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Abstract

There is an increasing interest in algorithms to
learn invariant correlations across training
environments. A big share of the current pro-
posals finds theoretical support in the causality
literature, but how useful are they in practice?

We propose a benchmark of six linear unit
tests that can be used to evaluate the robustness
to spurious correlations. Following initial exper-
iments, none of the recently proposed invariant
learning algorithms [1, 4, 3] pass all tests.

By providing the code to replicate our exper-
iments, we hope that our unit tests become a
standard stepping stone for researchers in out-of-
distribution generalization.

https://www.github.com/
facebookresearch/InvarianceUnitTests

Shared assumptions

We collect datasets De = {(xei , yei )}nei=1 con-
taining ne samples for nenv environments:
e ∈ E = {Ej}nenv−1

j=0 .

The input feature vector x
e
= (xeinv, x

e
spu) ∈ Rd

contains features x
e
inv ∈ Rdinv that elicit invariant

correlations and features x
e
spu ∈ Rdspu that elicit

spurious correlations such that d = dinv + dspu.
The goal is to construct invariant predictors that
estimate the target variable y

e
by relying on x

e
inv,

and ignoring x
e
spu.

To measure the extent to which an algorithm
ignores the features x

e
spu, we sample a train split,

a validation split, and a test split per problem
and environment. In the test split, the features
x
e
spu are shuffled at random across examples. This

way, only those predictors ignoring x
e
spu will achieve

minimal test error.

Ex1: Regression from causes and effects

A linear least-squares regression problem where features
contain causes and effects of the target variable [1].
To construct the datasets De for every e ∈ E and i = 1, . . . , ne, sample:

x
e
inv,i ∼ Ndinv(0, (σe)2),
ỹ
e
i ∼ Ndinv(Wyx x

e
inv,i, (σe)2),

x
e
spu,i ∼ Ndspu(Wxy ỹ

e
i , 1),

x
e
i ← (xeinv,i, x

e
spu,i),

y
e
i ←

2

d
⋅ 1
⊤
dinv ỹ

e
i ;

Ex2: Cows vs camels

In the spirit of [2, 1], we add a binary classification problem to imi-
tate the introductory example “most cows appear in grass and most
camels appear in sand”.
To construct the datasets De for every e ∈ E and i = 1, . . . , ne, sample:

j
e
i ∼ Categorical (pese, (1 − p

e)se, pe(1 − s
e), (1 − p

e)(1 − s
e)) ;

x
e
inv,i ∼ { (Ndinv(0, 10

−1) + µcow) ⋅ νanimal if j
e
i ∈ {1, 2},

(Ndinv(0, 10
−1) + µcamel) ⋅ νanimal if j

e
i ∈ {3, 4},

x
e
spu,i ∼ { (Ndspu(0, 10

−1) + µgrass) ⋅ νbackground if j
e
i ∈ {1, 4},

(Ndspu(0, 10
−1) + µsand) ⋅ νbackground if j

e
i ∈ {2, 3},

x
e
i ← (xeinv,i, x

e
spu,i); y

e
i ← { 1 if 1

⊤
dinvx

e
i,inv > 0,

0 else;

Ex3: Small invariant margin

Spiral binary classification: the first two dimensions offer an invariant
small-margin decision boundary. The rest of the dimensions offer a
changing large-margin decision boundary. Linear version of the spiral
problem [4].
To construct the datasets De for every e ∈ E and i = 1, . . . , ne, sample:

y
e
i ∼ Bernoulli (1

2
) ,

x
e
inv,i ∼ {Ndinv(+γ, 10

−1) if y
e
i = 0,

Ndinv(−γ, 10
−1) if y

e
i = 1;

x
e
spu,i ∼ {Ndspu(+µ

e
, 10

−1) if y
e
i = 0,

Ndspu(−µ
e
, 10

−1) if y
e
i = 1;

x
e
i ← (xeinv,i, x

e
spu,i).

Please refer to our paper and codebase for a full list of
parameters and their values.

Baseline results and analysis

We define three additional problems: “scrambled” variations. Scrambled variations build

observed datasets D
e
= {(S⊤xei , yei )}n

e

i=1, where S ∈ Rd×d
is a random rotation matrix fixed

for all environments e ∈ E .
We evaluate ERM[5], IRM[1], IGA[3], AND-mask[4] on our six problems.
Oracle is a version of ERM where all data splits contain randomized x

e
spu, and therefore are

trivial to ignore. The purpose of this method is to understand the achievable upper bound
performance in our problems.
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Fig. 1: Test error averaged across environments (E0, E1, E2) for
(dinv, dspu, nenv) = (5, 5, 3).
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Fig. 2: Test error averaged across environments for ANDMask, ERM, IGA, IRMv1 and
Oracle on the unit-tests as a function of the ratio δenv = nenv

dspu
at fixed dimensions

(dinv, dspu) = (5, 5) (top) and as a function of δspu =
dspu

dinv
for (dinv, nenv) = (5, 3) (bottom).
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