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FEW-SHOT LEARNING

A or B or C?

⋯

Meta-knowledge

Prediction

To ensure the strong generalization power of meta-knowledge, 
a significant number of training tasks are needed!
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IMPACT OF DIVERSITY OF TRAIN TASKS
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Performance (%) in 10way 5shot meta-training tasks. Amazon-electronics dataset is used.
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Performance (%) in 10way 5shot meta-training tasks. Amazon-electronics dataset is used.
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IMPACT OF DIVERSITY OF TRAIN TASKS
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TEG learns highly transferable meta-knowledge 
with limited diversity of training tasks!

In real-world scenarios, creating diverse tasks becomes challenging 
due to the high cost of labeling.
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THE GENERAL PROCESS FOR SOLVING THE TASK
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THE GENERAL PROCESS FOR SOLVING THE TASK
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THE GENERAL PROCESS FOR SOLVING THE TASK
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THE GENERAL PROCESS FOR SOLVING THE TASK

Task embedding
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Input task, 𝒯#
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𝒯#𝒯#

Let’s share Task-adaptation Strategy! → How?
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EQUIVARIANCE

Euclidean Transformations

Atz,�Kenneth,�Francesca�Grisoni,�and�Gisbert Schneider.�"Geometric�deep�learning�on�molecular�representations." arXiv preprint�arXiv:2107.12375 (2021).

𝐹 ∘ 𝜌 𝑥 = 𝜌 ∘ 𝐹(𝑥)

A function 𝐹: 𝑋 → 𝑌 is equivariant to a transformation  𝜌
It satisfies:

The equation says that applying 𝝆 on the input has the 
same effect as applying it to the output.
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EQUIVARIANCE

Euclidean Transformations

Atz,�Kenneth,�Francesca�Grisoni,�and�Gisbert Schneider.�"Geometric�deep�learning�on�molecular�representations." arXiv preprint�arXiv:2107.12375 (2021).

𝐹 ∘ 𝜌 𝑥 = 𝜌 ∘ 𝐹(𝑥)

A function 𝐹: 𝑋 → 𝑌 is equivariant to a transformation  𝜌
It satisfies:

The equation says that applying 𝝆 on the input has the 
same effect as applying it to the output.

A function 𝐹: 𝑋 → 𝑌 is invariant to a transformation  𝜌
It satisfies:

𝐹 ∘ 𝜌 𝑥 = 𝐹(𝑥)
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APPLYING EQUIVARIANCE TO FEW-SHOT LEARNING
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Task adaptation strategy exhibits equivariance 
to transformations of the task embedding.
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Task adaptation strategy exhibits equivariance 
to transformations of the task embedding.

↓

Share adaptation strategies for tasks with 
same/similar patterns. 

→ Task-Equivariance 
The task embedder is equivariant to Euclidean 
transformation of embeddings of set of nodes 
within a task.
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Task adaptation strategy exhibits equivariance 
to transformations of the task embedding.

↓

Share adaptation strategies for tasks with 
same/similar patterns. → Task-Equivariance

APPLYING EQUIVARIANCE TO FEW-SHOT LEARNING
Embedding�space
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𝒯!

↓

Well-generalized meta-knowledge 
with low diverse training tasks.

→ Our task embedder can solve 𝒯!, 𝒯", 𝒯#
if it can handle 𝒯$ . 
𝒯$ is all we need for training data.

Task adaptation

Task Embedder
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APPLYING EQUIVARIANCE TO FEW-SHOT LEARNING
Embedding space

𝒯!
Considering only the relative embedding within a single task does not provide 
enough information to distinguish the shining red node from the green nodes.
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APPLYING EQUIVARIANCE TO FEW-SHOT LEARNING
Embedding space

𝒯!
Considering only the relative embedding within a single task does not provide 
enough information to distinguish the shining red node from the green nodes.

→ We need the global information from the entire graph for each node.
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APPLYING EQUIVARIANCE TO FEW-SHOT LEARNING
Embedding space

𝒯!
Considering only the relative embedding within a single task does not provide 
enough information to distinguish the shining red node from the green nodes.

→ We need the global information from the entire graph for each node.

→ We generate structural features as global information, which remain constant across all meta-tasks!
e.g., node2vec, DeepWalk, Shortest Path Distance, Centrality ⋯

→ Structural features are constant across all meta-tasks!
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MIMICKING THE N-BODY PROBLEM

N-body problem

Each instance has its own 1) properties (constant)
and 2) coordinates (relative)

Equivariance is needed.
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MIMICKING THE N-BODY PROBLEM

N-body problem

Each instance has its own 1) properties (constant)
and 2) coordinates (relative)

Few-shot Problem

→ 1) structural features (constant) 
2) embeddings (relative)

Equivariance is needed. Equivariance is needed.
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METHODOLOGY
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1. Generating Structural Features 2. Task sampling

3. Task adaptation

4. Prediction
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Generating Structural Features (𝒉𝒔)

Real-world graph datasets tend to consist of multiple connected components.
→ Existing path-based structural features (such as SPD, DeepWalk …) may be 
hindered by no-path-to-reach problem.

no-path-to-reach
anchor node
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Generating Structural Features (𝒉𝒔)

Real-world graph datasets tend to consist of multiple connected components.
→ Existing path-based structural features (such as SPD, DeepWalk …) may be 
hindered by no-path-to-reach problem.

1. Generate 𝑘 virtual anchor nodes. 

no-path-to-reach
anchor node

virtual anchor node
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Generating Structural Features (𝒉𝒔)

Real-world graph datasets tend to consist of multiple connected components.
→ Existing path-based structural features (such as SPD, DeepWalk …) may be 
hindered by no-path-to-reach problem.

virtual anchor node

1. Generate 𝑘 virtual anchor nodes. 

2. Vary the degrees of connectivity for each virtual anchor node.

a) High degrees 
→ alleviate the no-path-to-reach problem

b) Low degrees 
→ has high certainty of structural information.

no-path-to-reach
anchor node



34

METHODOLOGY

:�Query�node

1.�Task-specificstructures,�!!"

Task�Embedder

Classes Virtual
anchorUnlabeled

Inputs

Semantic features

EGNN
!

Graph�Embedder

GNN
"

1 2
4
7

5
8

Task�!"Sampling

3
6
9

Semantic features

##
#$

#%

ℒ! + ℒ"

Coordinates,�$(')

Embedding�space

2.�Coordinates,�%(')
Outputs

Support

Query

Embedding�space

:�Support�nodes

##

EGNN
!

Rot
atio
n Translation

Ref
lect
ion

Embedding�space

#$

#%

#&
#&

#%

#$

##

8 2 3 6
'!"#

8

'$"#'%"#

Shortest�path

&)* :�Shortest�path�distance 3.�Properties,�%(+)

TaskAdaptation

(&(() =

Properties, $(+)

0.33 0.25 0.14

"($)

*(*) *(+)

Virtual�edge

1
4

7 9

5

2

8

3

6

'!"#
&$
)*

'%
"#

Structural features

Query�node
Generating Structural Features (𝒉𝒔)

Real-world graph datasets tend to consist of multiple connected components.
→ Existing path-based structural features (such as SPD, DeepWalk …) may be 
hindered by no-path-to-reach problem.

1. Generate 𝑘 virtual anchor nodes. 

2. Vary the degrees of connectivity for each virtual anchor node.

a) High degrees 
→ alleviate the no-path-to-reach problem

b) Low degrees 
→ has high certainty of structural information.

no-path-to-reach
anchor node

3. Generate structural features based on the SPD from each 𝑘 virtual node.

where and is the SPD between node 𝑣 and 𝑢
virtual anchor node
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Generating Semantic Features (𝒉𝒍)

In order to reflect the semantic context of the entire graph, we employ 
GCNs as a graph embedder to obtain the semantic feature 𝐇(()
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Generating Semantic Features (𝒉𝒍)

In order to reflect the semantic context of the entire graph, we employ 
GCNs as a graph embedder to obtain the semantic feature 𝐇(()

Task Sampling

In the case of 𝑁-way 𝐾-shot, 1) 𝐾 support nodes 2) 𝑀 query nodes are samples for each class. 
→ 𝑁×(𝑁 +𝑀) nodes for each task.

e.g., 3-way 3-shot 3-query task

3-
w

ay

3-shot 3-query

Support set Query set
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Task Adaptation

Utilizing the Equivariant Graph Neural Networks (EGNN*), the task embedder 
plays adaptation to the given task.

In order to capture the relations between nodes within the t
ask, we use following as inputs :

1.�Task-specificstructures,�!!!

Task�Embedder

Inputs

Semantic features

EGNN
!

Semantic features

Coordinates,�"(#)

Embedding�space

2.�Coordinates,�#(#)
Outputs

3.�Properties,�#(%) Properties, "(%)

1. Task-specific graph structures, 𝒢𝒯!

2. Coordinates of each node in the embedding space.
= Semantic features, 𝐡 (

3. Constant properties of each node across all tasks.
= Structural features, 𝐡 +

* Satorras, Vıctor Garcia, Emiel Hoogeboom, and Max Welling. "E(n) equivariant graph neural networks."
International conference on machine learning. PMLR, 2021.
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

Embedding space

𝒯!

: Support node
: Query node

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

Embedding space

𝒯!
Constant properties of each node.

: Support node
: Query node

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

Embedding space

𝒯!
Constant properties of each node.

Relative distance between two nodes.

→ Transformation (i.e., translation, rotation, reflection) invariant.
: Support node
: Query node

→ inv. → inv.

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

→ Transformation (i.e., translation, rotation, reflection) invariant.

𝒯!

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

→ Transformation (i.e., translation, rotation, reflection) invariant.

𝒯!
Initial position of target node.

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

→ Transformation (i.e., translation, rotation, reflection) invariant.

𝒯!

Relative position difference.

Initial position of target node.

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

→ Transformation (i.e., translation, rotation, reflection) invariant.

𝒯!Weighted (by message 𝑚,-)
Relative position difference.

Initial position of target node.

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

→ Transformation (i.e., translation, rotation, reflection) invariant.

𝒯!Weighted (by message 𝑚,-)
Relative position difference.

→ Transformation equivariant.

→ inv. → equi. → inv.

Initial position of target node.

Task Adaptation
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1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

3. Aggregate messages, then update properties.

where 𝜙( ∶ ℝ%"&%! → ℝ%!

→ Transformation (i.e., translation, rotation, reflection) invariant.

→ Transformation equivariant.

𝒯!
→ inv.

→ inv.

→ Transformation invariant.
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METHODOLOGY

1. Generate a message 𝑚,- from node 𝑗 to 𝑖.

where 𝜆 : the index of the layer, 𝜙$: ℝ"%!&! → ℝ%" .

2. With the generated messages 𝐦,-, update coordinates.

where 𝜙' ∶ ℝ%" → ℝ!, 𝐶 : the number of nodes within a meta-task, excluding node 𝑖.

3. Aggregate messages, then update properties.

where 𝜙( ∶ ℝ%"&%! → ℝ%!

→ Transformation (i.e., translation, rotation, reflection) invariant.

→ Transformation equivariant.

→ Transformation invariant.

The task embedder plays an important role where adaptation is made equivariantly with respect to the 
transformation of semantic features.

Task Adaptation
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Prediction
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The task adaptation strategies have to be equivariant, but we need to provide 
the same prediction(logits) for different tasks that have same task-patterns.

→ The metric of prediction should be invariant to the transformation.

𝒯! 𝒯"
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The task adaptation strategies have to be equivariant, but we need to provide 
the same prediction(logits) for different tasks that have same task-patterns.

→ The metric of prediction should be invariant to the transformation.

𝒯! 𝒯"

We adopt ProtoNet* based prediction, which are using squared Euclidean distance, which an invariant metric to 
transformations. 

where 𝐳),+
' : final coordinates of the 𝑖-th support nodes, which belongs to class 𝑐.

where 𝑑(4,4) : squared Euclidean distance. 
Then we classify the query node by finding the class with the highest probability.

where 𝑦, : ground truth label of the 𝑞-th query node, 𝕀(4) : indicator function.

* Snell, J., Swersky, K., & Zemel, R. (2017). Prototypical networks for few-shot learning. Advances in neural information processing systems, 30.

Prediction
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We also calculate the loss using the semantic features before task adaptation, 
which helps the graph embedder learn more distinguishable semantic features 
between the classes.

where 𝐡),+
' : final coordinates of the 𝑖-th support nodes, which belongs to class 𝑐.

where 𝑑(4,4) : squared Euclidean distance. 

where 𝑦, : ground truth label of the 𝑞-th query node, 𝕀(4) : indicator function.

Prediction
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We also calculate the loss using the semantic features before task adaptation, 
which helps the graph embedder learn more distinguishable semantic features 
between the classes.

where 𝐡),+
' : final coordinates of the 𝑖-th support nodes, which belongs to class 𝑐.

where 𝑑(4,4) : squared Euclidean distance. 

where 𝑦, : ground truth label of the 𝑞-th query node, 𝕀(4) : indicator function.

Final Loss Function

where 𝛾: tunable hyperparameter

Task embedder Graph embedder

Prediction
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EXPERIMENTS
Main Results

In a traditional few-shot learning settings (i.e., using sufficient training meta-tasks), TEG outperforms all the baselines.
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EXPERIMENTS
Impact of Diversity of Meta-Train Tasks

Our model achieves further performance improvements compared to the baseline methods as the diversity of tasks 
decreases.

TEG outperforms other models when faced with limited meta-training tasks and has a strong ability to 
adapt to new tasks with minimal training data, which is common in real-world scenarios.
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EXPERIMENTS
Effectiveness of Task-Equivariance

In order to verify the generalization ability of TEG achieved by the task-equivariance, we evaluate the model perfor
mance on a set of meta-tasks generated by transforming the meta-train tasks set.

1. Train models with meta-train tasks. → 2. Transform the meta-train tasks. → 3. Re-evaluate the models!
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Effectiveness of Task-Equivariance

In order to verify the generalization ability of TEG achieved by the task-equivariance, we evaluate the model perfor
mance on a set of meta-tasks generated by transforming the meta-train tasks set.

1. Train models with meta-train tasks. → 2. Transform the meta-train tasks. → 3. Re-evaluate the models!

Τ./0 : original meta-train tasks.
Τ1.23+ : transformed meta-train tasks.
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Ac
cu

ra
cy

Types of transformation

→  Evaluation for Tasks with same patterns



61

EXPERIMENTS
Effectiveness of Task-Equivariance

In order to verify the generalization ability of TEG achieved by the task-equivariance, we evaluate the model perfor
mance on a set of meta-tasks generated by transforming the meta-train tasks set.

1. Train models with meta-train tasks. → 2. Transform the meta-train tasks. → 3. Re-evaluate the models!

Τ./0 : original meta-train tasks.
Τ1.23+ : transformed meta-train tasks.

(b) Transformation with noises

Ac
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ra
cy

Types of transformation

→  Evaluation for Tasks with similar patterns
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EXPERIMENTS
Effectiveness of Task-Equivariance

In order to verify the generalization ability of TEG achieved by the task-equivariance, we evaluate the model perfor
mance on a set of meta-tasks generated by transforming the meta-train tasks set.

1. Train models with meta-train tasks. → 2. Transform the meta-train tasks. → 3. Re-evaluate the models!

Τ-./ : original meta-train tasks.
Τ0-12( : transformed meta-train tasks.

(a) Transformation only (b) Transformation with noises

ac
cu

ra
cy

Types of transformation Types of transformation

Tasks with same patterns Tasks with similar patterns

Task-equivariance enables the model to acquire highly transferable meta-knowledge
that can be applied to new tasks with both same and similar task- patterns.
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CONCLUSION

- In meta-learning based few-shot learning, having a sufficient number of training meta-tasks is crucial.

- However, obtaining diverse training meta-tasks is challenging in real-world scenarios due to the high cost of labeling.

- To address this, TEG learns highly transferable task-adaptation strategies even from limited training meta-tasks with 
low diversity.

- We incorporate equivariance into few-shot learning to maximize generalization with the limited tasks.
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Final Loss Function

where 𝛾: tunable hyperparameter

Task embedder Graph embedder


