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Cross-fitting background

A growing number of statistical estimators take the form

where…

we observe data 

 contains nuisance parameters fit using machine learning

𝖯𝑛𝑓𝜂 =
1

𝑛

𝑛

∑
𝑖=1

𝑓𝜂(𝑋𝑖)

𝑋1,… ,𝑋𝑛 ∼ 𝖯

𝜂
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Cross-fitting background

A growing number of statistical estimators take the form

e.g. One-step estimator of counterfactual mean :

𝖯𝑛𝑓𝜂 =
1

𝑛

𝑛

∑
𝑖=1

𝑓𝜂(𝑋𝑖)

𝔼[𝔼(𝑌 ∣ 𝐴 = 1,𝐿)]

1

𝑛

𝑛

∑
𝑖=1

𝔼̂(𝑌𝑖 ∣ 𝐴𝑖 = 1,𝐿𝑖)
⏟ ⏟ ⏟___ ___

conditional mean

+
𝕀(𝐴𝑖 = 1)

ℙ̂(𝐴𝑖 = 1 ∣ 𝐿𝑖)
⏟ ⏟ ⏟__ __

inverse probability

[𝑌𝑖 − 𝔼̂(𝑌𝑖 ∣ 𝐴𝑖,𝐿𝑖)
⏟ ⏟ ⏟___ ___

residuals

]
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Cross-fitting background

A growing number of statistical estimators take the form

Problem: Estimating  and  on the
same data = bias!

𝖯𝑛𝑓𝜂 =
1

𝑛

𝑛

∑
𝑖=1

𝑓𝜂(𝑋𝑖)

𝜂 𝖯𝑛𝑓𝜂
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Cross-fitting background

Solution: Partition data, train on subset, predict on independent held-out fold
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What if  are
correlated?

𝑋1,… ,𝑋𝑛
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What if  are correlated?

Examples: Census tracts, remote sensing, cluster trials, time series

Wikimedia Commons

Research question: How to deal with correlated folds?

𝑋1,… ,𝑋𝑛
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Existing approaches

Block / drop units to create independent folds

Network

Emmenegger et al. ( )

Cluster

Chiang et al. ( )

Time series

Semenova et al. ( )2025

2021

2023
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Our approach
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Our approach

Do nothing.
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Our approach

Do nothing.*
* Just partition data into cross-fitting folds as if units were independent
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What error does cross-fitting eliminate?

𝖯𝑛𝑓 − 𝖯𝑓⏟
Total bias

= (𝖯𝑛 − 𝖯)𝑓
⏟⏟⏟_ _

CLT term

+ 𝖯(𝑓 − 𝑓)
⏟

nuisance bias

+ (𝖯𝑛 − 𝖯)(𝑓 − 𝑓)
⏟ ⏟ ⏟___ ___

empirical process bias 𝑍𝑛
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In independent units, cross-fitting ensures 
(rest addressed by regularity conditions)

What error does cross-fitting eliminate?

𝖯𝑛𝑓 − 𝖯𝑓⏟
Total bias

= (𝖯𝑛 − 𝖯)𝑓
⏟⏟⏟_ _

CLT term

+ 𝖯(𝑓 − 𝑓)
⏟

nuisance bias

+ (𝖯𝑛 − 𝖯)(𝑓 − 𝑓)
⏟ ⏟ ⏟___ ___

empirical process bias 𝑍𝑛

√
𝑛𝑍𝑛 = 𝑜𝖯(1)
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What error does cross-fitting eliminate?

Theorem 1. If, over correlated units, an -CLT exists, and nuisance bias is
, then under “as-independent” cross-fitting

(meaning it is asymptotically negligible)

𝖯𝑛𝑓 − 𝖯𝑓⏟
Total bias

= (𝖯𝑛 − 𝖯)𝑓
⏟⏟⏟_ _

CLT term

+ 𝖯(𝑓 − 𝑓)
⏟

nuisance bias

+ (𝖯𝑛 − 𝖯)(𝑓 − 𝑓)
⏟ ⏟ ⏟___ ___

empirical process bias 𝑍𝑛

𝑟𝑛
𝑜𝖯(1/𝑟𝑛)

𝑟𝑛𝑍𝑛 = 𝑟𝑛(𝖯𝑛 − 𝖯)(𝑓 − 𝑓) = 𝑜𝖯(1)
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Proof idea
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An important lemma

Lemma 1. Suppose  is sub-exponential (MGF is well-controlled):

Let  denote an arbitrary probability distribution absolutely continuous with
respect to . Then,

Adapted from Xu and Raginsky ( )

𝑔(𝑋) ∼ 𝖰

𝔼𝖯(𝑒𝜆(𝑔(𝑋)−𝐸𝖯(𝑔(𝑋)))) ≤ 𝑒𝜈
2𝜆2

for − 1/𝜈 ≤ 𝜆 ≤ 1/𝜈

𝖯

𝖰

|𝔼𝖯(𝑔(𝑋))−𝔼𝖰(𝑔(𝑋))| ≤ 2𝜈√𝐷𝐾𝐿(𝖯 ∥ 𝖰)

2017
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Proof idea

Let  denote the true distribution, and  the “ideal” where folds are
independent. Then, we can bound 

KL-divergence of two datasets is , and (by classical assumption)

Hence, scaled empirical process error is .

𝖯 𝖰

ℙ𝖯(|𝑟𝑛𝑍𝑛| > 𝜀)

≤ |ℙ𝖰(|𝑟𝑛𝑍𝑛| > 𝜀)|
⏟ ⏟ ⏟___ ___

Ideal folds

+ |ℙ𝖯(|𝑟𝑛𝑍𝑛| > 𝜀)−ℙ𝖰(|𝑟𝑛𝑍𝑛| > 𝜀)|
⏟ ⏟ ⏟_______ _______

≤2𝜈√𝐷𝐾𝐿(𝖯∥𝖰) (Lemma 1)

𝑂(𝑛)

𝜈 = 𝑂(𝑟𝑛‖𝑓 − 𝑓‖𝐿2(𝑄)/
√
𝑛) = 𝑜𝖯(1/

√
𝑛)

𝑜𝖯(1/
√
𝑛) ⋅𝑂(

√
𝑛) = 𝑜𝖯(1)
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Why is this so useful?

Comparing “as-independent”
splits to throwing out
correlated observations:
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Conclusions
We show that, in spite of conventional wisdom, “doing nothing” to
account for correlation still allows cross-fitting to control bias

Of course, other challenges remain (uncertainty quantification, nuisance
convergence, etc.)

Avoid loss of effective sample size, computational inefficiency,
implementation complexity
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Thank you! Questions?

Preprint Personal Website

All opinions are my own and do not necessarily reflect the views of the National Science Foundation or Harvard Data Science Initiative.
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