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Machine Learning Landmarks
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Large Language ModelsHand-designed Features Shallow Models Deep Models

ChatGPT 2022ImageNet 2012 AlphaGo 2016 AlphaFold 2020 



The Success of Machine Learning

Large, diverse data                            Broad generalization
(+ large models)

Under the paradigm of supervised 
learning.

Yaqing Wang 55



Scaling Law

6

Model Size Scaling
(Number of parameters)

Data Scaling
(Number of tokens)

Compute Scaling
(GPUs, training time, other costs)

Model 
Performance

(Minimize Loss)



When It Fails…

What if you do not have a large dataset?
medical imaging, robotics, translation for rare languages, personalized education and 
recommendations…

What if you want a general-purpose AI system in the real world?
Need to continuously adapt and learn on the job. Learning each thing from scratch will not cut it.

What if your data has a long tail?

These settings break the supervised 
learning paradigm.

Yaqing Wang 67



Scientific Scarcity
Example: Drug Discovery

Lengthy process, expensive and high failure 
rate：
Total cost: $2.6 billion
Total time: ≥ 10 years
Clinical success rate: ~12%
Scarcity of labeled samples

Large chemical space to be explored
Drug-like small molecules：1033 − 1060
Existing molecular databases to linearly 

screen：~106
Hard to enumerate

8Drug Development  [H. Matthews et al., Proteomes 2016] 



Abundant new items appear each day
cold-start phase: have no user interaction, 
warm-up phase: accumulate a few initial 

clicks
common phase: get sufficient clicks

High-quality annotations are hard to obtain!

Require efficient incremental learning

Clicks

Efficient Data Utilization
Example: Recommendation for Emerging Items

9



Few-Shot Learning (FSL)

➢Machine Learning [M. T. Mitchell. 1997]
A computer program is said to learn from experience E with respect to some classes of task T and 
performance measure P if its performance can improve with E on T measured by P.
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In Few-shot Learning (FSL), 
E is limited!



Generalizing from a Few Examples

11

Human Learning Efficiency: Humans are natural Few-Shot Learners. 

A child can grasp a new concept (e.g., recognizing a "dog") after seeing just one or two examples, 
without needing thousands of training images.



Human Intelligence is Supported by Prior Knowledge

Vision: To advance machine learning technology and bridge the gap between AI and human 
capabilities with the help of prior knowledge

12

humanity’s inherent 
prior knowledge

societal prior knowledge personal prior knowledge



Core Issue of FSL
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hypothesis

Unknown Data 
distribution

Unreliable Empirical Risk Minimizer

Machine learning

FSL

“Generalizing from a Few Examples: A Survey on Few-Shot Learning.” ACM Computing Surveys (CSUR), 2020. 

➢ Expected Risk

➢ Empirical Risk

➢ Total Error



Prior Knowledge Helps FSL
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• Data: Increase the number of training samples using prior knowledge 
• Model: Constrain the complexity of H using prior knowledge
• Algorithm: Alter search strategy in H by prior knowledge

➢Total Error

“Generalizing from a Few Examples: A Survey on Few-Shot Learning.” ACM Computing Surveys (CSUR), 2020. 



Ack: Gemini
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My Research Landscape
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Scientific Scarcity
• PDE (ICLR 2026)
• Molecular Property Prediction (NeurIPS 

2021, IJCAI 2024, TPAMI 2024)
• Drug-Drug Interaction Prediction 

(Commun. Med. 2024)

From Few-Shot Learning to Data-Efficient Intelligence

Application

Efficient Data Utilization
• Personalized Recommendation 

(TheWebConf 2023, TSC 2023, KDD 
2023, KDD 2024, KDD 2025)

• Intent Recognition (EMNLP 2021, SIGIR 
2022, EMNLP 2022, TMC 2024)

Meta Learning
(CSUR 2020, 

NeurIPS 2025 Oral, 
TPAMI 2026)

In-Context Learning
(ICLR 2025, EMNLP 2025, 

AAAI 2026)

Data-Efficient 
Agentic Learning

(NeurIPS 2025, IJCAI 2026, 
ICML 2026)

Efficienc
y

Adaptation Interpretation

Technology

Technology
Roadmap
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Meta-Learning
How to generalize to new tasks with only a limited number of examples?
-Based on a simple machine learning principle: test and train conditions must match
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Meta-
learner

Evaluate on meta-testing tasksObtain prior knowledge from 
meta-training tasks



Overview of the Meta-Train/Test Pipeline
Unseen

Task 1

Task 2

…Task 3

Meta-training

𝓣𝑡𝑟𝑎𝑖𝑛

Support set

Meta-testing/real-world deployment

Tasks from 𝓣𝑡𝑒𝑠𝑡

Labeled (✓) (✓)

(✓) Query set ( ? )

Support set (✓) Query set ( ? )

Support set (✓) Query set ( ? )

…

Meta-learner

Testing performance

(training set) (validation set)

Yaqing Wang 1719



Learning To Learn My Works
Optimization Optimizer (start point, 

strategy…)
Fine-tune the 
model parameters 

NeurIPS 2021, 
TPAMI 2024

Metric Transferable 
representation and 
similarity metric

Predict based on 
distance/similarity 
on the space

SIGIR 2022, 
NeurIPS 2025
(Oral, Top 0.4%)

Amortization Black-box task 
encoder

Generate specific 
weights

WWW 2023, 
IJCAI 2024, 
KDD 2024,
TMC 2024

20

Learning (prior knowledge) to learn (adapt to each task).
Different kinds of prior knowledge and adaptation:

Main 
Networks

Hyperne
tworks

Adaptive 
parameters

x

z
y

Mainstream Meta-Learning Algorithms
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Optimization-Based Meta-Learning

Learning optimizer to fine-tune
Meta-learn the start-point:

Yaqing Wang 3022



Optimization-Based—MAML

23

Algorithm:
Step 1: Adapt the shared model 

initialization to each meta-
training task.

Step 2: Update the shared 
initialization using the query 
loss after adaptation.

Step 1

Step 2



Optimization-Based—MAML
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𝜃

For episode in range (max_episodes):

𝑙(𝜃, 𝑆1)

𝑙(𝜃, 𝑆2)

𝜃1 = 𝜃 − ∇𝜃𝑙(𝜃, 𝑆1)

𝜃2 = 𝜃 − ∇𝜃𝑙(𝜃, 𝑆2)

Task 1:

Task 2:

Support 
set 1

Support 
set 2

𝑙(𝜙1, 𝑄1)
query 
set 1

𝑙(𝜙2, 𝑄2)
query 
set 2

∇𝜃[𝑙 𝜙1, 𝑄1 + 𝑙 𝜙2, 𝑄2 + ⋯ ]

… …

…

sample a batch of tasks:



Optimization-Based Pipeline

1. Learn from many related tasks.
2. Learn a shared model initialization.
3. Use the support set to update the model.
4. Apply the adapted model to the query examples.

Adaptation is performed through gradient updates.

Yaqing Wang 3625
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Metric-Based Meta-Learning

learn a transferable representation and similarity metric 
• Meta-learn the encoder
• Compare the query embedding with the labeled embeddings

Yaqing Wang 3827



Metric-Based Algorithm

Compare test image with training images
In what space do you compare? With what distance metric?

Yaqing Wang 3928



Metric-Based—Prototypical Network

d: Euclidean, or cosine distance

Snell J, Swersky K, Zemel R. Prototypical networks for few-shot learning[J]. Advances in neural information processing systems, 2017, 30.

Yaqing Wang 4229



Metric-Based—Prototypical Network

Testing Prototypical Network

Yaqing Wang 4330



Metric-Based Pipeline

1. Learn from many related tasks.
2. Learn a shared representation and similarity measure.
3. Use the support set to represent the new task.
4. Make predictions according to learned similarities.

Adaptation is performed by constructing a task-specific classifier.

31
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Amortization-Based Meta-Learning

Meta-learn a task-conditioning network that generates a small set of task-specific
parameters.

The Architecture
• Hypernetwork: a set encoder
• Main-network (backbone): predictor 
• Modulation function

Yaqing Wang 4833



Amortization-Based—(Simple) CNAPS
• Generate task-specific modulation parameters for the main network
• Test-time adaptation becomes a forward pass

Requeima J, Gordon J, Bronskill J, et al. Fast and flexible multi-task classification using conditional neural adaptive processes[J]. Advances in neural information processing systems, 2019, 32.
Bateni P, Barber J, Goyal R, et al. Beyond simple meta-learning: Multi-purpose models for multi-domain, active and continual few-shot learning[J]. arXiv preprint arXiv:2201.05151, 2022.

Yaqing Wang 50

Pretrained CNN (Main Network)

Hypernetwork

34



Amortization-Based Pipeline

Yaqing Wang 51

1. Learn from many related tasks.
2. Learn a shared model and a task-conditioning mechanism.
3. Use the support set to generate a small set of task-specific 

parameters.
4. Use these parameters to adapt the shared model for the query 

examples.

Adaptation is produced directly, without iterative gradient updates.

35
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✓ Larger language models showed increasingly strong task 
adaptation from the context alone.

In-Context Learning (ICL)



A Task Can Be Specified by Instructions and Examples

Context specifies the task through instructions, demonstrations, or both.

Yaqing Wang 57

• Zero-shot：instruction only
• One-shot：instruction + one 

example
• Few-shot：instruction + several 

examples

38



ICL and Meta-Learning Share an Adaptation View

Yaqing Wang 2

ICL and Meta-Learning Share an Adaptation View

EXPLICIT META-LEARNING IN-CONTEXT LEARNING

Distribution of tasks Distribution of sequences and tasksSOURCE

↓ ↓

Meta-training Language-model pretrainingTRAINING

↓ ↓

Learned explicit adaptation mechanism Implicit adaptation mechanismADAPTATION 
RULE

↓ ↓

Support set ContextTASK EVIDENCE

↓ ↓

Task-adapted predictor Context-conditioned predictionOUTPUT

The key difference is where adaptation happens: explicitly through a learned 
mechanism, or implicitly within the forward pass.

39



Transfor
mer

40

Optimization
-Based

Metric
-Based

Amortization
-Based

ICL                                           Meta-Learning                             Learning Algorithms

Linear Regression          

Gradient 
Descent

…

We study ICL by comparing it with optimization-, metric-, and amortization-based 
meta-learners.

Why ICL Models Are Good Few-Shot Learners?

"Why In-Context Learning Models are Good Few-Shot Learners?." in International Conference on Learning Representations (ICLR), 2025.



With suitable parameters, a Transformer can represent gradient-based, metric-
based, and amortized adaptation.

41

✓ When trained on one task family, ICL recovers the corresponding 
learning algorithm.

✓ When trained on mixed task families, ICL learns to select a data-
dependent adaptation rule.

ICL with Transformers as Meta-Learners



ICL Pipeline

1. Learn from diverse data and tasks during pretraining.
2. Learn a shared model that can infer a task from context.
3. Provide task instructions and/or demonstrations as context.
4. Use the context to make predictions for new queries without 

updating model parameters.

Adaptation is performed through context-conditioned computation, 
without parameter updates.

Yaqing Wang 6342
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Four Ways to Adapt from Limited Evidence

Yaqing Wang 53

Method What the evidence changes Test-time mechanism
Optimization-based
Meta-Learning Model parameters Gradient updates

Metric-based
Meta-Learning Task-specific classifier Similarity-based 

construction
Amortization-based
Meta-Learning

A small set of task-specific 
parameters Task-conditioning network

In-context learning Internal states and 
predictions

Context-conditioned 
inference

The key distinction is how limited evidence is converted into task adaptation.

44
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No Adaptation Mechanism Dominates Everywhere
Method Main Strength Main limitation
Optimization-based
Meta-Learning

Flexible task-specific 
adaptation

Slow and sensitive to 
optimization

Metric-based
Meta-Learning Fast and simple Depends on a meaningful 

representation and metric
Amortization-based
Meta-Learning

Fast, structured task 
conditioning

Limited by the meta-
training task distribution

In-context learning Flexible task specification 
without parameter updates

Sensitive to context 
selection, order and 
formatting

Flexibility, speed and robustness cannot usually be maximized at the same time.



NO NO NO

Yaqing Wang 1

Are test-time parameter
updates feasible?

Is there a meaningful
similarity metric?

Is the task structure stable
across deployment?

Can context specify the task
through instructions or examples?

Optimization-Based Metric-Based Amortization-Based In-Context Learning

YES YES YES YES

Choosing an Adaptation Mechanism

Flexible, but requires 
iterative updates

Fast, if similarity is 
meaningful

Fast, if task structure is 
stable

Flexible interface, but 
context-sensitive

• If none applies: reformulate the task interface or use a hybrid mechanism.
• Large distribution shift? Prefer explicit adaptation or a hybrid mechanism.

46
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Practices: Modeling Applications as Few-Shot Learning

A General Modeling Recipe

1. Identify Label Scarcity
2. Define the Task
3. Construct Support and Query Sets
4. Extract the Task-Specific Insight
5. Design and Validate the Adaptation Strategy

We illustrate this recipe through two application cases

48



Molecular Property Prediction (MPP)

49

Property

f ( )=
Molecule

Molecular RepresentationsMolecule

GNNS Few-shot Learning Models

GIN
GAT
GCN 
…

Matching Networks
MAML
…

𝑦

Prediction

Today’s Focus



MPP as a Few-Shot Learning Problem
Learning a predictor from a bunch of property prediction tasks and generalize to predict new 
properties with a few labeled molecules
Each task corresponds to an experimental assay testing on whether each molecule 𝑥𝜏,𝑖 is active (𝑦𝜏,𝑖 =
1) or inactive (𝑦𝜏,𝑖 = 0) on a target property

50

2-way: active and inactive
2-shot: 2 labeled samples per class

Meta-training tasks

A New Task

2-way 2-shot

𝐷𝑠𝑢𝑝𝑝𝑜𝑟𝑡 𝐷𝑞𝑢𝑒𝑟𝑦

𝑓(𝜃)Obtain prior knowledge from 
meta-training(i.e. similar) tasks

𝑇𝜏

𝐷𝑠𝑢𝑝𝑝𝑜𝑟𝑡

𝐷𝑞𝑢𝑒𝑟𝑦

……

𝐷𝑠𝑢𝑝𝑝𝑜𝑟𝑡 𝐷𝑞𝑢𝑒𝑟𝑦



Our Insight

51

Different molecular structures correspond to different 
properties

“Property-Aware Relation Networks for Few-Shot Molecular Property Prediction", in Neural Information Processing Systems (NeurIPS), 2021
“Property-Aware Relation Networks for Few-Shot Molecular Property Prediction", in IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 2024. 

Relationships between molecules vary with target propertieshttps://www.nature.com/articles/s41467-023-38192-3/figures/1



PAR
The same molecule shows different properties in different MPP tasks
The general molecular embeddings are transformed to be property-aware

52

average

average

Classic Approaches PAR

GNN

GNN

GNN

GNN

GNN ?

active

inactive

inactive

active

GNN

GNN

GNN

GNN

GNN

self-attention with

self-attention with

self-attention with

self-attention with

self-attention with

average

average

?

active

inactive

inactive

active

GNN

GNN

GNN

GNN

GNN

self-attention with

self-attention with

self-attention with

self-attention with

self-attention with

Property AProperty B

Different labels!

Task-specific parameterShared parameters



PAR

Molecular relationship changes across target properties

53

?

active

inactive

inactive

active

node 
embedding

learning 

adjacency 
matrix

learning

Property-aware 
molecular 
embedding

classifier

𝑦
?

active

inactive

inactive

active

classifier

𝑦

Classic Approaches PAR

Shared parameters Shared parameters Task-specific
parameters



Results

54

General molecular embeddings Property-aware molecular embeddings

Pretrained

Trained 
from 

Scratch

Property-aware adaptation consistently improves 
performance, especially in the lowest-shot settings.



User Cold-Start Recommendation

• New users continuously enter recommendation systems with only a few observed 
interactions.

• User activity follows a long-tailed distribution, and most users have limited 
interaction histories.

Distribution of user-interactions in BookCrossing
55



Cold-Start Recommendation as a Few-Shot Learning 
Problem
Each task 𝑇𝑖 corresponds to a user 𝑢𝑖, with 

• a support set Si = { 𝑣𝑗, 𝑦𝑖,𝑗 }𝑗=1𝑁 containing existing
interaction histories 

• a query set Qi = { 𝑣𝑗, 𝑦𝑖,𝑗 }𝑗=1𝑀 containing interactions to 
predict.

Si and Qi are disjoint, and 𝑁 is small for cold-start users.
Here, 
• 𝑢𝑖 represents content features of a user (categorical or 

numerical, e.g., occupation, age),
• 𝑣𝑗 represents content features of an item.

56



ColdNAS

57

“ColdNAS: Search to Modulate for User Cold-Start Recommendation", in The Web Conference, 2023.

“Searching to Modulate for Cold-Start Recommendation”, in IEEE Transactions on Pattern Analysis and Machine Intelligence (TPAMI), 2026.
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Results
User-specific modulation improves both predictive performance 

and search efficiency.



Summary: Learning with Limited Labels
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The key is not merely choosing a method, but formulating the right task and 
designing the right adaptation strategy



Thanks! Questions?

Contact Me at wangyaqing@bimsa.cn

Know More About Me at wangyaqing.github.io/

60

mailto:ywangcy@connect.ust.hk
http://wangyaqing.github.io/
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