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Theory and Practice

“The best theory is inspired by 
practice. The best practice is 
inspired by theory”  - Donald 
Knuth



Overview

Implementations

Other 
Applications

Large Foundation 
Models

Optimization
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min
w

F (w)



New Learning Paradigm
Supervised Learning Self-Supervised Learning (SSL)Labels

Expensive to Label

Free-texts 
Description

Easy to obtain



Multimodal Generative AI

Q: what is the flower in this image?

Gemini



Large Foundation Models

Large Language 
Models (LLM)

Multimodal AI

CLIP Models



Large Language Models

Predicting the Next Token

The capital of France is

London

Berlin

Tokyo
Paris

Prompt next token



Example
… “Spicy Tuna Avocado Wraps with Crunchy Vegs”Answer 1

…  “Spicy Tuna Avocado Roll-Ups” …Answer 2

Answer 3 …  “Tunanadoes” …

TempNet

Qiu et al. 2024



CLIP Model

“Kitty in a basket”

“pup in a blanket”

Semantic Space

Contrastive 
Learning



Example

Radford et al. 2021



Optimization for ML/AI



Optimization for ML/AI
SGD Momentum

Algorithms

Objectives

ERM

DRO

EXM

Theories

generalization

stability

optimality

Adam



Empirical Risk Minimization (ERM)

<latexit sha1_base64="EVR26f4swMf5QIv2Mr5j1xOMBtk="></latexit>

min
w

F (w) =
1

n

nX

i=1

`(w,xi, yi)



SGD

<latexit sha1_base64="Z4dD+Ey6oZSl4dUg/m4LEQabTG8="></latexit>

wt+1 = wt � ⌘
1

B

X

i2Bt

r`(wt,xi, yi)



Standard Deep Learning Pipeline

Sample Mini-batch Samples

Define Mini-batch (MB) Losses

Back-propagation on MB Losses 

Update Model Parameters



Training Challenge for Contrastive Learning

SimCLR: Chen et al.  2020.

Self-supervised Learning

Ordinary batch size has a large error

Scaling up #of GPUs

Not Sustainable



Global Contrastive Objective



Contrastive Learning “Kitty in a basket” “pup in a blanket”



Motivation

“Kitty in a basket”“pup in a blanket”
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`ij = I>i Tj � I>i Ti
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Li =
1

N

NX

j=1

`ij

good idea?



Global Contrastive Loss

(Yuan et al. ’22)

Temperature<latexit sha1_base64="loPRIQaXAuRVoACfupQwncsw5i4="></latexit>

Li = ⌧ log

0

@ 1

N

NX

j=1

exp(`ij/⌧)

1

A

Previous studies just use a mini-batch inside the log



Distributionally Robust Optimization (DRO)

(Qiu et al. ’23)

<latexit sha1_base64="sa8dBvjD5bsiRJ32OP0q+WnA6KE="></latexit>

Li = max
p2�

X

j

pj`ij � ⌧KL(p, 1/N)

<latexit sha1_base64="loPRIQaXAuRVoACfupQwncsw5i4="></latexit>

Li = ⌧ log

0

@ 1

N
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j=1

exp(`ij/⌧)

1

A



Global Contrastive Objective
<latexit sha1_base64="P5Ntn6A5aM0saBXRDXB7D2modpo="></latexit>
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⌧ log
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A Story about Application



1st Place at Stanford CheXpert Competition

24
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min
u

max
v

f(u, v)

(Yuan  et al. ’20)
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Evaluation Metric:  AUPRC

MIT AICures Challenge
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AP(h) =
1

n+

X

xi2S+

Precision(h(xi))

Precision(h(xi)) =

P
xj2S+

I(h(xj) � h(xi))P
xj2S I(h(xj) � h(xi))

All Examples

Positive Examples

Estimator: Average Precision
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1st Place at MIT AICures Challenge



AUPRC

AUROC

5% Improvement in AUPRC,  3% Improvement in AUROC

w/o LibAUC

28

1st Place at MIT AICures Challenge

Wang et al. (Bioinformatics’22)



Empirical X-risk Minimization:
Algorithms & Theories



Empirical X-risk Minimization (EXM)
<latexit sha1_base64="ra5wCCHzJLDHqMTDzbXg/3tc2PY="></latexit>

min
w

F (w) =
1

n

nX

i=1

fi(g(w,xi,Si))

<latexit sha1_base64="c/zWEtvs/BOxc+bc9GlK/bFx70c="></latexit>

g(w,xi,Si) =
1

|Si|
X

xj2Si

`(w;xi,xj)

A family of Compositional Risks in which the loss function of each data point 
is defined in a way that Contrasts the data point with Many others.

X-risk

Yang (arXiv’22), Yuan et al. KDD’23



Global Contrastive Objective
<latexit sha1_base64="P5Ntn6A5aM0saBXRDXB7D2modpo="></latexit>
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1
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min
w

F (w) =
1

n

nX

i=1

fi(g(w,xi,Si))



Optimization Challenge

E E
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rfi(g(w,xi,Si))rg(w,xi,Si)
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rfi(g(w,xi,Bi))rg(w,xi,Bi)

<latexit sha1_base64="odZx5BWRnSIeGd7paSzwshsn9ds="></latexit>

1

n

nX

i=1

r`(w,xi)

<latexit sha1_base64="YkDmrGrCcfBFE46Fd9pBBBj7+hY="></latexit>

1

B

X

x2B
r`(w,x)

ERMEXM

Mini-batch
BSGD (Hu et al’ 20)



Principles of Algorithm Design
1. Simple as SGD for ERM

2. Constant Batch Size Ensures Convergence

3. Same-order Complexity as SGD for ERM

4. Parallel Speed-up using Mini-Batch  



SOX: update

Estimator of gi

Gradient 
Estimator

Wang & Yang. ICML’22

Model
Update

Momentum 
or
Adam

<latexit sha1_base64="Yac6dQFY06F3dPI+Yxca8PZOrpw="></latexit>

ut+1
i =

⇢
(1� �t)ut

i + �tg(wt,xi,Bi), xi 2 Bt
1

ut
i o.w.

<latexit sha1_base64="2sYwKX2pRH6+DPnY5GaU1JuRnFs=">AAACH3icbVDLSgMxFM34rPVVdekmWARBLDNSqhuh6MZlBfuAzjBk0kwbmnmQ3KmUoX/ixl9x40IRcde/MW1H1NYDgcM555J7jxcLrsA0x8bS8srq2npuI7+5tb2zW9jbb6gokZTVaSQi2fKIYoKHrA4cBGvFkpHAE6zp9W8mfnPApOJReA/DmDkB6Ybc55SAltxCxQ4I9DwfP7gpnFojfIV/FMBn2GZANPkWB7OYWyiaJXMKvEisjBRRhppb+LQ7EU0CFgIVRKm2ZcbgpEQCp4KN8naiWExon3RZW9OQBEw56fS+ET7WSgf7kdQvBDxVf0+kJFBqGHg6OVlTzXsT8T+vnYB/6aQ8jBNgIZ195CcCQ4QnZeEOl4yCGGpCqOR6V0x7RBIKutK8LsGaP3mRNM5LVqVUvisXq9dZHTl0iI7QCbLQBaqiW1RDdUTRI3pGr+jNeDJejHfjYxZdMrKZA/QHxvgLv1yhkg==</latexit>wt+1 = wt � ⌘tvt+1
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vt+1 = �1vt + (1� �1)Gt

<latexit sha1_base64="drTpPKWNjlgn1vg5ArFUxUfGJQc="></latexit>

Gt =
1

B

X

xi2Bt
1

rfi(u
t
i)rg(wt,xi,Bi)



SOX: complexity 

Wang & Yang. ICML’22

Iteration 
Complexity
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O

✓
n

B1B2✏
4

◆ SCD of u

Match SGD

Parallel Speed-up

Better Total Complexity than BSGD when
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n  1

✏2

Assumption: smoothness & Lipschitz continuity  
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EkrF (w)k  ✏



Improvements
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✓
n
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◆

Assumption: f is cvx, monotone, g convex

Strongly-Convex

Wang & Yang  arxiv’24

Convex
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Optimal
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lower bounds 



SogCLR: for image modality

Yuan et al. (ICML’22)

1.2M Images



iSogCLR: for CLIP training

� 
 �� �
 �� �
 ��

�����




��

�


��

�


��

�


	�

�
�
�
�
��
�
�
�
��

����������������������

���

������

0 200 400 600 800 1000

time (min)

5

10

15

20

25

30

35

40

m
e
a
n
  
e
c
a
ll

Mean Recall on MS-COCO

CLIP

iSogCLR

3M Image-text pairs

Qiu et al. (ICML’23)



Orange: Ours Blue: OpenCLIP

12M Image-text pairs

FastCLIP: distributed training



Personalized Temperature and 
Constrained DRO



How to set the temperature

(Qiu et al. ’23)

<latexit sha1_base64="sa8dBvjD5bsiRJ32OP0q+WnA6KE="></latexit>

Li = max
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X

j

pj`ij � ⌧KL(p, 1/N)
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Temperature



Temperature in LLM
Compute probabilities of next token

The capital of France is

London

Berlin

Tokyo
Paris

input 
prompt

next 
token

Please write a poem of Spring

Green

In

Spring
Flower

Red

input 
prompt

next 
token

0.01
0.9
0.01
0.01

0.015
0.015
0.015
0.015

0.015

<latexit sha1_base64="SMAct9rSjWdAzaIzlcZEMuJs94E="></latexit>

Pr(tj |xi) =
exp(sij/⌧)PN
k=1 exp(sik/⌧)



Personalization by Constrained DRO

(Qiu et al. ’23)

<latexit sha1_base64="L2d+ipqDkMEkLDPwAxndUgB1Mag="></latexit>
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j

pj`ij s.t. KL(p, 1/N)  ⇢
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TempNet: Parameterized Temperature

(Qiu et al. ’24)
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Qiu et al. 2024

Temperature Personalization



Temperature Personalization

Avg. temp.= 0.46

Qiu et al. 2024



More Results: LLMs
AlpacaEval: Instruction Following



More Results: CLIP Training



LibAUC Library



More X-risks

Medicine

Search Engines

Recommender
Systems

Generative AI

X-risks

Areas under the Curves

Ranking Measures

Global Contrastive Losses

AUROC AUPRC

1W pAUC 2W pAUC

NDCG

mAPListNet

Push

Self-supervisedSupervised

Top-k 
performance

1

n

nX

i=1

fi(gi(w; zi,Si))

Library Facts

Formula

Features
§ Any batch size
§ Big data
§ Convergence guaranteed
§ Deployment is easy

When Using this Library
§ Learning with Imbalanced Data
§ Learning to Rank
§ Contrastive Learning
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Training Pipeline

detach from 
computation graph 
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Summary
• Optimization

– Empirical X-risk Minimization
• Algorithms

– SOX, SogCLR, iSogCLR, TempNet
• Applications

– CLIP, LLM, others
• Library

– LibAUC (libauc.org) 
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