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INVARIANT RISK MINIMIZATION
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INVARIANCES HELP GENERALIZE OUT-OF-DISTRIBUTION
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INVARIANT RISK MINIMIZATION
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Arjovsky et al., Invariant Risk Minimization, arXiv 2019

*Invariant correlations are correlations that do not vary across environments.  
Spurious correlations are those that do. 

 
Invariant predictors make their predictions based only on the invariant correlations.
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INVARIANT RISK MINIMIZATION

For a set of environments E, our goal is to minimize the OOD risk:  
 

Now, given a set of training environments Etr, IRM (Arjovsky et al., 2019) seeks 

to find an invariant predictor w ◦ Φ via the following optimization problem:  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THE IRMV1 FORMULATION

In practice, IRM is an intractable bi-level optimization problem.  

Hence, Arjovsky et al. propose a tractable approximation called IRMv1: 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IRM FINDS INVARIANCE ACROSS ENVIRONMENTS
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OUR WORK



LACK OF EMPIRICAL VALIDATIONS FOR IRM

• As Arjovsky et al. suggested, the need to find invariant predictors is 

universal across machine learning problems. 

• However, empirically speaking, we still don’t know whether IRM can work 

with different versions of multi-environment learning scenarios. 

• After all, optimization is tricky and the ColoredMNIST experiment is largely 

proof-of-concept.
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EXTENDED COLOREDMNIST
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IRMV1 GENERALIZES BETTER AS  
TRAINING ENVIRONMENTS BECOME MORE DIVERSE
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IRMV1 CAN LEARN APPROXIMATE INVARIANCE
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PUNCTUATEDSST-2
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Input Label

A smile on your face . Positive

goes to absurd lengths Negative

PunctuatedSST-2

Input Label

A smile on your face ! Positive

goes to absurd lengths . Negative

In PunctuatedSST-2, specific punctuation marks are spuriously correlated to specific labels during training. 
The correlation is strong but different across training environments. 

The correlation is reversed in the OOD test set.
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DATASET ARTIFACTS ARE PREVALENT &  
THEY CANNOT JUST BE AVOIDED USING PRIOR KNOWLEDGE

• It’s not obvious how to augment the training 

data without using complex syntactic 

manipulations and/or models. 

• We know that specific words in inputs are 

highly correlated to specific labels in NLP 

datasets. But... which words? 

• What if artifacts can also take the form of 

multi-word phrases, or even latent 

concepts in the sentence (e.g., negation, 

entity relations, etc.)? 

• We need methods that can achieve 

robustness against unknown artifacts.

Poliak et al., Hypothesis Only Baselines for Natural Language Inference, SemEval 2018
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IRMV1 CAN AVOID LEARNING  
SPURIOUS WORD-TO-LABEL CORRELATIONS
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LIMITATIONS OF IRM/IRMV1

• Requires a sufficiently diverse set of training environments. 

• Not directly applicable to many existing real-world datasets. 

• If training examples are sufficiently diverse anyway, then ERM could work 

just as well. 

• Optimization can be highly unstable for IRMv1.
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ONGOING/FUTURE WORK

1. Identifying meaningful multi-environment settings in existing datasets. 

• Question types in VQA (Teney et al., 2020), input domains (Krueger et al., 2020), years in 

financial data (Krueger et al., 2020), … 

• Environment inference (Creager et al., 2020) 

2. Stabilizing & scaling up multi-environment learning. 

• IRM games (Ahuja et al., 2020), variance regularization (Teney et al., 2020) 

• Risk extrapolation (Krueger et al., 2020), risk variance penalization (Xie et al., 2020) 

3. Defining protocols for multi-environment data collection. 
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IS IRMV1 STILL EFFECTIVE IF  
THE INVARIANT CORRELATION IS STRONGER?
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HOW DOES THE NUMBER OF TRAINING ENVIRONMENTS AFFECT 

IRMV1?
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HOW DOES THE NUMBER OF OUTCOMES AFFECT IRMV1?
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MORE ON IRM



A GENERALIZATION THEORY FOR IRM

Arjovsky et al., Invariant Risk Minimization, arXiv 2019

Intuitively speaking, if the training environments are sufficiently diverse and the data follows the underlying invariance  
(linear general position), then the solution to the IRM problem elicits an invariant predictor for all environments.
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IRM: AN INFORMATION THEORETIC VIEW
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MISCELLANEOUS



WHAT EXACTLY IS OUT-OF-DISTRIBUTION?

• Unseen input distribution 

• Domain shift (e.g., Wikipedia -> Amazon reviews) 

• Unseen output distribution (e.g., new labels) 

• Unseen input-output associations (local or global) 

• … any other patterns unidentified in the training distribution.
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KNOWN INVARIANCES:  
TRANSLATION, ROTATION, ETC., OR JUST GET MORE DATA

Source: https://github.com/aleju/imgaug
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AN ANALOGOUS SCENARIO IN NLP
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MOVIE REVIEWER 1

MOVIE REVIEWER 2

Sentence Label Sentence Label

A smile on your face! Positive Could be better. Negative

What a great movie. Positive What a terrible movie. Negative

Sentence Label Sentence Label

Excellent plot! Positive A thriller without the thrill. Negative

Never thought I’d enjoy this genre! Positive The world view was supposed to be 

fantastic.
Negative



COUNTERFACTUALLY-AUGMENTED DATA  
(CONTRAST SETS)

32
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TEXTFOOLER & WEIGHT POISONING ATTACKS
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THE END


