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Machine Learning Landmarks

Hand-designed Features ~ Shallow Models Deep Models Large Language Models
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The Success of Machine Learning

Large, diverse data > Broad generalization

(+ large models) e of Parameters —
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Scaling Law

Compute Scaling
(GPUs, training time, other costs)

Model
Performance
(Minimize Loss)

Data Scaling Model Size Scaling
(Number of tokens) (Number of parameters)

What is scaling law?

® Scaling laws in machine learning refer to empirical relationships that describe how the
performance of a model (such as a neural network) improves as a function of various factors like
the amount of training data, model size (number of parameters), and computational resources.
7 4.2
6 —— L={(D/5.4-10%3)-90% | 56 —— L=(N/8.8-1013)-0076
3.9
4.8
g° 36
' 4.0
Sa
=
17 3.3 32
P 3
3.0
24
L = (Cminf2.3-108)70050
2 = 2.7
1072 Lo 1075 1073 10! 10! 10% 107 10° 107 107
Compute Dataset Size Parameters
PF—o‘ays, non—embedding tokens non-embedding

Parti-350M Parti-750M Parti-3B Parti-20B




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 Al system 1n 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?

2

é | big data

=/

S \ / These settings break the supervised
E ~ F learning paradigm.

objects encountered

Yaqing Wang



in vitro in vivo Clinical trials Approved

Scientific Scarcity c
& ® =

Example : Drug D iscovery Animal model [:> Safety & effect concern |:> | é@

Drug Pre-clinical Clinical Drug
Discovery Drug Development Development
Lengthy process, expensive and high failure
Drug discovery Pre-clinical Clinical trials Regulatory approval

rate :

Total cost: $2.6 billion \
Total time: > 10 years
Clinical success rate: ~12%
Scarcity of labeled samples 5,000- 10,000 - ) o
compounds compounds compounds - drug o
Large chemical space to be explored
Drug-like small molecules : 1033 — 10°Y
Existing molecular databases to linearly /
screen : ~10°
Hard to enumerate . Target * Invitroandin
identification and vivo toxicity
validation : ADMET _ - =
v Assay . PK/PD @ E v
3 development § 'E é
. 18 Lead generation
9 . 3-5 years 1-2 years 6-7 years 1-2 years

Drug Development [H. Matthews et al., Proteomes 2016] 8
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Efficient Data Utilization
Example: Recommendation for Emerging Items

Clicks Abundant new items appear each day

cold-start phase: have no user interaction,

warm-up phase: accumulate a few initial

~
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| Tt fomain \& clicks
=EEEe
g slrislage common phase: get sufficient clicks
alrls]z]z2]?
MEEBDBE v ¢ o
B ‘ﬁ@ it High-quality annotations are hard to obtain!
Users _\v ;w '/ A
A Incentive  p=={  Aggregation
&g Topical _/ ‘\ I’A . . . .
[\ eoers b om=s Require efficient incremental learning



Few-Shot Learning (FSL)

In Few-shot Learning (FSL),
E 1s limited!

» Machine Learning [M. T. Mitchell. 1997]

A computer program 1s 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.

Task (T) “',
e What to do)k‘ @}’ Q

-
=t
‘U Improves C)
Experience (E) | /'

e Training Data LEARNING ALGORITHM

e Past Interactions

e Feedback o Accuracy
e Error Rate

e Speed

Performance (P)



Generalizing from a Few Examples

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

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

Human’s Few-Shot Learning Capability

Learning Phase Generalization Phase
(Few Examples) VY (New Encounter)

Vor

fie

A
it
Vi

/}l\‘.‘\ /JA

Thisis a

Learning Phase Generalization Phase
(Few Examples) (New Encounter)
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Human Intelligence 1s Supported by Prior Knowledge

CULTURE BT A #R Sk Ak Sk AR

humanity’s inherent societal prior knowledge personal prior knowledge

prior knowledge

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



optimal: ]Az

approximation error &,y

pest in H: h .
Core Issue Of F SL empirical best: i g Nation error Ee
> Expected Risk Unknown Data Machine learning
dls‘trlbutlon
R = [ k). ) dptxy) = Blh). )] .
hypothesis h
.. . Eanp
> Empirical Risk
1
Ri(h) = f Ef(h(x i) Vi) » Unreliable Empirical Risk Minimizer
i=1

FSL

> Total Error A
E[R(hr) = R(h)] = E[R(h") — R(h)] + E[R(hr) — R(h™)]

o h= arg miny R(h) be the function that minimizes the expected risk;
e h* = arg minycq R(h) be the function in H that minimizes the expected risk;
e h; = arg minycq Ry(h) be the function in H that minimizes the empirical risk.

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



» Total Error
Prior Knowledge Helps FSL E[R(h) ~ R()] = E[R(") ~ RW)] + B[R(hr) ~ R(h")]
8app (7-{) 8est (7—(, I )

* 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

prior

knowledge
knowledge

start /\

H

H start

(a) Data. (b) Model. (c) Algorithm.

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



Few-Shot Learning with Prior Knowledge

(Data, Model, Parameter)

" PRIOR KNOWLEDGE FOUNDATION |

o —

PRIOR DATA
(Massive Datasets,
World Knowledge)

1

PRIOR MODEL
(Inductive Bias,
Architecture Design)

PRIOR PARAMETERS |~
(Pre-trained Weights,

Initialization)

Lo

' NEW, FEW-SHOT TASK |

(3 -5 Examples)

*
y ’ v
p -

Ack: Gemini

RAPID ADAPTATION ENGINE
(Meta-Learning / Fine-tuning Process)

~

LEARNED MODEL
for NEW TASK

(Successful Inference)

v
Q

" v

LEARNED MODEL

for NEW TASK
(Successful Inference)
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My Research Landscape

From Few-Shot Learning to Data-Efficient Intelligence

Technology
—~ Roadmap -
Technology

! Meta Learning
i (CSUR 2020,

In-Context Learning

Data-Efficient
Agentic Learning

(NeurIPS 2025, IJCAI 2026,

ICML 2026)

NeurIPS 2025 Oral, LTI 2:?& IEé\gzN6LP 2025,
TPAMI 2026) )
o APPHCAION -

| Q) Scientific Scarcity

.« PDE (ICLR 2026) .
*  Molecular Property Prediction (NeurlPS

2021, IICAI 2024, TPAMI 2024)

*  Drug-Drug Interaction Prediction .
(Commun. Med. 2024)

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)

16
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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

Reserve a test set for each task!

2]
Dmeta—train

D,

P | D a ‘
/”‘ 3 : 4 - n/_

.

\‘ \ v'v:..lﬁi L._. v o

ﬁ

¥

Obtain prior knowledge from
meta-training tasks

Meta-
- é%-»

Given 1 example of 5 classes:

Classify new examples

= 0=

Evaluate on meta-testing tasks

18



Overview of the Meta-Train/Test Pipeline

»
»

4 2\  Unseen
Support set | Query set i
(training set) (validation set) ! Support set (v) Query set (?)
Labeled (V) & - ) i
| Support set (v) Query set (?)
N classes - E
Support set (v) Query set (?)
i Tasks from J°test
Task 1 i ‘ MODEL
Task 3 E I
\_ T train | ) i Testing performance

Meta-training Meta-testing/real-world deployment

Yaqing Wang



Mainstream Meta-Learning Algorithms

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

Learning To Learn My Works
Optimization | Optimizer (start point,| Fine-tune the NeurIPS 2021,
strategy...) model parameters | TPAMI 2024
Metric Transferable Predict based on SIGIR 2022,
representation and distance/similarity | NeurIPS 2025
similarity metric on the space (Oral, Top 0.4%)
Amortization | Black-box task Generate specific WWW 2023,
Main encoder weights IJCAI 2024,
Networks KDD 2024,
TMC 2024
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Optimization-Based Meta-Learning

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

— meta-learning

6 ---- learning/adaptation
VL;
VL,
ve!l N\ 03

27
= 30



Optimization-Based—MAML

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.

Algorithm 2 MAML for Few-Shot Supervised Learning

Require: p(7): distribution over tasks
Require: o, (3: step size hyperparameters
1: randomly initialize 6
2: while not done do

3:
4
- 5
6.
Step 1 -
7
- &
4 9:
Step 2 o

[

Sample batch of tasks 7; ~ p(7T)

for all 7; do
Sample K datapoints D = {x), y9)} from 7;
Evaluate Vg L7 (fg) using D and L7; in Equation (2)
or (3)
Compute adapted parameters with gradient descent:
0; =0 — aVoLT,(fo)
Sample datapoints D) = {x),y9)} from 7; for the
meta-update

end for

Update 0 <= 0 — BV > ) £7.(fe;) using each D;

and L7; in Equation 2 or 3

11: end while

[\
W



Optimization-Based—MAML

For episode in range (max_episodes):

0 sample a batch of tasks:
Task 1: Support
ue
w1 LO.S) ] 61=0-Y5l(6,5) — L 5—{1(61,Q)
Task 2:
Support ue
set 2 L(0,52) " 02 =0 —Vpl(6,5;) get ;y " U($2,0Q2)

v

v@ [l(¢1; Ql) + l(¢2' QZ) + ] <



Optimization-Based Pipeline
1. Learn from many related tasks.

2. Learn a shared model initialization.

3. Use the support set to update the model. - learning/adaptation

4. Apply the adapted model to the query examples. WZ
VL ,2/".9;

Adaptation is performed through gradient updates. 0" gy

25 36
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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




Metric-Based Algorithm

, t
training data D;" test datapoint T >

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

Yaqing Wang
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Metric-Based—Prototypical Network

po(y = K|z) = <R\ =do(2), k)
O T S exp(=d(fo (@), cx))

d: Euclidean, or cosine distance
(a) Few-shot

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

Yaqing Wang
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Metric-Based—Prototypical Network

Testing Prototypical Network

4 -2 ? =)
~ER= -
| Dlrum : Dot J
2 3 5 S R 2\
R | e
- o e : E~

< Dtr-nl . Dieue =)

- -

- -

3 5
" - o .
”T.: 'w F D, . . . tent l
o 3 find the nearest
) class prototype

meta-learn
projection function

78
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Metric-Based Pipeline

Learn from many related tasks.

Learn a shared representation and similarity measure.

Use the support set to represent the new task.

= b=

Make predictions according to learned similarities.

Adaptation 1s performed by constructing a task-specific classifier.
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Amortization-Based Meta-Learning

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

parameters. o
yr,j

T
The Architecture Task adaptation by : |
modulating main network
ith task- ifi i k
« Hypernetwork: a set encoder . | barametor Main networ
. . F(-, 6r)
» Main-network (backbone): predicto ’
Hypernetwork ‘
. . .0
e Modulation function AL, O \_ J
[.[_[ (Xii, ¥ei) ] X l

Samplesin S, Atargetin Q,



Amortization-Based—(Simple) CNAPS

* Generate task-specific modulation parameters for the main network
* Test-time adaptation becomes a forward pass

Pretrained CNN (Main Network)

/ Layer 1 D Layer 2 B Layer 3 \ Layer 4 D \ 7z *
Pre Block 1 ]-[ Block 2 ]— Block 1 ]-[ Block 2 ]— Block 1 ]{ Block 2 ]— Block 1 ]-[ Block 2 ]—" Post SZ
0

R R il |

“ =

[ Film Layers (71,[31)] [ Film Layers (’Yz»ﬁz)] [ Film Layers (73153)] [ Film Layers (’74,/34)] f
X ) ") ~ - /
e 1) 2 ] 2] s ] )
1 2 0 [ 0 ,

Hypernetwork [ v} | Ve - L

( Y
\l Task Encoder gg(.)J go(S) or go(S, Q) wej

— > X - +—1>
3 4

Yir .. Bia 3x3 BN F}LM RelU ]—»[ 33 ]—»[ BN
bl

—T> X Q—» D — gt [
t '
\_ Yich Bicn ) {’)/bl' "j)bl} {’)bz s "))bz}

(a) A FiLM layer. (b) A ResNet basic block with FiLM layers.

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-leaming: Multi-purpose models for multi-domain, active and continual few-shot learning[J]. arXiv preprint arXiv:2201.05151,2022.

Yaqing Wang



Amortization-Based Pipeline

1. Learn from many related tasks.
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 1s produced directly, without iterative gradient updates.
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In-Context Learning (ICL)

Translate English to French: task description
sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

v' Larger language models showed increasingly strong task
adaptation from the context alone.

Language models are few-shot learners
T Brown, B Mann, N Ryder... - Advances in neural ..., 2020 - proceedings.neurips.cc

We demonstrate that scaling up language models greatly improves task-agnostic, few-shot
performance, sometimes even becoming competitive with prior state-of-the-art fine-tuning
approaches. Specifically, we train GPT-3, an autoregressive language model with 175
billion parameters, 10x more than any previous non-sparse language model, and test its
performance in the few-shot setting. For all tasks, GPT-3 is applied without any gradient
updates or fine-tuning, with tasks and few-shot demonstrations specified purely via text ...

Y 1R7F U9 BIE WSIERE: 79539 MEXNXE FiA 37 NMRA 9

Language Models are Few-Shot Learners

Tom B. Brown™® Benjamin Mann* Nick Ryder* Melanie Subbiah*
Jared Kaplan' Prafulla Dhariwal Arvind Neelakantan Pranav Shyam
Girish Sastry Amanda Askell Sandhini Agarwal Ariel Herbert-Voss

Gretchen Krueger Tom Henighan Rewon Child Aditya Ramesh
Daniel M. Ziegler Jeffrey Wu Clemens Winter

Christopher Hesse Mark Chen Eric Sigler Mateusz Litwin Scott Gray

Benjamin Chess Jack Clark Christopher Berner
Sam McCandlish Alec Radford Ilya Sutskever Dario Amodei
Abstract

‘We demonstrate that scaling up language models greatly improves task-agnostic,
few-shot performance, sometimes even becoming competitive with prior state-of-
the-art fine-tuning approaches. Specifically, we train GPT-3, an autoregressive
language model with 175 billion parameters, 10x more than any previous non-
sparse language model, and test its performance in the few-shot setting. For all
tasks, GPT-3 is applied without any gradient updates or fine-tuning, with tasks
and few-shot demonstrations specified purely via text interaction with the model.
GPT-3 achieves strong performance on many NLP datasets, including translation,
question-answering, and cloze tasks. We also identify some datasets where GPT-
3’s few-shot learning still struggles, as well as some datasets where GPT-3 faces
methodological issues related to training on large web corpora.

1 Introduction

NLP has shifted from learning task-specific representations and designing task-specific architectures
to using task-agnostic pre-training and task-agnostic architectures. This shift has led to substantial
progress on many challenging NLP tasks such as reading comprehension, question answering, textual
entailment, among others. Even though the architecture and initial representations are now task-
agnostic, a final task-specific step remains: fine-tuning on a large dataset of examples to adapt a task
agnostic model to perform a desired task.

Recent work [RWC*19] suggested this final step may not be necessary. [RWC ' 19] demonstrated
that a single pretrained language model can be zero-shot transferred to perform standard NLP tasks

*Equal contribution
fJohns Hopkins University, OpenAl

34th Conference on Neural Information Processing Systems (NeurIPS 2020), Vancouver, Canada.



A Task Can Be Specified by Instructions and Examples

Prompt

Classify this review:
I loved this movie!
Sentiment:

Prompt

Classify this review:

Sentiment:

Classify this review:

I don’t like this
chair.
Sentiment:

Prompt

Classify this review:

Sentiment:

Classify this review:

Sentiment:

Classify this review:

Who would use this
product?
Sentiment:

Zero-shot: instruction only
One-shot: 1nstruction + one
example

Few-shot: 1nstruction + several
examples

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

Yaqing Wang
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ICL and Meta-Learning Share an Adaptation View

EXPLICIT META-LEARNING IN-CONTEXT LEARNING
Distribution of tasks SOURCE Distribution of sequences and tasks
! !
Meta-training TRAINING Language-model pretraining
! !
[ Learned explicit adaptation mechanism J ADA;;ﬁEION [ Implicit adaptation mechanism
l !
Support set TASK EVIDENCE Context
l l
Task-adapted predictor OUTPUT Context-conditioned prediction

The key difference 1s where adaptation happens: explicitly through a learned
mechanism, or implicitly within the forward pass.

Yaqing Wang
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Why ICL Models Are Good Few-Shot Learners?

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

meta-learners.

ICL . Meta-Learning | Learning Algorithms
0 o ! = Linear Regression
: %@,% — Optimization i
S T aN -Based !

/:/ gr. 0 :
X1 Y1 ] | |
X2 Y2 Transfor i Metric E inital val 5
< X3 Y3 T mer V4 ! -Based y Gradient
query s : Descent .,
A . ! X
I ! 5 X%
: Amortization ! <
! -Based :
\

"Why In-Context Learning Models are Good Few-Shot Learners?." in International Conference on Learning Representations (ICLR), 2025. 0



ICL with Transformers as Meta-Learners

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

learning algorith
space

metric-based

meta-learner e -

amortization-based
meta-learner

CL with transformer

e~

CNPs
— ICL

Accuracy
™ \
N \
N
( |
> ,
2

—— D.-Dpt. Optmal

—— ProtoNet
MatchNet

Accuracy
o s

e~ o=

/4 . /\ A~ TV A
i

s [f A ANV
/N

Pad —— ProtoNet
MatchNet
CNPs
— ICL
—— D.-Dpt. Optimal

Accuracy
o o

—— ProtoNet
MatchNet
CNPs

— ICL

—— D.-Dpt. Optimal

20 30
Example Number

(a) Pair-wise metric-based tasks. (b) Class-prototype metric-based.

v When trained on one task family, ICL recovers the corresponding
learning algorithm.
v' When trained on mixed task families, ICL learns to select a data-

20 30
Example Number

dependent adaptation rule.

20 30
Example Number

(c) Amortization-based.

41




ICL Pipeline

Learn from diverse data and tasks during pretraining.
Learn a shared model that can infer a task from context.

Provide task instructions and/or demonstrations as context.

= b=

Use the context to make predictions for new queries without
updating model parameters.

Adaptation 1s performed through context-conditioned computation,
without parameter updates.

42 63
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Four Ways to Adapt from Limited Evidence

Method What the evidence changes | Test-time mechanism

Optlmlzatlol.l-based Model parameters Gradient updates
Meta-Learning

Metric-based : : Similarity-based
. Task-specific classifier .
Meta-Learning construction

Amortization-based A small set of task-specific

: Task-conditioning network
Meta-Learning parameters 8

Internal states and Context-conditioned
predictions inference

In-context learning

The key distinction 1s how limited evidence 1s converted into task adaptation.

4 o

Yaqing Wang



No Adaptation Mechanism Dominates Everywhere

Method Main Strength Main limitation
Optimization-based Flexible task-specific Slow and sensitive to
Meta-Learning adaptation optimization
Metric-based . Depends on a meaningful
. Fast and simple : .
Meta-Learning representation and metric
Amortization-based Fast, structured task Limited by the meta-
Meta-Learning conditioning training task distribution
Sensitive to context

selection, order and
formatting

Flexible task specification
without parameter updates

In-context learning

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

45



Choosing an Adaptation Mechanism

Are test-time parameter No Is there a meaningful NO s the task structure stable  NO Can context specify the task
updates feasible? similarity metric? across deployment? through instructions or examples?
YES YES YES YES
{ Optimization-Based Metric-Based [ Amortization-Based J In-Context Learning ]
Flexible, but requires Fast, if similarity is Fast, if task structure is Flexible interface, but
iterative updates meaningful stable context-sensitive

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

Yaqing Wang 46
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Practices: Modeling Applications as Few-Shot Learning

A General Modeling Recipe

Identify Label Scarcity

Define the Task

Construct Support and Query Sets

Extract the Task-Specific Insight

Design and Validate the Adaptation Strategy

A A

We illustrate this recipe through two application cases



Molecular Property Prediction (MPP)

f( 3 )= €53

Molecule Property
, Today’s Focus
o i ?
m GNNS ! Few-shot Learning Models
T e T Sy
oY ,/ " GIN ! Matching Networks
GAT | MAML |
OH _J i i
GCN
Molecule - Molecular Representations Prediction

______________________________________________________________________

49



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 x ; is active (y;; =

1) or inactive (y;; = 0) on a target property

support
A New Task iaa | \2as Dquery
ew Task [ [ & 0,0
I 2-way: active and inactive
2-shot: 2 labeled samples per class
Obtain prior knowledge from f (9)
meta-training(i.e. similar) tasks | ( 2-way 2-shot
[y e
f T T}
Ol |ero : Ol 0 7/
Meta-training tasks i |- Vel P T 3 ot | (e r
... Dowppore. Dauery; . Dsuppore | Dauers

50



Our Insight

° 0.931 Average
0.850 L s Attribution
i 4 P = .
I’ I ® * = 1Bu! -1.243 e
o
g £ =s|{-0.741 .
Atom BRICS substructure = The most hydrophobic CF3! 0633 A
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https://www.nature.com/articles/sd 146702338 1923/ figures/ 1 o Relationships between molecules vary with target properties

- 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.
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PAR

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

> Molecular relationship changes across target properties
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Property-aware adaptation consistently improves
Results performance, especially in the lowest-shot settings.
Table 2: ROC-AUC scores on benchmark molecular property prediction datasets. The best results

(according to the pairwise t-test with 95% confidence) are highlighted in gray. Methods which use
pretrained graph-based molecular encoder are marked in green.

Method Tox21 SIDER MUV ToxCast
10-shot 1-shot 10-shot 1-shot 10-shot 1-shot 10-shot 1-shot

Siamese 8040(035) 6500(158) 7110(432) 5143(331) 5996(513) 5000(017) - -
Tra1ned ProtoNet 7498(032) 6558(172) 6454(089) 5750(234) 6588(411) 5831(318) 6370(126) 5636(154)
MAML 8021(024) 7574(048) 7043(076) 6781(112) 6390(228) 6051(312) 6679(085) 6597(504)

fr()m TPN 76.05(0‘24) 60.16(1‘18) 67.84(0'95) 62.90(1_38) 65.22(5.82) 50.00(0_51) 62.74(1‘45) 50.01(0‘05)

Scratch EGNN 81.21(0.16) 79.44(0.22)|72.87(0.73) 70.79(0.95)|65.20(2.08) 62.18(1.76)|63.65(1.57) 61.02(1.94)
IterRefLSTM 8110(017) 8097(010) 6963(031) 7173(014) 4956(512) 4854(312) - -

PAR 82.06(0.12) 80.46(¢.13) 74.68(0,31) 71.87(0,43) 66.48(2.12) 64.12(1.18) 69.72(1.63) 67.28(2_90)

. PI'C-GNN 8214(008) 8168(009) 7396(008) 7324(012) 6714(158) 6451(145) 7368(074) 7290(084)
Pretralned Meta-MGNN 82.97(0‘10) 82.13(0‘13) 75.43(0'21) 73.36(0_32) 68.99(1.84) 65.54(2.13) - -
Pre-PAR 84.93(0.11) 83.01(0.09)|78.08(0.16) 74.46(0.29)|69.96(1.37) 66.94(1.12)|75.12(0.84) 73.63(1.00)

nnnnnnnnnnnnnnnn

mol_Zol 7
mol¥ol 40
ol %

*
ozf mol_gnol_5

moldg10 "e-5e
0 .

00 02 04 06 08 10 1207 6 08 10 LI=gU——U7T— 04 06 08 10 12

(a) the 10th task (b) the 11th task (c) the 12th task

General molecular embeddings Property-aware molecular embeddings



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.

Interactions

175000 A

150000 A

125000 A

100000 A

75000 A

50000 A

25000 A

0

0 20 40 60 80 100
Users

Distribution of user-interactions in BookCrossing
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Cold-Start Recommendation as a Few-Shot Learning
Problem

Each task T; corresponds to a user u;, with

* asupportsetS; = { (vj, Vi, j) }9’:1 containing existing
interaction histories

=0 I &
o000
 aquerysetQ; = { (vj, Vi j) }?”:1 containing interactions to

predict. l

M user
S; and Q; are disjoint, and N is small for cold-start users. T cold-sar

Here, @

* u; represents content features of a user (categorical or

» I
numerical, e.g., occupation, age), g 'Q
N N
* v, represents content features of an item. =
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ColdNAS
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e The embedding layer E with parameter O embeds the categorical
features from users and items into dense vectors, i.e., (uj,v;) =
E(ui,vj; 0g).

e The adaptation network A with parameter 04 takes the support
set S; for a specific user u; as input and generates user-specific
adaptive parameters, i.e.,

®; = {¢F}C_ = A(Si;04), (1)

where C is the number of adaptive parameter groups for certain
modulation structure.

e The predictor P with parameter Op takes user-specific parame-
ters ¢; and v4 € Q; from the query set as input, and generate
predictions by

§i,j = P((ui, vg), ®i; 0p). (2)

“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.



Results

Table 2: Test performance (%) obtained on benchmark datasets. The best results are highlighted in bold and the second-best in

User-specific modulation improves both predictive performance

and search efficiency.

italic. For MSE and MAE, smaller value is better. For nDCG3; and nDCGs, larger value is better.

Dataset | Metric | DropoutNet =~ MeLU MetaCS  MetaHIN MAMO TaNP | ColdNAS-Fixed ColdNAS
| MSE | 100.90(070) 95.02(003) 95-05(0.04) 91.89(0.06) 90.20(022) 8%11(g1g) | 91.05(013)  87.96(0.12)
. MAE | 85.71(04s) 77-38(05) 77-42(026) 7579027y 75:34(026) 7478014 | 7565030  74:29(0.20)
MovieLens | nDCGs | 69.21¢076) 7443(059) 7446(075) 7469032 74950013 756000y | 7511(00s)  76.16(003)
| nDCGs | 68.43(0.48) 73.520.41) 73.45(056) 73-63(0.22) 73.84(0.16) 74:2901p) | 73-89012)  7474(0.09)
| MSE | 15.38(023)  15.15(0.02) 15.20(0.08) 14.76(0.07) 14.82(0.05) 14.75(0_05)| 14.44, 1) 14.15 g 03)
_ MAE | 3.75(0.01) 3.68(0.01)  3.66(0.01)  3.50(0.01)  3.51(0.02)  3.48(9y) ’ 3.49(0.02) 3.40(¢.01)
BookCrossing | iDCGs | 77.66015) 7769015y 77-68(0.2) 77:66(019) 77.68(0.05) 7748(006) | 7765(009)  77-83(0.0n
| nDCGs | 80.87(g15) 81.10(015) 80.97(009) 80.95(0.04) 81.01(005) 81161, | 81120006y  81.32(0.10)
| MSE | 21.91(3s) 21.69(034) 21.68(012) 21439, 21.64(010) 21.58(020) | 21.62(016)  20.91(0.05)
| MAE | 43.02(052) 42.28(121) 42.28(076) 42.07040) 42.30(028) 42.15(056) | 42.320034) 4178024
Last.fm | IDCGs | 75.13(045) 80.15(200) 80.81(0.07) 82010 80.73gg0) B8L03(0s) | 80.77(032  82.80(g0)
| nDCGs | 69.03(931)  75.03(068) 75-01(064) 7598933 75.45(0209) 75:98(04yy | 7548021y  76.77(0.10)
| M° | oM M | o»
MovieLens | min (max (h°, ¢?'1), ¢?’2) + ¢?’3 | h! + ¢;’1 | h? | h3
BookCrossing | min(h°, $7"') | R+grt | Ro¢P+¢P | h
Last.fm | K+ ¢?’1 | h! + ¢;’1 | max (h?, ¢f’1) + ¢?’2 | h3

ColdNAS-Fixed |

0,1 0,2
o ¢ + ¢,

(B o¢ +9;” |
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Summary: Learning with Limited Labels

v" Principles of Few-Shot Learning

AN

Adaptation Mechanisms
v Optimization-based

v Metric-based

v' Amortization-based

v" In-context learning

v Choosing an Adaptation Mechanism

v" Practice: From Applications to Few-Shot Problems

The key 1s not merely choosing a method, but formulating the right task and
designing the right adaptation strategy
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Thanks! Questions?

Know More About Me at wangyaqing.github.10/

Contact Me at wangyaqing(@bimsa.cn
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