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Distribution Generalization

* Let Prest = {possible distributions at test time}.

- Target of inference writes

f¢:=argmin sup Ep [(Y—f(X))z] 0
fe]: PEPrest

+ We model Piest @S

Prest = {distributions generated by interventions on an SCM}.



Causality and distribution generalization

Z~P; 1L (V,ey) ~ N(0,5), !
X:=MoZ+V,
Y= fo(X) + voV + ey > 0
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Causality and distribution generalization

7=z L (V,ey) ~ N(0,3),
X:=MoZ+V,
Y= fo(X) + VoV +ey.
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The goal of the project is to identify and learn the function that minimizes the
worst-case MSE over arbitrary interventions on Z, i.e.,

arg min sup E [(Y—f(X))2 | do(Z :=2)| .
feF zeR’
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Z~P; 1 (V,€y) ~ N(0,5),
X:i=MoZ+V,

- fo is identified if and only if rank(M,) = p,
Y = fo(X) + yoV + €y.

where p = number of predictors.

+ Control function approach
[Ng and Pinkse, 1995, Newey et al., 1999].
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When f is under-identified

Z~P; L (V,ey) ~ N(0,5), _ +0 rép
X:= MoZ +V, —3( |P=0, §+0,

Y = fo(X) + yoV + €y. [T
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When f is under-identified

Control function identifies a space of solutions.

Z~ Py L (V,€y) ~ N(0,3), clyY \X,\Ij’-' £o(X) + UorV

X = MoZ + V,
Y = fo(X) + yoV + €y. S -?Q(X)+ HDT-V + O

1 Ty~L"
- _?o(X)‘\'&X’*“o Y ‘( v
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Pick the most predictive function

Z~ Py L (V,ey) ~ N(O,3),
X = MoZ + V,
Y = fo(X) + yoV + €y.
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Pick the most predictive function

« Compute residuals V= X — MyZ.
Z ~ Pz 1 (V,ey) ~ N(0,3),

X:=MoZ+V,
Y = fo(X) + yiV + €y.
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Pick the most predictive function

« Compute residuals V= X — MyZ.
Z ~ Pz 1 (V,ey) ~ N(0,3),

X:=MoZ+V,
Y = fo(X) + yiV + €y.

+ Perform nonlinear regression
ELY | X, V] = fo(X) + 8" X + yJV — &'V.
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Pick the most predictive function

« Compute residuals V= X — MyZ.
Z ~ Pz 1 (V,ey) ~ N(0,3),

X:=MoZ+V,
Y = fo(X) + yiV + €y.

+ Perform nonlinear regression
E[Y | X,V] = fo(X) + 6'X + yjV — &'V.
« Further optimize over null-space of M],

6" := argmin E {(Y—fo(X) - 5Tx)1 .
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Pick the most predictive function

« Compute residuals V= X — MyZ.
Z ~ Pz 1 (V,ey) ~ N(0,3),

X:=MoZ+V,
Y = fo(X) + yiV + €y.

+ Perform nonlinear regression
E[Y | X,V] = fo(X) + 6'X + yjV — &'V.
« Further optimize over null-space of M],

6" := argmin E {(Y—fo(X) - 5Tx)1 .

6€ker(Mg)
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Properties of fy + 6"

fo + 6" minimizes the worst-case MSE over arbitrary interventions on Z, i.e.,

fo+ 6" := arg min sup E [(v — f(X))? | do(Z := z)] .
feF zeR’
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Properties of fy + 6"

fo + 6" minimizes the worst-case MSE over arbitrary interventions on Z, i.e.,

fo+ 6" :=argminsupE [(Y—]‘(X))2 | do(Z :=2z)|.
feF zeR’

Remark: fo + 6" can be learned with non-parametric regression methods.
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Conclusion

+ In under-identified IV, we can still identify the minimax function f, + 6™ over
arbitrary interventions on Z.

+ We can learn fy + 6" with non-parametric regression methods.

+ We are working on a modified decision tree algorithm to fit fo + 6™.



Thank You!
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