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Variable Importance (Vl)

In distribution-free settings

Data (X, y) Goal: estimate the importance of X; in

X=X, X)) predicting y with large neural networks /i,

VI; := V(g (X),y) = Vihy_(X_), )

| |

“full model” “reduced model”

Need to estimate reduced model for each
variable/subset of variables



Full model




"Dropout”




Reduced model

Weights have moved,
but only slightly



Our contribution: LazyVI

ho (X)) ~ hg(X ) + Vohy(X_)loy (0= 0))



Our contribution: LazyVI

ho (X)) ~ hg(X ) + Vohy(X_)loy (0= 0))
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~ LAZY
3. VIJ — V(hgf(X), y) — V(h9f+A(9j(X—j)9 y)

2. Update parameters: hg_j(X_j) ~ hgf +26, (X_))

We estimate reduced models linearly instead of by
fully retraining a new network



Theoretical guarantee

Assuming regularity conditions and a sufficiently large
regularization parameter A = O(n'?), we show

Hh9f+A9j(X—j) - _(X_j‘)’)uz = OP(n1/4)

~ LAZY
which implies VI is asymptotically normal and efficient

(leveraging framework from (Williamson et al, 2022))
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Simulation

Setting from (Williamson et al, 2022):
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Climate forecasting

Predict winter precipitation over the Southwestern US using
summer Pacific Sea Surface Temperatures

Pacific SSTs 50% removed
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Conclusion

 We’'ve developed a new method for estimating VI with large neural
networks that

* |s computationally efficient
* has statistical performance guarantees
* can be used in a model-agnostic and distribution-free setting

Thank you!



