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Abstract

In few-shot learning, utilizing local and global geometric pri-
ors to capture both subtle local class metrics and coarse global
structures within the meta-task are important to obtain dis-
criminative embeddings. However, existing graph-based and
curvature-based few-shot approaches only focus on either one
kind of geometric prior but neglect the other. To effectively
utilize the pros of these two paradigms, we propose a novel
Dual-Geometry Graph Network (DGGN) to adaptively inte-
grate the local and global geometric priors via two key path-
ways. Specifically, the local-wise metric modeling pathway
utilizes Ollivier-Ricci curvature to capture task-specific local
class metrics among the instances, and the global-wise con-
nectivity modeling pathway utilizes resistive embedding to
capture global instance distributions and connectivity patterns
of the entire meta-task. In addition, we introduce two new
regularization loss functions to explicitly enhance the geo-
metric representation ability of the local and global pathways
respectively. We validate that DGGN’s superior performance
stems from its adaptively topological refinements by measur-
ing the graph edit distance, demonstrating its ability to match
the underlying data distribution. Extensive experiments show
that DGGN sets a new state-of-the-art on standard, cross-
domain, and semi-supervised few-shot benchmarks.

Introduction
Deep learning has achieved remarkable success across a
wide range of computer vision tasks including image recog-
nition (Fang et al. 2025), object detection (Zhang et al.
2024b), and image enhancement (Zhou et al. 2025, 2023b).
However, this is mainly due to the availability of large-
scale annotated datasets, which is often difficult and time-
consuming to obtain in real-world scenarios. To tackle this
issue, Few-Shot Learning (FSL) (Trosten et al. 2023; Zhu
et al. 2023; Zhang et al. 2024a; Han et al. 2024) has emerged
as an essential research field, alleviating the burden of data
collection and annotation, reducing computational costs, and
accelerating model generalization in low-data regimes.

Recently, most FSL approaches mainly focus on captur-
ing global structural information across the entire meta-task,
among which the Graph Neural Network (GNN) has shown
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(a) Existing flaws of curvature-based and graph-based FSL.

(b) Our utilization of local and global geometric prior.

Figure 1: (a) (left) Biased prototype caused by overlooking
global-wise instance distributions. (right) Incorrect graph
construction due to ignoring local-wise class manifolds; (b)
Our method uses local and global geometric priors to pro-
vide robust class-confidence biases.

substantial progress (Chen et al. 2021; Zhu et al. 2023; Yang
et al. 2020). These GNN-based approaches typically con-
struct a graph encompassing all instances within a meta-task.
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Message passing is then performed over this holistic graph
to refine node embeddings (Yang et al. 2020; Chen et al.
2021) or propagate label information (Rodrı́guez et al. 2020;
Zhu et al. 2023). While this global prior of the meta-task
can capture broad relationships among the instances, these
approaches still have a critical limitation: they implicitly
assume the constructed graph structure is already optimal,
which fails to introduce a fine-grained and variable class-
wise bias into the message-passing process, causing wrongly
connected links between samples from different classes, as
shown in Figure 1 (a) (right).

Complementary to GNN-based methods, another line of
research delves into the nuanced geometric properties in the
meta-task, often by embedding instances into non-Euclidean
spaces. These methods include learning task-aware em-
beddings in hyperbolic spaces (Gao et al. 2021), adaptive
point-to-set hyperbolic metrics for better context-aware dis-
tance modeling (Ma et al. 2022), and hyperspherical em-
beddings to address intrinsic issues like “hubness” in high-
dimensional embedding distributions (Trosten et al. 2023).
While these methods significantly improved performance by
emphasizing subtle local geometric priors within curved em-
bedding spaces, a potential issue arises as they are based
on the one-step nearest-neighbor prototype-based classifica-
tion. This paradigm limits their ability to capture the overall
instance distribution and connectivity patterns within the en-
tire meta-task, making them sensitive to outliers that do not
align well with the assumed local fine-grained geometry, as
shown in Figure 1 (a) (left).

To effectively utilize the pros of these two paradigms, we
first model them into two different pathways, aiming to cap-
ture different geometric biases: the local-wise pathway using
Ollivier-Ricci Curvature (ORC) to capture nuanced, fine-
grained class metrics, and the global-wise pathway based
on resistive embeddings to capture coarse, long-range in-
stance distributions and connectivity patterns. We confirm
that these two pathways learned different and complemen-
tary geometric representations through empirical analysis by
measuring the graph topological similarity from the learned
embeddings. Based on this observation, we propose the
Dual-Geometry Graph Network (DGGN), a unified frame-
work designed to adaptively integrate the local and global
geometric priors. We validate that DGGN’s superior perfor-
mance stems from our innovative design by showing that
it performs high-adaptability topological refinements, and
demonstrate that its adaptive ability sets a new state-of-
the-art on standard, cross-domain, and semi-supervised FSL
benchmarks. Our main contributions are threefold:

• We propose DGGN, the first framework designed to adap-
tively integrate the local and global geometric priors for
few-shot learning, and we provide empirical evidence for
its mechanism via graph topological analysis.

• We propose a new curvature-informed regularization loss
function to enhance the fine-grained metric variations
among the instances.

• We propose a new connectivity-informed regularization
loss function to strengthen the global instance distribution
and connectivity within the entire meta-task.

• DGGN achieves state-of-the-art performance across stan-
dard, cross-domain, and semi-supervised FSL bench-
marks, proving its superior robustness and generalization
on scarce labels and severe domain shift.

Related Works
Graph-based Few-shot Learning. Benefited from recent
progress of GNNs for relation modeling (Kipf and Welling
2017; Velickovic et al. 2018), researchers proposed many
graph-based approaches to address the FSL problem. GNN-
FSL (Satorras and Estrach 2018) first proposed an end-to-
end trainable GNN model for message passing among in-
stances in the meta-task. DPGN (Yang et al. 2020) pro-
posed to explicitly propagate distribution-level relationships
between nodes by iteratively updating dual graphs in each
meta-task. EPNet (Rodrı́guez et al. 2020) introduced em-
bedding propagation as a non-parametric regularizer that in-
terpolates between features on a similarity graph to achieve
manifold smoothing. ECKPN (Chen et al. 2021) proposed to
integrate semantic information from class labels into prop-
agation to promote the quality of class prototypes. ProtoLP
(Zhu et al. 2023) proposed an iterative framework that alter-
nates between estimating class prototypes and propagating
labels over a dynamically refined graph. Although these ap-
proaches show great potential of graph-based relation mod-
eling on a global view of the meta-task, they ignore the vary-
ing and nuanced local-wise metrics among instances from
different classes. In this work, we utilize ORC to model
local-wise metrics among the instances, providing a nuanced
class-confidence bias for relation modeling with GNN.
Curvature-based Few-shot Learning. Learning informa-
tive embeddings in curved representation spaces is an effec-
tive way for FSL. Hyperbolic geometry is a common choice
due to its capacity to model inherent hierarchical relations.
Gao et al. (Gao et al. 2021) utilized task-wise curvature-
adaptive hyperbolic spaces to explore class-specific geomet-
ric spaces for each class in the meta-task. APP2S (Ma et al.
2022) proposed to learn task-specific point-to-set hyperbolic
distances to fine-tune the decision boundary for outliers. Hy-
perKT (Zhang et al. 2022) introduced prior knowledge from
class hierarchies to supervise the prototype-based classifica-
tion in hyperbolic spaces. Besides hyperbolic geometry, hy-
perspherical space were also explored. NoHub (Trosten et al.
2023) proposed to reduce the hubness problem in prototype-
based classification via embedding instances into a hyper-
spherical space. These approaches show their effectiveness
via emphasizing local-wise metrics. However, they lack a
sufficient global view of the instance distributions and con-
nectivity patterns within the entire meta-task. In this work,
we introduce resistive embeddings to model the connectivity
and structural roles among the instances, providing a global
prior of the meta-task.

Methodology
Problem Definition
Few-shot learning is commonly formulated as a meta-
learning problem, where the model is meta-trained on a
distribution of meta-tasks using the training set Dtrain and
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Figure 2: Illustration of DGGN framework. (a) Overall DGGN framework; (b) Details of an DGGN layer, including two key
pathways: local-wise metric modeling pathway and global-wise connectivity modeling pathway. In l-th DGGN layer, a k -
Nearest Neighbor (k -NN) graph is first constructed with adjacency matrix Al using the node embedding matrix V l. Secondly,
we calculate the ORC κij for each edge, following a curvature-guided message passing to produce the curvature-informed node
embedding matrix V l

C . Thirdly, the connectivity-based embedding rj is computed for each node vj , then concatenated with vj

to perform a connectivity-guided message passing and produce the connectivity-informed node embedding matrix V l
R. Finally,

V l
C and V l

R are aggregated and added to the initial node embedding matrix V 0 to produce V l+1 of (l + 1)-th DGGN layer.

meta-test using new unseen meta-tasks from the testing set
Dtest. In the N -way K -shot paradigm, each meta-task con-
sists of a support set S and a query set Q. The support set
S comprises N different classes sampled from the train-
ing class set Ctrain, each with K labeled instances: S =

{(xi, yi)}NK
i=1 ⊂ Dtrain, where xi denotes the support in-

stance and yi is its corresponding label. The query set Q
consists of unlabeled instances from the same N classes:
Q = {(xj)}Tj=1 ⊂ Dtrain, where xj denotes the query in-
stance and T is the number of query instances. The goal
is to train a model on Dtrain and, given the support set
S ⊂ Dtest, the model can accurately classify the instances
from the query set Q ⊂ Dtest into the N unseen classes
from the testing class set Ctest. The class labels from Dtrain

and Dtest are mutually exclusive: Ctrain ∩ Ctest = ∅.

Dual-Geometry Graph Network
As shown in Figure 2 (b), each DGGN layer comprises
three stages: graph construction, local-wise metric model-
ing, and global-wise connectivity modeling. We unify the
local and global pathways in a cascading and residual man-
ner, as shown in Figure 2 (a). For each instance image xi, we
use the backbone femb(·) to extract its d-dimensional embed-
ding: v0

i = femb(xi) ∈ Rd. Then the node embedding ma-
trix V 0 ∈ Rn×d is passed to DGGN, where n = N ×K+T
denotes the total number of instances in a meta-task. The fi-
nal instance embeddings are generated after being processed
by L layers. In the following, we describe the details of each
stage in l-th DGGN layer.
Graph Construction. Given V l, we first construct a k -NN
graph G l = (V l,E l) to capture the relationships among
all instances, where the edge set E l is represented by the

adjacency matrix Al ∈ Rn×n. Following (Liu et al. 2019),
we choose Gaussian similarity function with the learnable
instance-wise scale parameter to construct Al:

Al
ij = exp(−1

2
∥v

l
i

ϵi
−

vl
j

ϵj
∥2), (1)

where ϵi = fϵ(v
l
i), and fϵ(·) is a Multi-Layer Perceptron

(MLP) to learn an unique ϵi for each vl
i. We only keep the

k -max values in each row of Al. In the following, we omit
the superscript l for simplicity.
Local-wise Curvature-based Metric Modeling. We em-
ploy ORC (Jost and Liu 2014) to capture the local class-
specific metrics around each edge. Formally, considering V
and A, we calculate the ORC κij for each edge (vi,vj) ∈
E . Denote the neighboring node set of vi as N (vi) =
{vi,1,vi,2, · · · ,vi,I} and I = |N (vi)|, J = |N (vj)| are
the numbers of nodes neighboring with vi and vj respec-
tively. A probability distribution mi over vi is defined as:

mi(vi,̄i) =
exp(− 1

2dS (vi,vi,̄i))∑
vi,̄i′∈N (vi)

exp(− 1
2dS (vi,vi,̄i′))

, (2)

where dS (vi,vi,̄i) denotes the structural distance of vi and
vi,̄i: dS (vi,vi,̄i) =∥ vi−vi,̄i ∥2 +dset(vi,̄i,N (vj)), where
vi,̄i is a neighbor of vi. Here dset(vi,̄i,N (vj)) denotes the
distance between vi,̄i and the neighboring node set of vj ,
which quantifies the node-to-set structure:

dset(vi,̄i,N (vj)) =
1

J

∑
vj′∈N (vj)

∥ vi,̄i − vj′ ∥2 . (3)

Then, for the edge (vi,vj), we calculate the Wasserstein dis-
tance W (mi,mj) by solving its corresponding linear pro-
gramming problem, with wi′j′ denoting the amount of mass
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transported from vi,i′ to vj,j′ , and dW (vi,i′ ,vj,j′) denot-
ing the cost per unit transported from vi,i′ to vj,j′ . We de-
fine dW as the cosine similarity between vi,i′ and vj,j′ :
dW (vi,i′ ,vj,j′) = 1 − (vi,i′

⊤vj,j′)/(∥ vi,i′ ∥∥ vj,j′ ∥).
After the optimal transportation flow Ŵ is obtained, the
Wasserstein distance is calculated as:

W (mi,mj) =
I∑

i′=1

J∑
j′=1

(1− dW (vi,i′ ,vj,j′))ŵi′j′ . (4)

We use Sinkhorn distance (Cuturi 2013) to approximate
W (mi,mj) for computation efficiency. Then we ob-
tain the ORC κij for the edge (vi,vj): κij = 1 −
W (mi,mj)/dW (vi,vj). Next, we utilize an MLP fc(·)
to transform κij into a channel-wise reweighing vector
τ ij ∈ Rd: τ ij = σsoftmax(fc(κij)), where σsoftmax(·)
is the channel-wise softmax activation function. Finally, a
curvature-guided message passing is performed:

v(c)i
= σrelu(

∑
vj∈N (vi)

diag(τ ij)WCvj), (5)

where diag(·) is the diagonalizing operation that transforms
τ ij into the diagonal matrix diag(τ ij), σrelu(·) denotes the
ReLU activation function, and the learnable parameter ma-
trix WC ∈ Rd×d serves as the transformation function.
Global-wise Graph-based Connectivity Modeling. We in-
corporate the resistive embedding (Velingker et al. 2023) as
the connectivity-based embeddings to discover meaningful
structural roles and connectivity patterns in a global view
of the meta-task. Formally, given V and A, we first cal-
culate the Laplacian matrix L: L = D − A, where D is
the degree matrix: Dii =

∑n
j=1 Aij . Then, we can express

the effective resistance Ω between vi and vj as: Ωij =
(1i − 1j)

⊤L†(1i − 1j), where 1i is a n-dimensional vector
specifying the indicator of vi, and L† is the pseudoinverse of
L. Afterwards, we construct an edge-node incidence matrix
B ∈ R|E |×n, whose entries are defined as follows: the i-th
row of B denotes the i-th edge (vi′ ,vj′) of G , and Bii′ = 1,
Bij′ = −1 for i = 1, . . . , |E |, i′ = 1, . . . , n, j′ = 1, . . . , n.
Besides, we define the diagonal matrix C ∈ R|E |×|E | with
Cii being the weight Ai′j′ of the i-th edge (vi′ ,vj′). Finally,
we can compute the resistive embedding ri ∈ R|E | of vi:
ri = C

1
2BL†1vi . Here an important property (Baker and

Faber 2006) is: ∥ ri − rj ∥2= Ωij . The connectivity-guided
message passing is performed as:

v(r)i
= σrelu(

∑
vj∈N (vi)

WR[vj ∥ rj ]), (6)

where WR ∈ Rd×(|E |+d) is the learnable parameter matrix,
and [· ∥ ·] denotes the concatenation operation.
Integration of Local and Global Pathways. We integrate
the local and global pathways via a cascading and residual
framework, as shown in Figure 2 (b). In the following, we re-
added the superscript l for a clearer description. Formally,
given V l and Al, we first calculate the local-wise embed-
ding v(c)

l
i

using Equation (5). Then, the node embedding

matrix V l
C =

{
v(c)

l
i

}n

i=1
and Al are passed into the global-

wise pathway to compute the global-wise embedding v(r)
l
i

using Equation (6). Finally, the local-wise embeddings are
concatenated with the global-wise embeddings, and we use
an MLP fagg(·) : R2×d → Rd to aggregate the two groups
of node embeddings. The node embeddings of the (l+1)-th
layer are calculated as: vl+1

i = fagg([v(c)
l
i
∥ v(r)

l
i
]) + v0

i ,
where we find that the residual connections can improve gra-
dient stability and mitigate over-smoothing. The node em-
bedding matrix V l+1 is then passed to the graph construc-
tion stage in the next DGGN layer.

Loss Function
We train the whole DGGN framework in an end-to-end man-
ner by optimizing the following loss function:

L =
1

L

L∑
l=1

Ll
cls + λorcLl

orc + λresLl
res, (7)

where λorc, λres are two hyper-parameters to balance the
weights of Lorc and Lres, respectively. We introduce Ll

cls,
Ll
orc, and Ll

res in the following.
Classification Loss. After obtaining V l, we compute the
similarity matrix Al using Equation (1), where each entry
alij denotes the similarity score between vl

i and vl
j . For each

query instance node vl
q , its predicted class probability distri-

bution is calculated as:

p(ŷq|vl
q) = σsoftmax(

NK∑
s=1

alqs · one-hot(ys)), (8)

where ys is the ground-truth label of the support instance
xs, and one-hot(·) is the one-hot indicator of the label. The
classification loss of the l-th layer is defined as:

Ll
cls =

1

T

T∑
q=1

Lce(p(ŷq|vl
q), yq), (9)

where Lce(·, ·) denotes the cross-entropy loss.
Curvature-informed Regularization Loss. Intuitively,
nodes connected by edges with positive curvatures should
form tight embeddings, and vice versa. To utilize this prin-
ciple for enhancing the local metric variations among the
instances, we propose a new curvature-informed regulariza-
tion loss, formulated as:

Ll
orc =

1

|E l|
∑

(vl
i,v

l
j)∈E l

exp(κl
ij)· ∥ v(c)

l
i
− v(c)

l
j
∥2, (10)

where κl
ij is the curvature of edge (vl

i,v
l
j).

Connectivity-informed Regularization Loss. To explicitly
enforce tighter intra-class and looser inter-class connectivity
over the entire meta-task, we propose a new connectivity-
informed regularization loss, formulated as:

Ll
res =

1

n

∑
vl
i,v

l
j∈V l

(δijΩ
l
ij + (1− δij)max(0, 0.5− Ωl

ij)),

(11)
where δij is a categorical indicator that δij = 1 if vi and vj

are in the same class otherwise δij = 0. Following (Deng
et al. 2019), we set the embedding separation margin as 0.5.

4613



Method Backbone MiniImageNet TieredImageNet CIFAR-FS
1-shot 5-shot 1-shot 5-shot 1-shot 5-shot

C
ur

va
tu

re
-b

as
ed Curvature(Gao et al. 2021) ResNet-12 71.79±0.23 83.00±0.17 77.19±0.24 86.18±0.15 76.8 ±0.7 86.4 ±0.5

OM(Qi et al. 2021) ResNet-18 77.20±0.36 87.11±0.42 83.73±0.36 90.46±0.46 - -

APP2S(Ma et al. 2022) ResNet-12 66.25±0.20 83.42±0.15 72.00±0.22 86.23±0.15 73.12±0.22 85.69±0.16

HyperKT(Zhang et al. 2022) ResNet-12 71.52±0.78 83.26±0.54 72.23±0.87 86.06±0.64 79.35±0.81 88.79±0.58

noHub-S(Trosten et al. 2023) ResNet-18 76.68±0.28 84.67±0.15 83.09±0.27 88.43±0.16 - -

G
ra

ph
-b

as
ed EPNet(Rodrı́guez et al. 2020) ResNet-12 66.50±0.89 81.06±0.60 76.53±0.87 87.32±0.64 - -

DPGN(Yang et al. 2020) ResNet-12 67.77±0.32 84.60±0.43 72.45±0.51 87.24±0.39 77.9 ±0.5 90.2 ±0.4

ECKPN(Chen et al. 2021) ResNet-12 70.48±0.38 85.42±0.46 73.59±0.45 88.13±0.28 79.2 ±0.4 91.0 ±0.5

protoLP(Zhu et al. 2023) ResNet-12 70.77±0.30 80.85±0.16 84.69±0.29 89.47±0.15 78.66±0.24 85.85±0.17

C
+G DGGN (Ours) ResNet-12 75.27±0.20 86.28±0.15 84.77±0.23 89.80±0.17 82.29±0.23 92.27±0.15

DGGN (Ours) ResNet-18 78.08±0.21 87.87±0.17 85.52±0.23 90.81±0.17 83.97±0.26 92.64±0.17

Se
m

an
tic SemFew(Zhang et al. 2024a) Swin-T 78.94±0.66 86.49±0.50 82.37±0.77 89.89±0.52 84.34±0.67 89.11±0.54

ECER-FSL(Liu et al. 2025) Visformer-T 81.14±0.15 - 81.81±0.51 - 86.01±0.35 -

SemDGGN (Ours) Swin-T 82.16±0.19 89.85±0.17 87.36±0.21 91.65±0.15 86.71±0.24 94.17±0.15

Table 1: Few-shot 5-way classification accuracy and 95% confidence interval on MiniImageNet, TieredImageNet, and CIFAR-
FS. “C+G” denotes the incorporation of graph and curvature. The best results are shown in bold.

Method Backbone 1-Shot 5-Shot
DPGN(Yang et al. 2020) ResNet-12 75.71±0.47 91.48±0.33

EPNet(Rodrı́guez et al. 2020) ResNet-12 82.85±0.81 91.32±0.41

ECKPN(Chen et al. 2021) ResNet-12 77.43±0.54 92.21±0.41

APP2S(Ma et al. 2022) ResNet-18 77.64±0.19 90.43±0.18

protoLP(Zhu et al. 2023) ResNet-12 90.13±0.20 92.85±0.11

noHub-S(Trosten et al. 2023) ResNet-18 85.81±0.24 90.52±0.12

DGGN (Ours) ResNet-12 90.71±0.24 93.16±0.13

DGGN (Ours) ResNet-18 91.54±0.25 93.82±0.16

Table 2: Few-shot 5-way classification accuracy on CUB-
200-2011 dataset. The best results are shown in bold.

Experiments
Experimental Details
Datasets. We evaluate DGGN on two primary FSL
tasks: standard FSL and cross-domain FSL. For stan-
dard FSL evaluation, we use four benchmark datasets:
MiniImageNet (Vinyals et al. 2016), TieredImageNet (Ren
et al. 2018), CUB-200-2011 (Wah et al. 2011), and CIFAR-
FS (Bertinetto et al. 2019). For cross-domain FSL evalua-
tion, we adopt the BSCD-FSL benchmark (Guo et al. 2020)
including four datasets: ChestX (Wang et al. 2017), ISIC
(Tschandl et al. 2018), EuroSAT (Helber et al. 2019), and
CropDisease (Mohanty et al. 2016).
Network Architectures. We adopt three commonly used
backbones in FSL: ResNet-12, ResNet-18 (He et al. 2016),

Method ChestX ISIC EuroSAT CropDisease
StyleAdv(Fu et al. 2023) 22.64 33.96 70.94 74.13
LDP-net(Zhou et al. 2023a) 23.01 33.97 65.11 69.64
Dara(Zhao et al. 2023) 22.92 36.42 67.42 80.74
Exploit(Zhou et al. 2024) 22.48 34.28 69.56 84.01
SVasP(Li et al. 2025) 23.23 37.63 72.30 75.87
ECER-FSL(Liu et al. 2025) 25.12 40.13 74.13 82.13
DGGN (Ours) 23.81 38.70 72.25 81.82
SemDGGN (Ours) 26.08 41.32 74.75 84.22

Table 3: Few-shot 5-way 1-shot classification accuracy on
BSCD-FSL benchmark. The best results are shown in bold.

and Swin-T (Liu et al. 2021). The architectures of ResNet-
12 and ResNet-18 are the same as (Zhu et al. 2023), and the
architecture of Swin-T is the same as (Zhang et al. 2024a).
To follow up recent trends of utilizing fine-grained semantic
information from ChatGPT (Zhang et al. 2024a; Liu et al.
2025), we design a variant model SemDGGN, where we
generate descriptive text for each class with GPT-3.5-Turbo
and use ViT-B/16 CLIP (Radford et al. 2021) to produce the
semantic embeddings, following (Zhang et al. 2024a). We
first concatenate each support instance’s visual embedding
from Swin-T and its corresponding semantic embedding
from ViT-B/16 CLIP, then we transform this concatenated
embedding into the same dimension of the query nodes via
a fully-connected layer to produce the initial node embed-
ding matrix passed to the DGGN module.
Training Strategy. We first pre-train the backbone network
on the training classes. For ResNet-12 and ResNet-18, we
adopt the same pre-training strategy as (Zhu et al. 2023).
For Swin-T and ViT-B/16 CLIP, the pre-training strategy is
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TieredImageNet

Setup Averaged similarity score at l-th layer
0 1 2 3 4

GG 1.00±0.00 0.98±0.01 0.97±0.02 0.97±0.02 0.96±0.02

LG 1.00±0.00 0.81±0.09 0.68±0.12 0.54±0.17 0.52±0.18

LI 1.00±0.00 0.73±0.10 0.56±0.12 0.45±0.15 0.47±0.15

GI 1.00±0.00 0.92±0.07 0.85±0.07 0.87±0.05 0.86±0.06
CUB-200-2011

Setup Averaged similarity score at l-th layer
0 1 2 3 4

LL 1.00±0.00 0.98±0.01 0.98±0.01 0.97±0.02 0.97±0.02

LG 1.00±0.00 0.79±0.10 0.65±0.13 0.50±0.20 0.51±0.21

LI 1.00±0.00 0.95±0.03 0.93±0.05 0.90±0.04 0.90±0.06

GI 1.00±0.00 0.76±0.09 0.64±0.12 0.52±0.17 0.49±0.18
TieredImageNet→CUB-200-2011

Setup Averaged similarity score at l-th layer
0 1 2 3 4

LL 1.00±0.00 0.98±0.02 0.97±0.03 0.96±0.02 0.96±0.03

LG 1.00±0.00 0.85±0.08 0.70±0.10 0.55±0.19 0.56±0.22

LI 1.00±0.00 0.90±0.06 0.85±0.09 0.82±0.12 0.83±0.13

GI 1.00±0.00 0.83±0.10 0.69±0.14 0.58±0.17 0.57±0.20

Table 4: Averaged similarity scores and 95% confidence in-
terval between the k -NN (k = 20) graphs at each layer using
a pre-trained ResNet-12 backbone.

Local Global
CUB-200-2011 TieredImageNet

1-shot 5-shot 1-shot 5-shot
83.09±0.22 87.95±0.12 76.25±0.22 83.04±0.16

✓ 87.92±0.23 91.21±0.13 78.12±0.24 84.16±0.15

✓ 85.11±0.22 89.29±0.13 80.37±0.22 86.12±0.15

✓ ✓ 90.71±0.24 93.16±0.13 84.77±0.23 89.80±0.17

Table 5: Few-shot 5-way classification accuracy and 95%
confidence interval with different combinations on local and
global pathways.

the same as (Zhang et al. 2024a). During meta-training, the
model is meta-trained for 10,000 iterations, with each itera-
tion containing 8 randomly sampled meta-tasks. The Adam
optimizer is used in all experiments with the learning rate of
0.001, and the backbone is frozen to prevent over-fitting.
Evaluation Protocol. We evaluate the performance under
standard 5-way 1-shot and 5-way 5-shot settings. Following
(Zhu et al. 2023), we randomly sample 10,000 meta-tasks
from the testing set and report the average classification ac-
curacy (%) as well as the 95% confidence interval.
Hyper-parameter Settings. We set the hyper-parameter k ,
L, λorc, and λres as 20, 4, 0.001, and 0.001, respectively.

Main Results
Standard FSL. We compare our approach with recent state-
of-the-art graph-based methods (Rodrı́guez et al. 2020; Yang

Lorc Lres
MiniImageNet TieredImageNet

1-shot 5-shot 1-shot 5-shot
73.39±0.22 84.30±0.15 82.13±0.24 87.34±0.15

✓ 74.08±0.22 84.92±0.15 82.66±0.22 87.98±0.16

✓ 74.78±0.23 85.68±0.16 83.72±0.22 88.70±0.17

✓ ✓ 75.27±0.20 86.28±0.15 84.77±0.23 89.80±0.17

Table 6: Few-shot 5-way classification accuracy and 95%
confidence interval with the regularization losses.

Setups MiniImageNet TieredImageNet
1-shot 5-shot 1-shot 5-shot

Parallel 71.90±0.22 83.03±0.16 80.28±0.24 86.02±0.16

Fixed Edges 73.91±0.20 84.21±0.15 82.69±0.25 87.37±0.18

Global → Local 73.42±0.21 84.73±0.16 81.53±0.24 87.04±0.17

No residuals 74.78±0.23 85.71±0.17 83.32±0.22 88.91±0.17

Local → Global 75.27±0.20 86.28±0.15 84.77±0.23 89.80±0.17

Table 7: Few-shot 5-way classification accuracy and 95%
confidence interval with various integration architectures.

et al. 2020; Chen et al. 2021; Zhu et al. 2023), curvature-
based methods (Gao et al. 2021; Ma et al. 2022; Zhang et al.
2022; Trosten et al. 2023; Qi et al. 2021), and semantics-
based methods (Zhang et al. 2024a; Liu et al. 2025). The re-
sults are listed in Table 1, 2. It can be seen that DGGN out-
performs most methods, and SemDGGN achieves the best
performance, demonstrating the effectiveness and superior-
ity of our integration with local and global geometric priors.
Cross-domain FSL. In BSCD-FSL, our model is meta-
trained on MiniImageNet dataset, then meta-tested on the
four unrelated datasets without additional fine-tuning. The
results are listed in Table 3. It can be seen that DGGN out-
performs most methods, and SemDGGN achieves the high-
est performance, proving its effectiveness of capturing trans-
ferable knowledge across different domains.

Ablation Study
Time Complexity. The time complexity of graph con-
struction, ORC calculation, and resistive embedding deriva-
tion is O(n2), O(nk3), and O(n3), respectively. The over-
all time complexity of DGGN is O(Lmax(n3, nk3)) ≈
O(Ln3)(n ≫ k). It’s worth to note that in our setting, n
is very small (80 for 1-shot and 100 for 5-shot).
Graph Topological Similarity. We empirically show the
complementarity between the learned embeddings from lo-
cal and global pathways, and the adaption ability of DGGN
on different types of data. We first meta-train a local-wise
GNN, a global-wise GNN, and DGGN separately under
5-way 5-shot setting with a fixed random seed. To con-
trol randomness, we additionally retrain the local-wise and
global-wise GNNs from scratch with a different random
seed. For each meta-task, we construct a k -NN graph us-
ing all the embeddings from each GNN layer. We use
the normalized graph edit distance (nGED) (Fisman et al.
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Method Label Ratio (%)
20 40 60 80 100

TPN(Liu et al. 2019) 63.4 68.5 70.7 72.1 72.8
EGNN(Kim et al. 2019) 67.0 70.0 71.9 74.4 80.4
DPGN(Yang et al. 2020) 79.4 81.0 81.8 84.6 87.6
DGGN (Ours) 83.0 83.8 85.7 87.6 91.5

Table 8: Semi-supervised FSL classification accuracies.

2022) to measure the layer-wise topological similarity be-
tween the three groups of graphs, where a similarity score
(defined as 1-nGED) close to 1 shows a strong struc-
tural similarity and vice versa. The similarity scores are
averaged across 10,000 meta-tasks for statistical robust-
ness. We choose TieredImageNet and CUB-200-2011, two
datasets representing coarse-grained and fine-grained tasks
respectively. The results are listed in Table 4. The row
“TieredImageNet→CUB-200-2011” denotes that all mod-
els are trained on TieredImageNet and tested on CUB-200-
2011. LL is the comparison between the two local-wise
GNNs. GG is the comparison between the two global-wise
GNNs. LG is the comparison between the local-wise and
global-wise GNNs. LI is the comparison between the local-
wise GNN and DGGN. GI is the comparison between the
global-wise GNN and DGGN. It can be seen that for all
LL and GG comparisons, the scores show that the graphs
remain a high structural similarity, excluding the impacts
of random errors. For all LG comparisons, the scores de-
crease to around 0.5 gradually, indicating a strong structural
dissimilarity between the local and global pathways. On
TieredImageNet, GI is close to GG and LI ≈ LG ≪ GI ,
indicating DGGN adapts to the coarse data structures. On
CUB-200-2011, LI is close to LL and LI ≫ LG ≈ GI ,
indicating DGGN adapts to the nuanced data structures.
On the cross-domain setting, LI is also close to LL and
LI ≫ LG ≈ GI , indicating that DGGN’s learned geo-
metric priors are intrinsic and transferable, which supports
its superior performance on BSCD-FSL benchmark.
Impacts of Local and Global Pathways. We conduct ex-
periments with ResNet-12, comparing four models: a base-
line GNN without incorporating the local and global path-
ways; a local-wise GNN denoted as “Local”; a global-
wise GNN denoted as “Global”; the DGGN. The results
are listed in Table 5. It can be seen that local-wise GNN
or global-wise GNN yields higher improvements on CUB
or TieredImageNet respectively, indicating that these two
GNNs learned different geometric biases that suit differ-
ent data granularity. Furthermore, our framework design
achieves the highest performance, showing that the local and
global geometric priors can facilitate between each other.
Impacts of the Regularization Loss. Table 6 lists the re-
sults with different combinations of the loss functions Lorc

and Lres. It can be seen that both the two regularization loss
functions have a positive improvement on the classification
accuracy, indicating their effectiveness.
Integration Architectures of Local and Global Pathways.
To explore the integration architectures for local and global
pathways, we compared five alternative integration archi-
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Figure 3: Visualization of the support-query similarities at
each layer under 5-way 1-shot 1-query setting.

tectures: “Parallel” denotes that the input node embed-
dings are fed separately into local and global pathways and
the outputs are concatenated to obtain unified node embed-
dings; “Fixed edges” denotes that we only construct a k -
NN graph at the first layer, then the weighted edges are
fixed in the following layers; “Global → Local” denotes
that the node embeddings are first enhanced by the global-
wise pathway, then passed through the local-wise pathway;
“No residuals” denotes that all residual connections are
removed; “Local → Global” is the DGGN framework with
all components included. The results are listed in Table 7.
It can be seen that our DGGN design achieves the highest
performance compared to other integration architectures.
Semi-supervised FSL Evaluation. Following the protocol
of (Yang et al. 2020), we partition each meta-task’s sup-
port set into labeled and unlabeled subsets, varying the ra-
tio of labeled support instances in each class by 20%, 40%,
60%, 80%, and 100%. The experiments are conducted on
MiniImageNet under 5-way 10-shot with ResNet-12. The re-
sults are demonstrated in Table 8. It can be seen that DGGN
surpasses all other approaches.
Visualization. We visualize the support-query similarities in
each DGGN layer under 5-way 1-shot 1-query setting. The
results are demonstrated as heatmaps in Figure 3. It can be
seen that DGGN gradually refines the instance embeddings
in each layer and make the correct classifications for the five
query instances in the final layer.

Conclusion
In this work, we targeted at unifying the pros of curvature-
based and graph-based FSL models in modeling geometric
bias. To formalize this, we devised two different pathways,
one modeled by ORC for local fine-grained metrics, and an-
other by resistive embedding for global coarse-grained con-
nectivity. Our experiments showed that the learned embed-
dings from the two pathways demonstrate complementarity
in graph topological structures. Based on this key observa-
tion, we designed DGGN, a novel framework that adaptively
integrates both local and global geometric priors. We con-
firmed our hypothesis via measuring the graph topological
similarity, which demonstrates that DGGN’s learned geom-
etry well aligns with the underlying distribution from dif-
ferent types of data. As a result of our principled design,
DGGN establishes a new state-of-the-art on standard FSL,
challenging BSCD-FSL, and semi-supervised FSL bench-
marks, proving its robust and discriminative power on han-
dling limited data and domain shift.
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