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Trustworthy Machine Learning

Robustness Fairness

Privacy

Efficiency & Accuracy

Learning Fair Representations 
Tradeoff between fairness & accuracy

Domain-Invariant Representations 
Fundamental limit in domain adaptation

Tradeoff between robustness and fairness 
Understanding the impact of adversarial robustness on fairness

Interpretability

Invariant Representation Learning 
Information-theoretic analysis between invariance & accuracy, 

with applications in distributional robustness and fairness

Fair and Optimal Classification (I) 
An optimal post-processing algorithm for 

demographic parity

Invariant Risk Minimization 
An efficient algorithm for IRM via post-processing Fair and Optimal Classification (II) 

An optimal post-processing algorithm for 
equalized odds

Privacy-Preserving Learning 
Learning under attribute-inference attack

Privacy-Preserving Learning for 
Graph Neural Networks 

Provide defenses strategies under attribute-inference 
attacks over graphs

Gradual Domain Adaptation 
Learning under continuous distribution shifts

Machine Unlearning 
Removing a subset of specified data from the 

learned model

Robust Multitask Learning 
Understanding multi-objective optimization

Differentially-Private and 
Fair Regression 

Design fair & private regression algorithm

Structured Representations 
Learning representations with class hierarchical information

Maximum Influence Subset 
Understand and select out the subset of data with maximum 

influence to the learned model

Robustness:

- Domain adaptation / generalization / Out-of-distribution generalization 

/ transfer learning

- Invariant representation learning / invariant causal predictors



Key Factors underlying the Success
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- Stationary distributions

- Large-scale labeled datasets & Powerful computation

Source Target

Source (Train) = Target (Test)
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Probably Approximately Correct (PAC, Valiant, CACM 1984)


- (Informal) A framework to quantify the meaning of learning a concept 
from samples


- With high probability (P), the learned predictor will have low 
generalization error (AC)


- No distributional assumption 


A Theory of the Learnable, Communications of the ACM, 1984 

Probably Approximately Correct (PAC)
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With VC dim as the complexity measure, we have the following 
uniform generalization bound:

Given  be a dataset of iid samples. Let  be a hypothesis 
class of finite VC-dim, i.e., , then for , with probability at 
least , for all :

𝒟 = {(x(i), y(i))}n
i=1 ∼ μ ℱ

VCdim(ℱ) < ∞ 0 < δ < 1
1 − δ f ∈ ℱ

εμ( f ) ≤ ̂ε𝒟( f ) + O ( VCdim(ℱ) + log(1/δ)
n )

Note:

- The bound above gives the generalization error, and we can use the generalization error bound 

to provide an upper bound on the excess risk as well, i.e., 


- There are other forms of complexity measures to characterize the expressiveness/richness/
powerfulness of a given hypothesis class, e.g., Rademacher complexity, covering number, 
algorithmic stability, etc, but the high-level form is the same


- The bound above could be loose, i.e., the generalization error could be larger than 1 for 
classification problems


- Other kinds of generalization bounds exist as well, i.e., instead of providing high-probability 
bounds, providing guarantees on expected generalization error (PAC-Bayes, mutual 
information, etc)

εμ( f ) − inf
f′ ∈ℱ

εμ( f′ )

Probably Approximately Correct (PAC)
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Some of the key findings from the paper:
Commercial face recognition systems

<latexit sha1_base64="pIHeHOHFtnuBND81ImC0aO0F6TE="></latexit>

�Err(h) := |Pr(h(X) 6= Y | X ⇠ G0)� Pr(h(X) 6= Y | X ⇠ G1)|
Accuracy disparity:

<latexit sha1_base64="dwjNXtRuppnGOtPK/xDanqrWM0c="></latexit>

G0
<latexit sha1_base64="2PSfeTG8HwrgiP4CvY+dcxxQFic="></latexit>

G1

Distribution Shift in Practice
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Domain Adaptation / Generalization
Machine learning models could be brittle

Source (with Labels) Target (No Labels)
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Domain Adaptation / Generalization
Domain adaptation: given unlabeled data from the target 
domain + labeled data from the source domain, can we 
do better?


Note: closely related to the setting of semi-supervised 
learning, but with a key difference: 


Training distribution Test distribution<latexit sha1_base64="XkZUfwlYn+/vaB2uR9tWXCTHxRE="></latexit>=
Semi-supervised learning:

Domain adaptation:
Training distribution Test distribution

<latexit sha1_base64="R2b0WzHucRcXZRVR1rHQtxaOj5A="></latexit>

6=
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Domain adaptation: Training phase


Source domain:

(4, 8, 5) (7, 3, 0)
· · ·

<latexit sha1_base64="pz+ltAU4kxX61FXvRZiKlDNn/6I="></latexit>

Target domain:

· · ·

<latexit sha1_base64="pz+ltAU4kxX61FXvRZiKlDNn/6I="></latexit>

+

<latexit sha1_base64="bUU0rinUPx1PKC51VEQ0B3Gjip8="></latexit>

Domain Adaptation / Generalization
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Domain adaptation: Training phase


Source domain:

(4, 8, 5) (7, 3, 0)

Target domain:
+

<latexit sha1_base64="bUU0rinUPx1PKC51VEQ0B3Gjip8="></latexit>

Classifier

Domain Adaptation / Generalization



11

Domain adaptation: Testing phase


Target domain:

· · ·

<latexit sha1_base64="pz+ltAU4kxX61FXvRZiKlDNn/6I="></latexit>

(4, 0, 1) (0, 4, 2)

Domain Adaptation / Generalization



Distribution Shift in Practice

12

Mismatched distributions: Source      Target6=
<latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit><latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit><latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit><latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit>

Is minimizing the source error sufficient for 

generalization on the target domain?

What we have: Labeled data from Source domain + 
unlabeled data from Target domain

What we want: Generalization on the Target domain



Distribution Shift in Practice
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Mismatched distributions: Source      Target6=
<latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit><latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit><latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit><latexit sha1_base64="DdKPZFrLlnuhD+vGJXEoK8bQvW4=">AAACHHicbVDLSgMxFE3qq9ZXq0s3wSK4KjMi6LLoxmUF2wrtUDJpphOax5hkhDL0F9zqyq9xJ24F/8ZMOwv7OBA4nHMu9+aECWfGet4vLG1sbm3vlHcre/sHh0fV2nHHqFQT2iaKK/0UYkM5k7RtmeX0KdEUi5DTbji+y/3uC9WGKfloJwkNBB5JFjGCbS71JX0eVOtew5sBrRK/IHVQoDWowVJ/qEgqqLSEY2N6vpfYIMPaMsLptNJPDU0wGeMR7TkqsaAmyGbHTtG5U4YoUto9adFM/T+RYWHMRIQuKbCNzbKXi+u8XmqjmyBjMkktlWS+KEo5sgrlP0dDpimxfOIIJpq5WxGJscbEun4Wt/CRcoFYTNfLjEwrrjV/uaNV0rls+F7Df7iqN2+L/srgFJyBC+CDa9AE96AF2oCAGLyCN/AOP+An/ILf82gJFjMnYAHw5w8BAaGx</latexit>

Is minimizing the source error sufficient for 

generalization on the target domain?

Importance sampling

Feature/Representation learning

Optimal transport



Domain-Invariant Representation Learning
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How to bridge the gap?

Make the two domains closer

Source

Target

What we have: Labeled data from Source domain + 
unlabeled data from Target domain

What we want: Generalization on the Target domain

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>
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Domain-Invariant Representation Learning

Source

Target

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

Matching feature distribution

⇡

<latexit sha1_base64="irJRUL9iJNiFOwtcIQijpeySD84="></latexit>

Goal: generalization on target domain

Adversarial discriminator [Ganin et al. ICML15]

Maximum-mean discrepancy [Long et al. ICML 15]

Transportation distance [Shen et al. AAAI 18]

Multiple-domain extensions [Zhao et al. NeurIPS 18]

Supervised training

h(·)
<latexit sha1_base64="EDqE3aR0NEfzYm6sPUlnsGMAyYw="></latexit>

"S(h � gS) =

<latexit sha1_base64="b2XS5TEHFBwx9YTTRTdc5YVMWR0="></latexit>

`(h(gS(x)), y)

<latexit sha1_base64="VZ3bI5A1dQ6ksJADW95yzwvDwjI="></latexit>

= h � gT

<latexit sha1_base64="ICjOGcviozpOFDdQjttoDJKarpw="></latexit>
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Source Target

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

Source or Target?
is small⇡ d(S, T )

<latexit sha1_base64="sLQk/+Il4JEeRVl6tAIT8Ly09vM="></latexit>

[Ganin et al. ICML15]

Domain-Invariant Representation Learning

“Unsupervised Domain Adaptation by Backpropagation”, Ganin and Lempitsky, ICML’ 15
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[Figure credit: Ganin et al.’ 16]

Domain-Adversarial Neural Networks (DANN):

Domain-Invariant Representation Learning

- Goal 1: Learn discriminative features for the target task of interest

- Goal 2: Learn domain-invariant features to confuse the domain classifier

“Domain-Adversarial Training of Neural Networks”, Ganin et al., JMLR’ 16



18

A Theory of Learning from Different Domains

error minimization on the source domain

distribution matching between source and target domains

Theorem (Ben-David et al.’ 07):


"T (h)  "S(h) +
1

2
d(S;T ) + �⇤

<latexit sha1_base64="4xqJ10WfWK4zCwoCvNLT/l/iO9o="></latexit>

Bound-minimizing algorithm:
min "S(h) +

1

2
d(S;T )

<latexit sha1_base64="jXnT8xRkFWBWPoEs1//d92mxGMI="></latexit>

"T (h)/"S(h)
<latexit sha1_base64="OV+fChg/DB0JN+OhlBFqBPFxRqM="></latexit>

�⇤ := min
h02H

"S(h
0) + "T (h

0)
<latexit sha1_base64="hR8cZye/m+6lsmMEJDbLNVq1nGc="></latexit>

-                      : true target/source errors 

-              : divergence between target/source input distributions

-                                     : optimal joint error

d(S;T )

<latexit sha1_base64="CixFB+FQPjPWD4bVmTeSKIp4hm8="></latexit>

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

“A theory of learning from different domains”, Ben-David et al., MLJ’ 10
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Domain-Invariant Representation Learning

Question: Is it guaranteed to generalize 

on target domain?


Source

Target

g(·)
<latexit sha1_base64="xTFpQDckv9/JC8ue01iyn2qvijU="></latexit>

g(·)
<latexit sha1_base64="xTFpQDckv9/JC8ue01iyn2qvijU="></latexit> Supervised training

h(·)
<latexit sha1_base64="EDqE3aR0NEfzYm6sPUlnsGMAyYw="></latexit>

`(h(g(x)), y)
<latexit sha1_base64="m/58EYhT+smiOW3FgAnImjwCshI="></latexit>

"S(h � g) =

<latexit sha1_base64="FrcG9rBgWwXZqhROM7sbqsbOxDs="></latexit>
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A simple 1D adaptation example
Before adaptation:


Source: 

Target:

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

DS = U(�1, 0)
<latexit sha1_base64="B4uYRkZP0jnlIJMhvH2YBBZC274="></latexit>

DT = U(1, 2)
<latexit sha1_base64="6ZM1hZpXB37ObrE4xzwLnLx14wc="></latexit>

(
<latexit sha1_base64="CD/+W6kdrKs/7eziwmMLrC6r9+w="></latexit>

)
<latexit sha1_base64="/CzBYNA9tf2BmD+v0JEp81UzyRI="></latexit>

h⇤(x) = 1 i↵ x 2 (�1/2, 3/2)
<latexit sha1_base64="3wYd7tH2o6N+aqyfauy3LU+Qzjs="></latexit>

�⇤ = min
h0

"S(h
0) + "T (h

0) = 0
<latexit sha1_base64="IzxZKNuEc/Exe4o5W56dWzNATWI="></latexit>

“On Learning Invariant Representations for Domain Adaptation”, Zhao et al., ICML’ 19



x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 0 y = 1

target domain

21

A simple 1D adaptation example
After adaptation:


If                  , then                  !  "S(h) = 0
<latexit sha1_base64="vOhxmKPf21jmz+DidbSVu7dAWco="></latexit>

"T (h) = 1
<latexit sha1_base64="DbdtTuEiyXfd1WfkWW/nqh6vJb4="></latexit>

(

<latexit sha1_base64="a+TJaxzuds2Zkh0+ok8eqt7wkYI="></latexit>

)

<latexit sha1_base64="BJ6mNreegdrNHp+7LMXcDk1bQ4k="></latexit>

Bound-minimizing algorithm: min "S(h) +
1

2
d(S;T )

<latexit sha1_base64="jXnT8xRkFWBWPoEs1//d92mxGMI="></latexit>

Target:
D0

S = U(0, 1)
<latexit sha1_base64="TnmOc77dRtBXpwLBcUaVYLBOmxI="></latexit>

D0
T = U(0, 1)

<latexit sha1_base64="ev9y89oZU911nrIb1pfQtZ8tD3c="></latexit>

Source: 

d(S, T ) = 0

<latexit sha1_base64="CT3S8M2Uq4Ebl5gGBsnuJictdPg="></latexit>

“On Learning Invariant Representations for Domain Adaptation”, Zhao et al., ICML’ 19
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A simple 1D adaptation example
After adaptation:


What’s wrong with this example?

8h 2 2[0,1], "S(h) + "T (h) = 1
<latexit sha1_base64="KXOs3WhbtJMqyvIrd3C6b3lih1M="></latexit>

In fact, �⇤ = 1
<latexit sha1_base64="DKy1j5fzUbocOfAWTh6nPu7pmBE="></latexit>

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 1 y = 0

target domain

x
�1 �0.5 0 0.5 1 1.5 2

y = 0 y = 1

source domain

y = 0 y = 1

target domain

(

<latexit sha1_base64="a+TJaxzuds2Zkh0+ok8eqt7wkYI="></latexit>

)

<latexit sha1_base64="BJ6mNreegdrNHp+7LMXcDk1bQ4k="></latexit>

Bound-minimizing algorithm: min "S(h) +
1

2
d(S;T )

<latexit sha1_base64="jXnT8xRkFWBWPoEs1//d92mxGMI="></latexit>

||
<latexit sha1_base64="cOLlPwZYWKmOBSc61BiW1c43xPU="></latexit>

0
<latexit sha1_base64="WZrYTG83/jkP4dur1KsWUXEZ+0k="></latexit>

||
<latexit sha1_base64="cOLlPwZYWKmOBSc61BiW1c43xPU="></latexit>

0
<latexit sha1_base64="WZrYTG83/jkP4dur1KsWUXEZ+0k="></latexit>

"T (h)  "S(h) +
1

2
d(S;T ) + �⇤

<latexit sha1_base64="4xqJ10WfWK4zCwoCvNLT/l/iO9o="></latexit>

Key Message: Matching features is not sufficient!
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An information-theoretic lower bound
Well, that’s just a worst-case example, in general it works…

Consider the general adaptation scenario:


•       (nonlinear) feature transformation

•                    (randomized) classification function

X
g�! Z

h�! Ŷ
<latexit sha1_base64="jPZmvWu31gXEHv19NR427Bm/VUk="></latexit>

g(·)
<latexit sha1_base64="ngzDfbmlbWO/58BVMXnQ6g73ABM="></latexit>

h(·) 2 {0, 1}
<latexit sha1_base64="IBDm9C+usnKs1MYLBrtS5HzA07Q="></latexit>

Key Message: the better the distribution alignment & 
the source risk, the worse the target risk


Theorem [Zhao et al., ICML 19]: suppose the Markov chain holds and                                             

                                        , then:d(DY

S ,DY
T ) � d(DZ

S ,DZ
T )

<latexit sha1_base64="oLwSFPdM9uN1Y1/yx3dAbYjFZRM="></latexit>

"S(h � g) + "T (h � g) � 1

2

�
d(DY

S ,DY
T )� d(DZ

S ,DZ
T )

�2

<latexit sha1_base64="4S1kkS6TzRvv6PVnZ1m3PNTnEf0="></latexit>

Distance between marginal label distributions Distance between feature distributions
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Empirical results

Digit classification:

MNIST SVHN USPS

Marginal label distribution:
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Negative transfer between source and target
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Source

Target


Negative Transfer: When marginal label distributions differ, 

invariant representations & small training error 


implies large target error
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A Theory of Learning from Different Domains
Theorem (Ben-David et al.’ 07):


- : true target/source errors 


- : divergence between target/source input distributions over 


- : optimal joint error obtainable from 

εT(h)/εS(h)

d𝒳(S, T ) 𝒳

λ*𝒳 := min
h′ :𝒳→{0,1}

εS(h′ ) + εT(h′ ) 𝒳

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

εT(h) ≤ εS(h) +
1
2

d𝒳(S, T ) + λ*𝒳

Feature transformation

εT(h) ≤ εS(h) +
1
2

d𝒵(S, T ) + λ*𝒵
Minimization Blow up

“A theory of learning from different domains”, Ben-David et al., MLJ’ 10
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Theorem (Ben-David et al.’ 07):
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- : divergence between target/source input distributions over 


- : optimal joint error obtainable from 

εT(h)/εS(h)

d𝒳(S, T ) 𝒳

λ*𝒳 := min
h′ :𝒳→{0,1}

εS(h′ ) + εT(h′ ) 𝒳

gS(·)

<latexit sha1_base64="wr6nGYzybPFsFNK+0K8siSeeUoo="></latexit>

gT (·)

<latexit sha1_base64="k29pD4bL/Dza7wZ2Ow6unGEHgN0="></latexit>

εT(h) ≤ εS(h) +
1
2

d𝒳(S, T ) + λ*𝒳

Feature transformation

εT(h) ≤ εS(h) +
1
2

d𝒵(S, T ) + λ*𝒵
Minimization Blow up

A Theory of Learning from Different Domains

“A theory of learning from different domains”, Ben-David et al., MLJ’ 10



28

Theorem: Let  and  be the source and target 
domains, respectively. For any function class , and 

, the following inequality holds:


where 

<latexit sha1_base64="D6rRmECy1F9M9OMznIqITGrUb3c="></latexit>

hDS , fSi
<latexit sha1_base64="qxXh4RoBihsR197Z09P1pTfafX0="></latexit>

hDT , fT i
<latexit sha1_base64="LrS5HpEYU0L4LfD4RdgyC3YLpv8="></latexit>

H ✓ [0, 1]X
<latexit sha1_base64="HPNOE302JIzWamE8KK3t2FgrpT0="></latexit>

8h 2 H

<latexit sha1_base64="hR4PcJx5AFUxSkLUgXQHugVJDUw="></latexit>

"T (h)  "S(h) + d
H̃
(DS ,DT ) + min {EDS [|fS � fT |],EDT [|fS � fT |]}

<latexit sha1_base64="Axx6awMkLMCYhS5jWUoJlFzi62U="></latexit>

H̃ := {sgn(|h(x)� h0(x)|� t) : h, h0
2 H, t 2 [0, 1]}

-  marginal distributions over features in source (target) domains

-  optimal predictors from features to labels in source (target) 

domains

- The output of the predictor could be probabilistic, i.e., [0, 1]

<latexit sha1_base64="LqY/VLAU5dzu9TYzxBTBYR1M7yk="></latexit>

DS(DT )
<latexit sha1_base64="7OhE9IOIGKDGpJnRIAmcn6mKNvU="></latexit>

fS(fT )

A Decomposition of the Error Difference

“A theory of learning from different domains”, Ben-David et al., MLJ’ 10
“On Learning Invariant Representations for Domain Adaptation”, Zhao et al., ICML’ 19
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<latexit sha1_base64="lMkog9A9dfFylJ0LLhiZXsk6+KE="></latexit>

d(�(XS),�(XT ))

- An error decomposition theorem

- The first term ~ Invariant representations

- The second term ~ Invariant predictors

- Free of the original  term 

<latexit sha1_base64="89Gm5RhVMTONpy1vk/6qk2aM0eY="></latexit>

�⇤

Could extend to a finite sample bound using standard generalization theory

A Decomposition of the Error Difference

d(𝔼[YS |ϕ(XS)], 𝔼[YT |ϕ(XT)])

Theorem: Let  and  be the source and target 
domains, respectively. For any function class , and 

, the following inequality holds:


where 

<latexit sha1_base64="D6rRmECy1F9M9OMznIqITGrUb3c="></latexit>

hDS , fSi
<latexit sha1_base64="qxXh4RoBihsR197Z09P1pTfafX0="></latexit>

hDT , fT i
<latexit sha1_base64="LrS5HpEYU0L4LfD4RdgyC3YLpv8="></latexit>

H ✓ [0, 1]X
<latexit sha1_base64="HPNOE302JIzWamE8KK3t2FgrpT0="></latexit>

8h 2 H

<latexit sha1_base64="hR4PcJx5AFUxSkLUgXQHugVJDUw="></latexit>

"T (h)  "S(h) + d
H̃
(DS ,DT ) + min {EDS [|fS � fT |],EDT [|fS � fT |]}

<latexit sha1_base64="Axx6awMkLMCYhS5jWUoJlFzi62U="></latexit>

H̃ := {sgn(|h(x)� h0(x)|� t) : h, h0
2 H, t 2 [0, 1]}
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Invariant Risk Minimization
Bayesian Network: a graph used to encode the conditional 
independence in a joint distribution

- A directed acyclic graph , where each node  corresponds 

to an RV

- Let  denote the parents of node , then each node is 

associated with a conditional probability distribution (CPD): 

𝒢 X ∈ 𝒢

Pa(X) X

Pr(X |Pa(X))
Let  be a topological ordering of all the nodes in , 

then the following decomposition of the joint probability 
holds:


X1, …, Xn 𝒢

Pr(X1, …, Xn) =
n

∏
i=1

Pr(Xi |X1, …, Xi−1)

=
n

∏
i=1

Pr(Xi |Pa(Xi))

In short: every RV is conditionally independent of non-
descendants given its parents.
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Structural Causal Model (SCM):

- A directed acyclic graph , where each node  corresponds 

to an RV (called Endogenous variables)

- At each node , there is also a noise RV  (called Exogenous 

variables)

- If  in , then  where  (we 

call  is the cause of 

- If  then we say  has a causal effect on 

𝒢 X ∈ 𝒢

X UX

X → X′ 𝒢 ∃f : X × UX → X′ X′ = f(X, UX)
X X′ 

X → X′ X X′ 

Invariant Risk Minimization
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Invariant Risk Minimization
Structural Causal Model (SCM):

Suppose from e = 1 we learned:

- What if in e = 2, we fix the value of X2?

- What if in e = 3, we fix the value of X4?

- More generally, what if we arbitrarily change the marginal 

distributions of X2, X4 and others (except Y)? 

<latexit sha1_base64="oDx1WWwoH6MlV7ZJV+Etj/0T8to="></latexit>

Y = f(X2, X4)
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Invariant Risk Minimization
Given the causal graph, how to find the subset of causal features?
- Find a subset of the input data, such that the optimal predictor of 

the target given the subset does not change across environments
Invariant Risk Minimization [Arjovsky et al. 2019]

- Going beyond linear transformations (since subset selection = 

projection, which is linear)
IRM objective:

- The same optimal prediction rule applies to all the environments

- Find data representation  that elicits such representations

- Bi-level optimization formulation

Φ( ⋅ )

“Invariant Risk Minimization”, Arjovsky, Bottou, Gulrajani, Lopez-Paz, 2020 



34

Invariant Risk Minimization
Follow-up works on relaxing/simplifying the bi-level optimization 
framework of IRM:

- Minimization of conditional mutual information: “Invariant Rationalization”, Chang, 

Zhang, Jaakkola, ICML’ 20

- Minimizing the variance of empirical risks from multiple domains: “Out-of-

Distribution Generalization via Risk Extrapolation”, Krueger et al., ICLR’ 20

- Combination of information bottleneck principle: 


- “Invariant Information Bottleneck for Domain Generalization”, Li et al., AAAI’ 22, 

- “Invariance Principle Meets Information Bottleneck for Out-of-Distribution 

Generalization”, NeurIPS’ 21

- ……

But, 

- Again, it does not guarantee small error difference

- Fails when different distributions are not from the same SCM

- Enforcing the invariant optimal predictor is only a necessary 

condition, but not sufficient
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A Unified Perspective from Representation Learning
Can we combine invariant representations and invariant predictors to 
provide a unified theory for OOD generalization?

Key observation: Let  be the feature map,  be the RV 
corresponding to domain index, then


ϕ : 𝒳 → 𝒵 E

Invariant Representations:
<latexit sha1_base64="4Hcgeo6L+ql/uPYFb+guJVN9jfk="></latexit>

�(X) ? E

Invariant Predictors:
<latexit sha1_base64="YwG0xTFtHYhEfa8knKVuYIGlWHo="></latexit>

Y ? E | �(X)

But  determines the joint distribution over features and labels,

so if  then there would be no distributional shift.

(ϕ(X), Y )
(ϕ(X), Y ) ⊥ E

In order to explain OOD generalization, we need to consider shifts 

in both  and .ϕ(X) Y |ϕ(X)
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New Paradigms in Transfer Learning
Typical paradigm: pre-training + fine-tuning

1. Pre-training a feature encoder

2. Fine-tune task-specific header for prediction 
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New Paradigms in Transfer Learning

Encoder-based models

Decoder-based models
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New Paradigms in Transfer Learning
New paradigm: pre-training + task mapping through prompt

1. Pre-training a feature encoder

2. Mapping the class label to a text token, and ask the model to 

complete the prompt

Contrastive Language-Image Pre-training (CLIP)

“Learning Transferable Visual Models From Natural Language Supervision”, Radford et al., ICML’ 21
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New Paradigms in Transfer Learning
Weight interpolation of model parameters

“Finetune like you pretrain: Improved finetuning of zero-shot vision models”, Goyal et al., ICCV’ 23
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New Paradigms in Transfer Learning
Weight interpolation of model parameters

Weight Interpolation: 

Simply take a linear combination of the pertained weight and fine-
tuned weight in the model parameter space.

Pretrained Weight 
θpretrain

Finetuned Weight 
θfinetune

Interpolated Weight 
λθpretrain + (1 − λ)θfinetune

“Finetune like you pretrain: Improved finetuning of zero-shot vision models”, Goyal et al., ICCV’ 23
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New Paradigms in Transfer Learning
Weight interpolation of model parameters
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New Paradigms in Transfer Learning
Weight interpolation of model parameters

“Finetune like you pretrain: Improved finetuning of zero-shot vision models”, Goyal et al., ICCV’ 23
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New Paradigms in Transfer Learning
Interpret each task as the difference of model parameters

“Editing Models with Task Arithmetic”, Ilharco et al., ICLR’ 23
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New Paradigms in Transfer Learning
Interpret each task as the difference of model parameters

“Editing Models with Task Arithmetic”, Ilharco et al., ICLR’ 23
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Open Questions
Why and when task arithmetic work?

- Does this imply a linear relationship between task and model parameter?

- How to enable more fine-grained task arithmetic?

- Is it specific to “foundation models”?

- Connection to flat-minima? Sharpness-aware minimization?

- …


