation
in a unified and modular framework.

3 Method

We now introduce our method. We begin by revisiting the adaptation space.

3.1 Revisiting the Adaptation Space

Let fθ denote a pretrained ViT with frozen parameters θ. For an input image,
the transformer produces token embeddings X=[xcls,x1, . . . ,xN ]∈R(N+1)×D,
where xi ∈ RD are patch tokens and D is the hidden dimension. In standard
PEFT, each token is refined independently via a bottleneck transformation:

∆xi = Wupσ(Wdownxi), r ≪ D. (1)

This formulation implicitly assumes that adaptation occurs in token space, where
each token is updated in isolation. We argue that this token-wise adaptation is
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inherently limiting. Visual tokens often correspond to coherent regions such as
objects, object parts, or semantic components, naturally forming higher-order
structures. Ignoring these relationships can lead to redundant updates, spatially
inconsistent refinements, and underutilization of relational information encoded
in the visual scene. To overcome this limitation, we propose performing adapta-
tion in a structured interaction space, where groups of related tokens are refined
jointly. By shifting the adaptation focus from individual tokens to token groups,
this perspective enables parameter-efficient updates that respect the intrinsic
structure of visual inputs, yielding more coherent and semantically consistent
feature refinements. We next describe our hyperedge-space adaptation.

3.2 Hyperedge-Space Adaptation

We introduce HyperAdapter (Fig. 1), a parameter-efficient adaptation mecha-
nism that operates in hyperedge space rather than directly on individual tokens.
Unlike conventional token-wise adapters, which refine each token independently,
HyperAdapter first organizes tokens into structured groups and performs adap-
tation at the group level. This design introduces an explicit relational induc-
tive bias, enabling updates that respect higher-order relationships among tokens
while preserving the modularity and efficiency of standard adapters.

Formally, let Xp = [x1, . . . ,xN ] ∈ RN×D denote the patch token embeddings
produced by the frozen ViT. To capture structured interactions among tokens,
we introduce K learnable prototype vectors

E = [e1, . . . ,eK ]⊤ ∈ RK×D, (2)

which serve as latent hyperedges representing compact groups of tokens.3 Each
token is softly assigned to these hyperedges based on representation similarity
using temperature-scaled cosine routing:

Mik =
exp (⟨x̂i, êk⟩/τ)∑K
j=1 exp (⟨x̂i, êj⟩/τ)

, (3)

where M ∈ RN×K is the soft incidence matrix and τ > 0 controls the sharpness
of assignments. This construction effectively models token-to-hyperedge rela-
tionships, allowing each token to contribute to multiple groups in a differen-
tiable manner. Once the hypergraph is defined, each hyperedge representation
is computed as a normalized weighted average of the tokens assigned to it:

H = (M⊤Xp)⊘ (M⊤1), H ∈ RK×D, (4)

where ⊘ denotes row-wise normalization. Each hyperedge thus aggregates infor-
mation from multiple related tokens, forming a compact group-level representa-
tion that captures higher-order context. Adaptation is performed in hyperedge
space using a lightweight bottleneck module:

∆H = Wupσ(WdownH), (5)
3 The learnable prototypes are Xavier-initialized and jointly optimized with adapter

parameters.



HyperAdapter: Structured Hyperedge Adaptation for ViTs 7

where Wdown ∈ Rr×D and Wup ∈ RD×r. Operating on hyperedges rather than
individual tokens enables group-level feature refinement, allowing relational in-
formation to propagate across tokens within each group. Finally, the hyperedge
updates are diffused back to token space through the soft incidence matrix:

∆X = M∆H, X ′
p = Xp + α∆X, (6)

where α is a learnable scaling parameter. This diffusion ensures that each to-
ken receives structured updates informed by the hyperedges it belongs to. The
classification token remains unchanged throughout this process.

HyperAdapter introduces structured, group-aware adaptation while main-
taining the efficiency and modularity of standard PEFT methods. It generalizes
token-wise adapters, which are recovered as a special case when each hyper-
edge contains a single token. By refining groups of tokens jointly, HyperAdapter
injects an explicit relational inductive bias into parameter-efficient adaptation,
leading to more coherent and semantically consistent feature updates.

3.3 Unified View of HyperAdapter Generalization

HyperAdapter provides a unified view of parameter-efficient adaptation by gen-
eralizing standard token-wise adapters. In the limiting case where each token
forms an independent hyperedge with no cross-token aggregation, the method
reduces exactly to a token-wise adapter.

Proposition 1 (Token-wise adapter). If the number of hyperedges equals
the number of tokens (K = N) and the soft incidence matrix is the identity
(M = IN ), HyperAdapter reduces to a standard token-wise adapter.

Proof. When M = IN , the hyperedge aggregation step yields H = M⊤Xp =
Xp, and the diffusion step gives ∆X = M∆H = ∆H.

Thus, each token is independently refined:

x′
i = xi +∆xi = xi +Wup σ(Wdownxi),

which exactly recovers the standard token-wise adapter.

We now show that HyperAdapter treats patch tokens symmetrically: reorder-
ing the tokens results in a correspondingly reordered output, leaving the com-
putations invariant.

Proposition 2 (Permutation equivariance). HyperAdapter is permutation
equivariant with respect to patch tokens.

Proof. Let Pπ ∈ RN×N denote a permutation matrix corresponding to a re-
ordering π of the N tokens. Cosine-based routing preserves inner products under
permutation, so

M(PπXp) = PπM(Xp).
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Hyperedge aggregation satisfies

(PπM)⊤(PπXp) = M⊤Xp,

ensuring that hyperedge representations remain unchanged. Since the adapter
operates independently on hyperedges, ∆H is unaffected. Diffusion back to token
space then gives

∆X(PπXp) = (PπM)∆H = Pπ(M∆H) = Pπ∆X(Xp),

establishing permutation equivariance.

We next highlight that HyperAdapter updates lie in a low-dimensional sub-
space, reflecting the bottleneck structure of the adapter while preserving effi-
ciency and structured group-level adaptation.

Proposition 3 (Low-rank adaptation structure). The token-level update
induced by HyperAdapter lies in a low-dimensional subspace of rank at most
min(K, r), where r is the bottleneck dimension of the adapter.

Proof. By construction, the token update is

∆X = M∆H, ∆H = Wup σ(WdownH) ∈ RK×D.

Since Wdown ∈ Rr×D, the rank of ∆H is at most r. Using the submultiplicativity
of matrix rank:

rank(∆X) = rank(M∆H) ≤ min(rank(M), rank(∆H)) ≤ min(K, r).

This shows that HyperAdapter preserves the low-rank nature of parameter-
efficient adaptation while enabling structured group-level refinement.

Structured smoothing interpretation. The token-level update can be in-
terpreted as a structured smoothing process over hyperedges, where information
is first aggregated, transformed through a low-rank adapter, and then diffused
back to tokens. The token-level update can be written as

∆X = MWup σ(Wdown(M
⊤Xp)). (7)

Viewed this way, HyperAdapter performs a sequence of operations: Token
Hyperedge projection−−−−−−−−−−−−−→ Hyperedge features Low-Rank adapter−−−−−−−−−−−−→ Hyperedge updates
Structured diffusion−−−−−−−−−−−−→ Token updates.

This perspective reveals HyperAdapter as a learnable structured smoothing
operator in feature space: tokens assigned to the same hyperedges share up-
dates, producing coherent, group-level feature refinements. Standard token-wise
adapters correspond to the degenerate case where each hyperedge contains only
a single token, reducing the smoothing operator to the identity mapping.

Distinction from existing PEFT methods. HyperAdapter departs from
conventional PEFT in two key ways. First, unlike standard adapters or LoRA
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Table 1: VTAB-1K performance comparison of PEFT methods using a ViT-B/16
backbone. HyperAdapter achieves the highest average accuracy (77.6%), demonstrating
consistent improvements across Natural, Specialized, and Structured tasks. # Param(M)
denotes the number of trainable parameters.
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Traditional Finetuning
Full fine-tuning 85.8 68.9 87.7 64.3 97.2 86.9 87.4 38.8 79.7 95.7 84.2 73.9 56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1 68.9
Linear probing 0 64.4 85.0 63.2 97.0 86.3 36.6 51.0 78.5 87.5 68.5 74.0 34.3 30.6 33.2 55.4 12.5 20.0 9.6 19.2 57.6
PEFT methods
BitFit [50] 0.10 72.8 87.0 59.2 97.5 85.3 59.9 51.4 78.7 91.6 72.9 69.8 61.5 55.6 32.4 55.9 66.6 40.0 15.7 25.1 65.2
VPT-Shallow [21] 0.06 77.7 86.9 62.6 97.5 87.3 74.5 51.2 78.2 92.0 75.6 72.9 50.5 58.6 40.5 67.1 68.7 36.1 20.2 34.1 67.8
VPT-Deep [21] 0.53 78.8 90.8 65.8 98.0 88.3 78.1 49.6 81.8 96.1 83.4 68.4 68.5 60.0 46.5 72.8 73.6 47.9 32.9 37.8 72.0
E2VPT [12] 0.25 78.6 89.4 67.8 98.2 88.5 85.3 52.3 82.5 96.8 84.8 73.6 71.7 61.2 47.9 75.8 80.8 48.1 31.7 41.9 73.9
Adapter [17] 0.16 69.2 90.1 68.0 98.8 89.9 82.8 54.3 84.0 94.9 81.9 75.5 80.9 65.3 48.6 78.3 74.8 48.5 29.9 41.6 73.9
AdaptFormer [3] 0.16 70.8 91.2 70.5 99.1 90.9 86.6 54.8 83.0 95.8 84.4 76.3 81.9 64.3 49.3 80.3 76.3 45.7 31.7 41.1 74.7
Convpass [22] 0.33 72.3 91.2 72.2 99.2 90.9 91.3 54.9 84.2 96.1 85.3 75.6 82.3 67.9 51.3 80.0 85.9 53.1 36.4 44.4 74.5
ARC [6] 0.13 72.2 90.1 72.7 99.0 91.0 91.9 54.4 84.9 95.7 86.7 75.8 80.7 67.1 48.7 81.6 79.2 51.0 31.4 39.9 75.8
LoRA [18] 0.29 67.1 91.4 69.4 98.8 90.4 85.3 54.0 84.9 95.3 84.4 73.6 82.9 69.2 49.8 78.5 75.7 47.1 31.0 44.0 74.5
NOAH [52] 0.36 69.6 92.7 70.2 99.1 90.4 86.1 53.7 84.4 95.4 83.9 75.8 82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2 75.5
FacT [23] 0.07 70.6 90.6 70.8 99.1 90.7 88.6 54.1 84.8 96.2 84.5 75.7 82.6 68.2 49.8 80.7 80.8 47.4 33.2 43.0 75.6
SSF [26] 0.24 69.0 92.6 75.1 99.4 91.8 90.2 52.9 87.4 95.9 87.4 75.5 75.9 62.3 53.3 80.6 77.3 54.9 29.5 37.9 75.7
RepAdapter [31] 0.22 72.4 91.6 71.0 99.2 91.4 90.7 55.1 85.3 95.9 84.6 75.9 82.3 68.0 50.4 79.9 80.4 49.2 38.6 41.0 76.1
Res-Tuning [31] 0.55 75.2 92.7 71.9 99.3 91.9 86.7 58.5 86.7 95.6 85.0 74.6 80.2 63.6 50.6 80.2 85.4 55.7 31.9 42.0 76.3
HyperAdapter (Ours) 0.44 74.1 93.3 72.8 99.3 91.7 88.3 56.7 87.5 96.3 86.0 76.5 84.0 64.4 55.2 83.9 88.5 54.6 36.3 43.7 77.6

that update tokens independently, HyperAdapter performs group-level adapta-
tion in a learned structured interaction space, capturing higher-order relation-
ships among tokens. Second, unlike graph-based transformers that modify the
backbone attention mechanism, HyperAdapter leaves the pretrained ViT un-
touched and introduces a modular hyperedge adapter. This design simultane-
ously achieves structured adaptation, low-rank updates, and permutation equiv-
ariance, all while maintaining minimal computational and parameter overhead.

4 Experiment

4.1 Experimental Setup

Datasets. We evaluate HyperAdapter on two visual adaptation benchmarks.
VTAB-1K [51] consists of 19 classification tasks grouped into three categories:
Natural, Specialized, and Structured. Natural tasks contain real-world photographs
captured with standard cameras. Specialized tasks include images from domain-
specific sensors such as remote sensing and medical imaging. Structured tasks
primarily involve synthetically generated images that test reasoning about scene
structure and exhibit significant domain shift from natural images. Following the
VTAB-1K protocol, each task provides 800 training samples and 200 validation
samples, while the test sets follow the sizes of the original datasets. To evalu-
ate performance in low-data regimes, we conduct experiments on five Few-shot
fine-grained visual classification (FGVC ) datasets: FGVC-Aircraft [34], Oxford
Pets, Food-101 [2], Stanford Cars [25], and Oxford Flowers102 [37]. We report
results under 1-, 2-, 4-, 8-, and 16-shot settings.
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Fig. 2: Top-1 accuracy on few-shot FGVC benchmarks using ViT-B/16. HyperAdapter
consistently outperforms prior PEFT methods, with the largest gains observed in the
ultra-low-shot (1-4) regime.

Implementation details. We build upon a pretrained ViT-B/16 [7] back-
bone initialized with ImageNet-21k [41] weights. Unless otherwise specified, the
backbone parameters are frozen, and only the classification head and Hyper-
Adapter modules are trained. Each HyperAdapter operates in hyperedge space
with bottleneck rank r = 8 and K = 8 hyperedges. The routing temperature τ
controls the softness of token-to-hyperedge assignments and is selected based
on validation performance. Unless otherwise stated, K is fixed across datasets,
while τ is tuned. We use AdamW with weight decay 1×10−4. The learning rate
is 1×10−3 for VTAB-1K and 5×10−3 for FGVC tasks.. We use a cosine learning
rate schedule with 10 warmup epochs and train for 100 epochs. The batch size
is 64 and the input resolution is 224 × 224. All experiments are conducted on
a single GPU. Following prior work [21–23], hyperparameters are tuned on the
validation split, and results are reported as the mean over three runs.

Below, we present key evaluations, with further results in the Appendix.

4.2 Comparison to State-of-the-Art Methods

Results on VTAB-1K. Table 1 summarizes performance across the Natural,
Specialized, and Structured task categories. Full fine-tuning achieves 68.9% av-
erage accuracy, while linear probing lags at 57.6%, highlighting the limitations
of frozen-feature baselines in low-data regimes. Most PEFT methods substan-
tially improve over full fine-tuning, with strong baselines such as Res-Tuning
(76.3%), RepAdapter (76.1%), SSF (75.7%), and LoRA (74.5%) demonstrating
the effectiveness of lightweight adaptation. HyperAdapter consistently out-
performs all prior PEFT methods, reaching 77.6% average accuracy. The
improvements are especially pronounced on Structured tasks, e.g ., KITTI-Dist,
dSpr-Loc, and sNORB, reflecting HyperAdapter’s ability to capture higher-order
spatial and relational dependencies among tokens. Performance gains are also
maintained across Natural and Specialized categories, indicating robust gen-
eralization across diverse visual domains. These results illustrate that Hyper-
Adapter’s structured, hyperedge-based adaptation provides a more expressive
and efficient mechanism than traditional token-wise PEFT, enabling consistent
gains across tasks with varying domain characteristics and data complexities.
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Table 2: VTAB-1k results with ViT-L/16
(ImageNet-21K). HyperAdapter achieves
the highest average accuracy (77.7%), with
strong gains on Structured tasks, showing
effective hyperedge-based token grouping
and parameter-efficient adaptation.

Method Natural Specialized Structured Average Params (M)

Full fine-tuning 74.7 83.8 48.1 68.9 303.40
Linear probing 70.9 69.1 25.8 55.3 0.05

Adapter 68.6 73.5 29.0 57.0 2.38
VPT-Deep 82.5 83.9 54.1 73.5 0.49

ARC 82.3 85.6 57.3 75.1 0.74
RepAdapter 84.0 86.3 60.1 76.8 0.79

HyperAdapter (Ours) 83.7 85.6 63.8 77.7 1.18

Table 3: VTAB-1k results with Swin-Base
(ImageNet-21K). HyperAdapter achieves
top average accuracy (77.6%), particu-
larly improving Structured tasks, showing
hyperedge routing’s effectiveness across
transformer architectures.

Method Natural Specialized Structured Average Params (M)

Full fine-tuning 79.1 86.2 59.7 75.0 86.90
Linear probing 73.5 80.8 33.5 62.6 0.05

VPT-Shallow 79.9 82.4 37.8 66.7 0.05
VPT-Deep 76.8 84.5 53.4 71.6 0.22

ARC 79.0 86.6 59.9 75.6 0.16
RepAdapter 82.8 87.2 61.2 77.0 0.39

HyperAdapter (Ours) 83.5 86.2 63.0 77.6 0.60

Few-shot fine-grained visual recognition. Fig. 2 shows few-shot perfor-
mance (1, 2, 4, 8, 16 shots) on five fine-grained benchmarks: FGVC-Aircraft,
Oxford-Pets, Food-101, Stanford Cars, and Oxford-Flowers102, along with the
overall average. Performance increases consistently with more labeled samples,
but the improvement is most critical in the ultra-low-shot regime (1-4 shots).
HyperAdapter achieves the best or near-best results across nearly all datasets
and shot settings, with particularly strong gains in the 1-4 shot regime, high-
lighting its ability to leverage limited supervision while preserving transferable
representations from the pretrained backbone.

Results on larger ViTs. Table 2 compares VTAB-1k performance using
a ViT-L/16 pretrained on ImageNet-21K. HyperAdapter achieves the highest
average accuracy of 77.7%, outperforming prior PEFT methods such as ARC
and RepAdapter. The gains are most pronounced on Structured tasks (63.8%),
highlighting the effectiveness of hyperedge-based token grouping for capturing
complex spatial and relational dependencies. With only 1.18M trainable param-
eters (under 0.5% of the backbone), HyperAdapter improves performance across
all task categories, demonstrating both expressiveness and parameter efficiency.

Results on hierarchical Swin transformers. Table 3 reports VTAB-1k
performance using a Swin-Base backbone. HyperAdapter achieves the top av-
erage accuracy of 77.6%, outperforming strong PEFT baselines including ARC
and RepAdapter. Structured tasks again see the largest gains (63.0%), confirming
that hyperedge routing effectively models structural relationships in hierarchi-
cal architectures. Despite introducing only 0.60M trainable parameters, Hyper-
Adapter consistently boosts performance across Natural, Specialized, and Struc-
tured tasks, illustrating its generality and architecture-agnostic adaptability.

4.3 Ablation Study

To analyze HyperAdapter’s key properties, we perform detailed ablation studies
on VTAB-1k using a pretrained ViT-B/16.

HyperAdapter vs. token-wise adapter. Table 4 compares HyperAdapter
to a token-wise adapter baseline that retains the same adapter capacity but
removes hyperedge routing, isolating the impact of structured adaptation. Hy-
perAdapter consistently improves performance across all VTAB categories, with
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gains of +0.3 on Natural, +1.7 on Specialized, and +1.9 on Structured tasks,
raising the overall average from 76.3% to 77.6% (+1.3%).

Table 4: Impact of hyperedge-level adaptation. Hy-
perAdapter adds hypergraph routing to the adapter
while keeping a similar parameter budget, yielding
consistent gains across all VTAB-1k task categories.
Method Params (M) Natural Specialized Structure Average (%) Gain

Baseline 0.29 82.0 84.9 61.9 76.3 –
HyperAdapter 0.44 82.3 86.6 63.8 77.6 +1.3

These improvements arise
from hyperedge routing mech-
anism rather than increased
parameters, as it enables to-
kens to be grouped and
adapted jointly. By aggregat-
ing information across hyper-
edges, HyperAdapter captures higher-order relationships, producing more dis-
criminative features. The largest gains on Specialized and Structured tasks high-
light its effectiveness for fine-grained and spatially structured visual patterns.

(a) (b)

Fig. 3: (a) Effect of the number of hyperedges K
on VTAB-1k, showing that a moderate K = 8 bal-
ances model capacity and efficiency. (b) Sensitivity
to routing temperature τ on Caltech101, where per-
formance peaks at τ = 0.10, indicating optimal hy-
peredge assignment at moderate routing sharpness.

Impact of the num-
ber of hyperedges. Fig. 3a
shows how varying the num-
ber of hyperedges K af-
fects performance and pa-
rameter count. Accuracy im-
proves from 77.2% at K = 4
to a peak of 77.6% at K =
8, indicating that a moderate
number of hyperedges effec-
tively captures higher-order
token relationships. Beyond
K = 8, performance slightly
drops to 77.3%, suggesting that too many hyperedges may fragment token groups
and reduce structured aggregation benefits. Parameter count grows roughly lin-
early with K, from 0.39M at K = 4 to 1.50M at K = 64. Overall, K = 8 offers
the best trade-off, and is used as the default in all experiments.

Table 5: Ablation on adapter place-
ment; parallel injection on Attention +
MLP yields highest accuracy.
Placement Average (%) Params (M)

Pre (Attn+MLP) 77.1 0.44
Pre (Attn Only) 76.3 0.22
Pre (MLP Only) 77.0 0.22

Post (Attn+MLP) 77.2 0.44
Post (Attn Only) 76.7 0.22
Post (MLP Only) 77.0 0.22

Parallel (Attn+MLP) 77.6 0.44
Parallel (Attn Only) 76.8 0.22
Parallel (MLP Only) 77.0 0.22

Sensitivity to routing tempera-
ture. We analyze the effect of routing
temperature τ , which controls the sharp-
ness of token-to-hyperedge assignments.
Smaller τ yields confident, sharp assign-
ments, while larger τ produces softer,
more uniform routing. Fig. 3b shows re-
sults on Caltech101. Performance peaks
at moderate temperatures (τ = 0.10). Too
small τ limits information sharing across
hyperedges, while too large τ reduces hy-
peredge specialization. These results indi-
cate that HyperAdapter is stable across a broad range of τ values, with optimal
performance at moderate routing sharpness.

Adapter placement ablation. Table 5 evaluates different adapter injec-
tion strategies (Pre, Post, Parallel) and module locations (Attention, MLP, or
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(a) CIFAR-100 (b) EuroSAT (c) KITTI

Fig. 4: Token-to-hyperedge routing entropy across transformer layers for CIFAR-100,
EuroSAT, and KITTI. Higher entropy indicates more distributed assignments. At-
tention adapters maintain broader routing, while MLP adapters become increasingly
specialized in deeper layers, reflecting progressive feature refinement.

(a) CIFAR-100

(b) EuroSAT

(c) KITTI

Fig. 5: Hyperedge usage distribution across transformer layers for CIFAR-100, Eu-
roSAT, and KITTI. Early layers use hyperedges more evenly, while deeper layers in-
creasingly concentrate on a subset of hyperedges, indicating progressive specialization.

both). Parallel placement consistently achieves the best performance, reaching
77.6% average accuracy, as it preserves the residual pathway and allows adapters
to provide corrective updates without disrupting pretrained features. Attaching
adapters to both Attention and MLP branches yields the highest gains, while
single-branch configurations are slightly less effective, MLP-only performs com-
petitively, whereas Attention-only shows lower accuracy. These results indicate
that parallel placement with adapters on both branches is the most effective
configuration, which we adopt in all experiments.

4.4 Analysis and Discussion

Routing entropy across layers. We analyze token-to-hyperedge routing en-
tropy to understand HyperAdapter’s behavior (Fig. 4). Higher entropy reflects
more distributed assignments, while lower entropy indicates confident, special-
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ized routing. Across CIFAR-100, EuroSAT, and KITTI, attention adapters main-
tain relatively high entropy, promoting flexible token interactions, whereas MLP
adapters show decreasing entropy in deeper layers, indicating stronger hyperedge
specialization. This trend reveals a progressive routing strategy: early layers ex-
plore diverse token-group interactions, and later layers focus on structured, dis-
criminative features, enhancing feature adaptation and representation learning.

Original Baseline AdaptFormer Ours

Fig. 6: DAAM [27] visualizations compar-
ing spatial attribution across PEFT meth-
ods. Columns show the original image,
token-wise baseline, AdaptFormer, and Hy-
perAdapter. HyperAdapter produces more
concentrated and semantically aligned acti-
vations, highlighting relevant object regions
while reducing background noise, reflecting
the benefits of hyperedge-based routing.

Hyperedge usage across lay-
ers. We examine how HyperAdapter
allocates capacity by tracking hyper-
edge usage frequency across layers
(Fig. 5). For selected blocks (1, 3,
6, 12), normalized usage shows that
early layers distribute tokens rela-
tively evenly across hyperedges, sup-
porting exploratory feature interac-
tions. In deeper layers, a smaller sub-
set of hyperedges dominates, reflect-
ing specialization to capture struc-
tured semantic patterns. Together
with the routing entropy analysis,
this indicates a progressive adapta-
tion strategy: initial layers explore
diverse token-hyperedge interactions,
while later layers consolidate and spe-
cialize representations for discriminative feature learning.

Qualitative visualization. We analyze HyperAdapter’s effect on spatial
attention using DAAM (Fig. 6). Compared to the baseline and AdaptFormer,
which produce diffuse activations extending into background areas, HyperAdapter
generates more focused and coherent maps that align with object structures.
For example, on flowers, attention concentrates on petals, while on pets, it em-
phasizes the animal body over surrounding regions. These results indicate that
hyperedge routing enables structured token grouping, leading to more localized
and semantically consistent feature aggregation.

Further analysis and discussion are provided in the Appendix.

5 Conclusion

We presented HyperAdapter, a hypergraph-based parameter-efficient adaptation
method for Vision Transformers. By grouping tokens into learnable hyperedges,
HyperAdapter captures structured inter-token relationships with minimal addi-
tional parameters. Extensive experiments demonstrate consistent improvements
over existing PEFT methods, while ablations and visualizations validate the ef-
fectiveness of hyperedge routing. Future work will explore dynamic hyperedge
structures and extensions to multimodal models.
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Table 6: VTAB-1k datasets [51] categorized into Natural, Specialized, and Structured
groups. Training set sizes are 800 or 1,000 depending on availability.

Category Dataset # Classes Train Val Test

Natural

CIFAR100 100 10,000
Caltech101 102 6,084
DTD 47 1,880
Oxford-Flowers102 102 800/1,000 200 6,149
Oxford-Pets 37 3,669
SVHN 10 26,032
Sun397 397 21,750

Specialized

Patch Camelyon 2 32,768
EuroSAT 10 5,400
Resisc45 45 800/1,000 200 6,300
Retinopathy 5 42,670

Structured

Clevr/count 8 15,000
Clevr/distance 6 15,000
DMLab 6 22,735
KITTI-Dist 4 800/1,000 200 711
dSprites/location 16 73,728
dSprites/orientation 16 73,728
SmallNORB/azimuth 18 12,150
SmallNORB/elevation 18 12,150

A Dataset Statistics

We provide detailed information about the datasets used in this paper, including
the number of classes and the sizes of the training, validation and test sets in
Table 6 and Table 7.

The VTAB-1K datasets consists of three categories: Natural, Specialized
and Structured tasks. The Natural category includes datasets such as CIFAR-
100, Caltech101, DTD, Flowers102, Pets, SVHN, and Sun397. The Special-
ized category includes datasets such as Patch Camelyon, EuroSAT, Resisc45,
and Diabetic-Retinopathy, and the Structured category includes Clevr/count,
Clevr/distance, DMLab, KITTI/distance, dSprites/location, dSprites/orientation,
SmallNORB/azimuth, and SmallNORB/elevation.

For the the few-shot fine-grained visual recognition, the datasets consists of
FGVC-Aircraft [34], Food-101 [2], Oxford-Flowers102 [37], Oxford-Pets [38] and
Stanford Cars [25].

B Experimental Setup

In our experiments, we choose ViT-B/16 [7] trained on ImageNet-21K as our
backbone. For VTAB-1K, we resize the images to 224 × 224. Different from
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Table 7: Few-shot datasets used for evaluation. Training size varies (e.g., 1/2/4/8/16
per class), with fixed validation and test sets.

Dataset # Classes Train Val Test

Food-101 101 20,200 30,300
Stanford Cars 196 1,635 8,041
Oxford-Flowers102 102 1/2/4/8/16 per class 1,633 2,463
FGVC-Aircraft 100 3,333 3,333
Oxford-Pets 37 736 3,669

Table 8: Experiment configurations for VTAB-1K and few-shot fine-grained visual
recognition experiments.

Dataset optimizer batch-size learning-rate weight-decay epochs lr-decay warm-up

VTAB-1K AdamW 64 1e-3 1e-4 100 cosine 10
Few-shot AdamW 64 5e-3 1e-4 100 cosine 10

VTAB-1K, we use random augmentations during training, for validation/test
samples, we resize them to 256×256, crop them to 224×224 at the center, and
then normalize them with ImageNet’s mean and standard deviation.

For Swin Transformer, HyperAdapter is inserted in parallel to the attention
and MLP modules in each transformer block across all stages, analogous to
the ViT setting. We use a fixed number of hyperedges K across stages, since
hyperedges represent latent semantic groups rather than spatial partitions. The
routing operates directly on token features, enabling adaptive grouping despite
varying token resolutions.

Table 8 shows our experiment configurations.

C Complexity Analysis

Let N denote the number of patch tokens, D the hidden dimension, K the
number of hyperedges, and r the adapter bottleneck dimension.

Parameter complexity. HyperAdapter introduces trainable hyperedge pro-
totypes and lightweight bottleneck weights, resulting in O(KD + Dr), where
K ≪ N and r ≪ D. This ensures that the additional parameter overhead is
minimal compared to the frozen ViT backbone.

Computational complexity. The main operations include token-to-hyperedge
routing, hyperedge aggregation, and diffusion back to token space, each costing
O(NKD), while the hyperedge-level bottleneck adaptation requires O(KDr).
Since self-attention in a standard ViT has complexity O(N2D), the extra com-
putations introduced by HyperAdapter are negligible in practice, preserving the
efficiency of parameter-efficient fine-tuning.
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Table 9: Efficiency comparison of different PEFT methods. HyperAdapter introduces
a small computational overhead compared to baseline, AdaptFormer, and LoRA while
remaining efficient relative to the frozen backbone.

Method Train time Inference time Memory FLOPs
(ms/batch) (ms/batch) (GB)

Baseline 224 121 3.0 17.6
AdaptFormer 212 117 2.8 17.6
LoRA 218 118 2.9 17.6
HyperAdapter 239 129 3.2 17.8

C.1 Training time and Inference Time

We provide quantitative comparisons of training/inference latency, peak mem-
ory, and FLOPs measured on a single NVIDIA A4000 GPU (batch size 64).

HyperAdapter introduces only modest overhead compared with token-wise
PEFT methods (Table 9): training latency increases from 212-218 to 239 ms/batch,
inference latency from 117-121 to 129 ms/batch, and memory from 2.8-3.0 to
3.2 GB, while FLOPs remain nearly unchanged (17.8G vs. 17.6G). The over-
head mainly comes from token-hyperedge routing and aggregation. Since these
operations are performed over a small latent hyperedge space (K = 8) within
a low-rank bottleneck adapter, the additional complexity is O(NKD + KDr),
which is negligible compared to the backbone self-attention cost O(N2D).

Thus, HyperAdapter preserves a favorable efficiency-performance trade-off
while enabling structured group-level adaptation.

Hyperedge number K. Hyperedges in HyperAdapter represent latent se-
mantic groups rather than fixed spatial regions, so K does not scale directly
with image resolution or token count. Tokens are dynamically grouped through
soft similarity-based routing, and moderate values (e.g., K = 8) generalize
well across datasets and architectures. Even for higher-resolution inputs, Hyper-
Adapter compresses token features into a fixed number of hyperedges, keeping
the interaction space compact and computationally efficient.

D More Ablations

D.1 Effect of Bottleneck Dimension

We analyze the impact of the adapter bottleneck dimension r, which controls
the capacity of the hyperedge adapter.

As shown in Table 10, performance improves when increasing r from 4 to
8, but quickly saturates thereafter. In particular, larger bottleneck dimensions
(r ≥ 16) provide no additional benefit despite introducing substantially more
parameters. This suggests that the performance gains of HyperAdapter primarily
arise from structured hyperedge routing rather than increased adapter capacity.
Consequently, we adopt r = 8 for all experiments as it offers the best trade-off
between accuracy and parameter efficiency.
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Table 10: Effect of bottleneck dimension r. Increasing r increases adapter capacity
but also the number of trainable parameters.

r Average (%) Params (M)

4 77.2 0.29
8 77.6 0.44
16 77.2 0.74
32 77.2 1.32
64 77.0 2.51

Table 11: Effect of CLS token aggregation strategy. We compare different ways of
propagating hyperedge updates to the CLS token.

CLS Aggregation Average (%)

Zero (no CLS update) 77.1
MeanPatch 77.0
MeanH (Ours) 77.6

D.2 Effect of CLS Token Aggregation

We analyze different strategies for propagating hyperedge updates to the CLS
token.

As shown in Table 11, aggregating hyperedge representations (MeanH) achieves
the best performance. Removing CLS updates (Zero) slightly degrades perfor-
mance, while aggregating patch updates (MeanPatch) performs similarly but
remains inferior to hyperedge aggregation. This suggests that global represen-
tations formed in hyperedge space provide a more informative signal for the
CLS token, highlighting the importance of structured token grouping in Hyper-
Adapter.

E More Analysis

E.1 Additional Discussions

Relation to HGNNs. While HyperAdapter is conceptually related to hy-
pergraph learning, it differs fundamentally from HGNNs [8] in both objective
and formulation. HGNNs are end-to-end backbone models for relational repre-
sentation learning, whereas HyperAdapter is a lightweight PEFT module for
frozen transformers that introduces structured adaptation without modifying
the backbone. HyperAdapter differs from HGNNs in three aspects: (i) objec-
tive: revisiting where adaptation occurs in PEFT by shifting from token-wise to
group-level adaptation; (ii) computation: replacing iterative graph propagation
with lightweight routing → hyperedge adaptation → diffusion inside bottleneck
adapters; and (iii) design: preserving the low-rank and parameter-efficient prop-
erties of PEFT while remaining permutation equivariant (Prop. 2) and reducing
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Block 1 Block 6 Block 12

CIFAR100(Attn)

CIFAR100(MLP)

EuroSAT(Attn)

EuroSAT(MLP)

KITTI(Attn)

KITTI(MLP)

Fig. 7: Token-to-hyperedge membership heatmaps across representative transformer
layers. Each heatmap visualizes the routing matrix M , where rows correspond to patch
tokens and columns correspond to hyperedges. We show routing patterns from Blocks
1, 6, and 12 for both attention and MLP adapters across CIFAR100, EuroSAT, and
KITTI. Early layers exhibit diffuse and distributed routing assignments, while deeper
layers show increasingly structured and concentrated patterns, indicating progressive
specialization of hyperedges. This behavior is consistent across datasets and modules,
suggesting that HyperAdapter learns hierarchical token groupings throughout the net-
work. For clarity, we recommend zooming in.
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Table 14: Performance comparison with recent PEFT methods on VTAB-1K us-
ing a ViT-L backbone. HyperAdapter consistently outperforms prior approaches and
achieves the highest average accuracy, particularly excelling on Structured tasks.

Method Natural Specialized Structured Average (%)

VFPT (NeurIPS 2024) 81.4 84.9 60.2 75.5
ViaPT (ACMMM 2024) 82.6 85.2 61.3 76.4
HyperAdapter 82.3 86.6 63.8 77.6

to token-wise adapters as a special case (Prop. 1). Importantly, hyperedges in
HyperAdapter serve only as a transient interaction space for efficient adaptation
rather than as the primary feature extraction mechanism. To the best of our
knowledge, this is the first work formulating PEFT as hyperedge-level structured
adaptation for ViTs.

Table 12: ADE20K semantic segmentation
results. HyperAdapter achieves the highest
mIoU among PEFT methods.
Method mIoU-SS mIoU-MS Params.(M)

Full fine-tuning 48.31 50.07 318.31
Linear probing 35.12 37.46 13.18

VPT 42.11 44.06 13.43
RepAdapter 44.44 46.17 13.82
HyperAdapter 45.20 46.95 14.72

Generalization. While VTAB
and few-shot FGVC are standard
PEFT benchmarks for controlled
comparison, HyperAdapter is de-
signed as a general and architecture-
agnostic PEFT module. Our main pa-
per (Tables 1–3) demonstrates con-
sistent improvements across diverse
backbones, including ViT-B/16, ViT-
L/16, and hierarchical Swin-Base transformers. To further evaluate general-
ization beyond image classification, we additionally tested HyperAdapter on
ADE20K semantic segmentation using a ViT-L backbone (Table 12). Hyper-
Adapter outperforms strong PEFT baselines on dense prediction, showing that
structured hyperedge adaptation generalizes beyond image classification to spa-
tially dense vision tasks.

Table 13: Performance under
matched parameter budgets. Hyper-
Adapter achieves the highest accuracy.
Method Bottleneck r Params (M) Avg. Acc.

Baseline 12 0.44 76.7
AdaptFormer 24 0.44 76.6
HyperAdapter 8 0.44 77.6

Params vs. gains. We enlarged
token-wise adapters to match Hyper-
Adapter’s parameter budget (Table 13).
HyperAdapter still achieves higher accu-
racy, showing that the gains come from
structured hyperedge adaptation rather
than increased capacity alone.

Structural inductive bias. HyperAdapter does not explicitly impose spa-
tial priors; instead, the structural bias emerges through representation similarity.
In pretrained ViTs, token embeddings encode rich spatial and semantic infor-
mation, allowing similarity-based routing to group semantically related regions
into shared hyperedges. Importantly, the routing is dynamic and data-dependent
rather than manually constrained by spatial neighborhoods. As shown in Fig. 6
of the main paper, hyperedges align with meaningful object regions despite the
absence of explicit spatial supervision.
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Comparison with recent baselines. We compared HyperAdapter with
recent PEFT methods, including VFPT and ViaPT, under the same VTAB-1K
protocol and ViT-L backbone setting (Table 14). HyperAdapter achieves the best
overall performance, with strong gains on Structured tasks, further supporting
the effectiveness of structured hyperedge adaptation.

E.2 Membership Heatmaps Across Layers

Fig. 7 presents token-to-hyperedge membership heatmaps across all transformer
layers for CIFAR100, EuroSAT, and KITTI. Each heatmap corresponds to the
routing matrix M , where rows represent patch tokens and columns correspond
to hyperedges.

Several consistent patterns can be observed. In early transformer layers (Block
1), routing assignments are relatively diffuse, with tokens distributed across mul-
tiple hyperedges. This suggests that low-level representations remain shared and
broadly distributed. As the network depth increases, routing patterns become
progressively more structured and concentrated, with tokens exhibiting stronger
preferences for specific hyperedges. This indicates that hyperedges become in-
creasingly specialized in capturing semantic token groups. This trend is visible
across both attention and MLP adapters, demonstrating that hyperedge-level
adaptation operates consistently across transformer submodules. Moreover, the
same hierarchical behavior appears across different datasets, suggesting that the
routing mechanism learns dataset-agnostic grouping structures.

These visualizations provide further evidence that HyperAdapter progres-
sively organizes tokens into semantically coherent groups as features propagate
through the network.

E.3 Patch-Grid Routing Visualizations

Fig. 8 visualizes the spatial routing behavior of HyperAdapter by coloring each
patch according to the hyperedge receiving the highest routing probability. We
show representative routing patterns across Blocks 1, 6, and 12 for multiple
datasets and both attention and MLP adapters.

Several consistent patterns emerge from these visualizations. In early trans-
former layers (e.g., Block 1), routing assignments appear fragmented, with patches
distributed across multiple hyperedges. This behavior suggests that low-level
visual features remain broadly shared and are not yet organized into distinct
semantic groups. As depth increases (Block 6), routing patterns become pro-
gressively more structured, with neighboring patches frequently assigned to the
same hyperedge. This indicates that the model begins to capture spatially coher-
ent regions corresponding to object parts or contextual background structures.
In deeper layers (Block 12), the routing becomes more stable and semantically
meaningful. Larger contiguous regions of the image are often assigned to the
same hyperedge, suggesting that hyperedges specialize in aggregating semanti-
cally related tokens. Importantly, this behavior is observed across both attention
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Block 1 Block 6 Block 12

Flowers102(Attn)

Flowers102(MLP)

Pets(Attn)
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KITTI(Attn)

KITTI(MLP)

Fig. 8: Patch-grid routing visualization. Each patch is colored according to the hyper-
edge receiving the highest routing probability. We show representative routing patterns
from Blocks 1, 6, and 12 across datasets and modules. Early layers exhibit fragmented
assignments, while deeper layers form more coherent spatial groups, indicating that
HyperAdapter organizes tokens into semantically meaningful hyperedge clusters. For
clarity, we recommend zooming in.
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and MLP adapters and remains consistent across datasets, indicating that the
hyperedge routing mechanism learns dataset-agnostic grouping structures.

These visualizations provide qualitative evidence that HyperAdapter per-
forms structured token grouping rather than independent token-wise adapta-
tion, progressively organizing patch tokens into coherent hyperedge clusters as
features propagate through the transformer.

F More Visualizations

F.1 Comparisons with Baseline and AdaptFormer

Fig. 9 presents DAAM activation maps comparing the baseline, AdaptFormer,
and our proposed HyperAdapter. Each visualization highlights the spatial re-
gions that contribute most strongly to the model’s prediction.

Several qualitative patterns emerge across examples. First, the baseline of-
ten produces relatively diffuse activations that spread across both object and
background regions. This indicates that token updates are largely independent
and may capture less structured spatial relationships. AdaptFormer improves
localization in some cases, but the resulting attribution maps remain partially
scattered, with activations occasionally extending into irrelevant background ar-
eas. In contrast, HyperAdapter consistently produces more concentrated and
semantically aligned activations. The highlighted regions closely correspond to
the primary object structures, such as the flower petals, the dog’s face, the teapot
body, the street object, and the aircraft. This improved spatial focus suggests
that hyperedge-based routing encourages tokens belonging to related semantic
regions to be grouped and updated collectively. As a result, the model is able
to emphasize coherent object parts while suppressing background noise. Across
diverse image categories, the visualizations indicate that HyperAdapter leads to
more structured and interpretable feature representations compared to conven-
tional token-wise adaptation.

F.2 Layer-wise DAAM Visualizations

Fig. 10 presents DAAM visualizations across all transformer blocks, comparing
the baseline, AdaptFormer, and the proposed HyperAdapter. The figure illus-
trates how spatial attribution evolves throughout the network depth.

Across early transformer blocks (Blocks 1-4), all methods exhibit relatively
diffuse activations distributed across broad image regions. This behavior re-
flects the low-level feature extraction stage, where representations remain largely
shared across tokens. As depth increases, attribution maps become progressively
more localized. In the baseline and AdaptFormer, however, activations often
remain fragmented or spread across background areas even in deeper layers.
In contrast, HyperAdapter produces increasingly concentrated and semantically
aligned activations as features propagate through the network. In later blocks
(Blocks 9-12), the attribution maps strongly focus on the primary object regions,
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Original Baseline AdaptFormer Ours

Fig. 9: DAAM [27] visualizations comparing spatial attribution across PEFT meth-
ods. Columns show the original image, token-wise baseline, AdaptFormer, and Hyper-
Adapter. HyperAdapter produces more concentrated and semantically aligned activa-
tions, highlighting relevant object regions while reducing background noise, reflecting
the benefits of hyperedge-based routing.
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Block 1 Block 2 Block 3 Block 4 Block 5 Block 6 Block 7 Block 8 Block 9 Block 10Block 11Block 12

Baseline

AdaptFormer
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Baseline

AdaptFormer
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AdaptFormer

Ours

Baseline

AdaptFormer

Ours

Baseline

AdaptFormer

Ours

Fig. 10: DAAM [27] visualizations comparing HyperAdapter model with baseline and
AdaptFormer models on VTAB-1K across all 12 transformer blocks.
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such as the flower petals, the dog’s face, the teapot body, the street object, and
the aircraft fuselage. Background activations are noticeably reduced compared
to the other methods. This progressive sharpening of spatial attribution suggests
that hyperedge-based routing encourages tokens belonging to related semantic
regions to be grouped and updated collectively. As a result, HyperAdapter forms
more coherent feature representations across layers, enabling clearer object lo-
calization and more interpretable model behavior.

These observations provide qualitative evidence that hyperedge-level adap-
tation improves the spatial organization of token representations throughout the
transformer hierarchy.

G Limitations and Future Work

Despite its effectiveness, several limitations of HyperAdapter remain. First, the
proposed hyperedge routing mechanism introduces additional computation com-
pared to conventional token-wise adapters, as it requires token-to-hyperedge as-
signment, aggregation, and propagation operations. Although the overhead is
modest in practice, further optimization of the routing mechanism could im-
prove scalability for larger backbones and higher-resolution inputs.

Second, the current framework uses a fixed number of hyperedges K across
all layers and datasets. While our experiments show that moderate values of K
perform well, adaptive or data-dependent hyperedge construction could poten-
tially capture richer token relationships and improve flexibility across tasks.

Finally, our experiments focus primarily on vision classification benchmarks
such as VTAB-1K and few-shot fine-grained visual recognition datasets. Extend-
ing HyperAdapter to other tasks, including dense prediction, video understand-
ing, and multimodal learning, remains an interesting direction for future work.
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