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What Are Nuisances?

Nuisances: any function class .

<latexit sha1_base64="V9DnzjwEfkpHn/V57A4lEbQOTN8="></latexit>

✓? = argmin✓2⇥ [L0(✓) = EZ⇠P[`(✓, g0;Z)]] .

True nuisance: , which defines the learning problem
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Usually the true nuisance is in the form of .



Nuisance: A perspective of regression
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For a model class :

(Regression problem)

Residual restricted by zero-mean (conditionally),  
i.e., .

What would happen if an additional feature  is observed?

 needs to be further explained by  as  such that



Example 1: Partially Linear Model

Let  such that
<latexit sha1_base64="k6sFG+Ztu/IvCWDaX5ksSkAqZzY="></latexit>

Y = h✓0, Xi+ g0(W ) + ✏, where E[✏ | X,W ] = 0.

<latexit sha1_base64="Df6H1yfsGsLACZOZkVthw+AN+ps="></latexit>

`(✓, g0;Z) = (Y � g0(W )� h✓, Xi)2.

We can estimate  via the optimization problem:
<latexit sha1_base64="BoN/s4qouGo0/qzWSjsdV8OIyW0="></latexit>

✓? = argmin✓2⇥ EZ⇠P[`(✓, g0;Z)],
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<latexit sha1_base64="BQ30VCp3xxdBpzAkybJgeioA3lE="></latexit>

g0(w) = E[Y � h✓0, Xi | W = w].



Scenarios with Nuisances:

• Statistics: Semiparametric Inference 

• Machine Learning: Profile Likelihood, Zero-Shot Prediction 

• Optimization: Distributionally Robust Optimization
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(R. Mehta et. al. ICML 2024)

The profile  is a nuisance!

The probability density  is a nuisance!



The true nuisance is always unknown — how to learn ?

Nuisances: any function class . 

True nuisance: , which defines the learning problem
<latexit sha1_base64="V9DnzjwEfkpHn/V57A4lEbQOTN8="></latexit>

✓? = argmin✓2⇥ [L0(✓) = EZ⇠P[`(✓, g0;Z)]] .

1. Estimate  by .

— Double Machine Learning (DML):

2. Estimate  by 
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Double/Debiased Machine Learning (DML)
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1. Estimate  by .

— Double Machine Learning (DML):

2. Estimate  by 

Question:
How  influence the estimation of ?

— It depends on the orthogonality of the loss function .
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Neyman Orthogonality
<latexit sha1_base64="VYhYY/A2AzMu3CUn48e602urnl0="></latexit>

Definition 2 (Neyman Orthogonality). For ⇥0 ✓ ⇥, the population loss
L(✓, g) = EZ⇠P[`(✓, g;Z)] is Neyman orthogonal at (✓?, g0) over ⇥0 ⇥ G0 if

DgD✓L(✓?, g0)
⇥
✓ � ✓?, g � g0

⇤
= 0 for all (✓, g) 2 ⇥0 ⇥ G0.

<latexit sha1_base64="YeE8NKGR0JDg9sjDg4Xuphhc4Dg=">AAAB/XicbVC7SgNBFJ2Nrxhfq6azGQxCBAm7FtEyYGEKiwjmAdllmZ1MkiGzD2buCskS/BUbC0XS+h92lv6Jk0ehiQcuHM65l3vv8WPBFVjWl5FZW9/Y3Mpu53Z29/YPzMOjhooSSVmdRiKSLZ8oJnjI6sBBsFYsGQl8wZr+4GbqNx+ZVDwKH2AYMzcgvZB3OSWgJc/M3xUd6DMgnqOAyAvc86xzzyxYJWsGvErsBSlUiqPv20k+rXnmp9OJaBKwEKggSrVtKwY3JRI4FWyccxLFYkIHpMfamoYkYMpNZ9eP8ZlWOrgbSV0h4Jn6eyIlgVLDwNedAYG+Wvam4n9eO4HutZvyME6AhXS+qJsIDBGeRoE7XDIKYqgJoZLrWzHtE0ko6MByOgR7+eVV0rgs2eVS+d4uVKpojiw6QaeoiGx0hSqoimqojigaoWf0it6MJ+PFeDcm89aMsZg5Rn9gfPwAXPeXjg==</latexit>

L(✓?, g0)
<latexit sha1_base64="kSuj/nu6X23MgoLnuUL3G8UKRfI=">AAAB73icbZC7SgNBFIZnvcZ4i1qKMBgEq7BrES0DNikjmAskS5idnE2GzM6uM2eFuOQlbCwUsfU1fAQ7K1/FyaXQxB8GPv7/HOacEyRSGHTdL2dldW19YzO3ld/e2d3bLxwcNkycag51HstYtwJmQAoFdRQooZVoYFEgoRkMryd58x60EbG6xVECfsT6SoSCM7RWq4MDQNb1uoWiW3KnosvgzaFYOfl44EZ+17qFz04v5mkECrlkxrQ9N0E/YxoFlzDOd1IDCeND1oe2RcUiMH42nXdMz6zTo2Gs7VNIp+7vjoxFxoyiwFZGDAdmMZuY/2XtFMMrPxMqSREUn30UppJiTCfL057QwFGOLDCuhZ2V8gHTjKM9Ud4ewVtceRkaFyWvXCrfeMVKlcyUI8fklJwTj1ySCqmSGqkTTiR5JM/kxblznpxX521WuuLMe47IHznvP9N/k5Q=</latexit>

✓1
<latexit sha1_base64="VfrTIWtYwRdIIfoNCUGy7SqFNPk=">AAAB73icbZC7SgNBFIZn4y3GW9RShMEgWIXdFNEyYJMygrlAsoTZyUkyZHZ2nTkrxCUvYWOhiK2v4SPYWfkqTi6FJv4w8PH/5zDnnCCWwqDrfjmZtfWNza3sdm5nd2//IH941DBRojnUeSQj3QqYASkU1FGghFasgYWBhGYwup7mzXvQRkTqFscx+CEbKNEXnKG1Wh0cArJuqZsvuEV3JroK3gIKldOPB27kd62b/+z0Ip6EoJBLZkzbc2P0U6ZRcAmTXCcxEDM+YgNoW1QsBOOns3kn9Nw6PdqPtH0K6cz93ZGy0JhxGNjKkOHQLGdT87+snWD/yk+FihMExecf9RNJMaLT5WlPaOAoxxYY18LOSvmQacbRnihnj+Atr7wKjVLRKxfLN16hUiVzZckJOSMXxCOXpEKqpEbqhBNJHskzeXHunCfn1Xmbl2acRc8x+SPn/QfVA5OV</latexit>

✓2

<latexit sha1_base64="kRQb7irI9dUUEWoCgTNWR+ITrjw=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMuGhdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsu/2i7ZSdudA6uEuwa3bp6fFhOm30i1+9QUzSiApNOFaq6zqJ9jIsNSOcTgq9VNEEkxEOadegwBFVXjYfdYJKxhmgIJbmCY3m7u+ODEdKjSPfVEZYD9VqNjP/y7qpDq68jIkk1VSQxUdBypGO0WxvNGCSEs3HBjCRzMyKyBBLTLS5TsEcwV1deR1al2W3Uq7cuHatDgvl4QzO4QJcqEIN6tCAJhAI4Rle4c3i1ov1bn0sSnPWsucU/sj6/AFwoJDz</latexit>g1
<latexit sha1_base64="fAHKDIpoa9Y8p3gVMf2uAU/u4fM=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMdFFdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsV/pF2yk7c6F1cJdg1+zS0+PDdNroF796g5ikERWacKxU13US7WVYakY4nRR6qaIJJiMc0q5BgSOqvGw+6gSVjDNAQSzNExrN3d8dGY6UGke+qYywHqrVbGb+l3VTHVx5GRNJqqkgi4+ClCMdo9neaMAkJZqPDWAimZkVkSGWmGhznYI5gru68jq0KmW3Wq7euHatDgvl4QzO4QJcuIQa1KEBTSAQwjO8wpvFrRfr3fpYlOasZc8p/JH1+QNyJJD0</latexit>g2

<latexit sha1_base64="GjJXwZX+yN1RHlOoYPSNLQ5QQJY=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMKFSXBTddVrQPaIeSSTPT0ExmSDJCGYrgVty4UMRVwV/kzn9j+lho64HAxzn3knuvn3CmtON8W7m19Y3Nrfx2YWd3b/+geHjUVHEqCW2QmMey7WNFORO0oZnmtJ1IiiOf05Y/vJ7mrXsqFYvFnR4l1ItwKFjACNbGug17F72i7ZSdmdAquAuwq3bp6fFhMqn3il/dfkzSiApNOFaq4zqJ9jIsNSOcjgvdVNEEkyEOacegwBFVXjYbdYxKxumjIJbmCY1m7u+ODEdKjSLfVEZYD9RyNjX/yzqpDq68jIkk1VSQ+UdBypGO0XRv1GeSEs1HBjCRzMyKyABLTLS5TsEcwV1eeRWa52W3Uq7cuHa1BnPl4QRO4QxcuIQq1KAODSAQwjO8wpvFrRfr3fqYl+asRc8x/JH1+QNzqJD1</latexit>g3

•  and  are the directional derivative. 

•
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Orthogonalization — Visualization of the Loss Contour
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Example 1: Partially Linear Model

Let  such that
<latexit sha1_base64="k6sFG+Ztu/IvCWDaX5ksSkAqZzY="></latexit>

Y = h✓0, Xi+ g0(W ) + ✏, where E[✏ | X,W ] = 0.

Non-orthogonal loss:

Neyman orthogonal loss:

<latexit sha1_base64="Tbd9NRCX2Uwtw/Yt7688BgrmWl8="></latexit>

`(✓, g; z) =
1

2
(y � g(w)� h✓, xi)2.

<latexit sha1_base64="wxzyzuwHkuFClJVeA7X+iI/fIYU="></latexit>

`?(✓, g; z) =
1

2
(y � gY (w)� h✓, x� gX(w)i)2.

It is NOT always possible to construct a Neyman orthogonal loss!
12

<latexit sha1_base64="0D+ohKAb/U1FwPZjQNeGb1NntTQ="></latexit>

g0,Y (w) := EP[Y | W = w] and g0,X(w) := EP[X | W = w],



Orthogonal Statistical Learning (OSL)

Identify the loss function  as 
the Neyman orthogonal loss or the non-orthogonal loss.
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Previous work in DML/OSL:  
— Empirical Risk Minimization (ERM)

Approximate  

by .

Our contribution: 
— Stochastic Approximation

Approximate  

by 
<latexit sha1_base64="LWgmHavR/4AFtQjhE/f+SmvH8VE="></latexit>

✓(n) = ✓(n�1) � ⌘S(✓(n�1), ĝ;Zn), ✓
(0) 2 ⇥.
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Theorem 1. Let . Then for  and an appropriate 
learning rate , it holds that 

In addition, if  is Neyman orthogonal at , then

<latexit sha1_base64="B0WuUGtyjaHoYTurMGn0RqTnRjU="></latexit>

EDn [k✓(n) � ✓?k22] .(1� µ⌘/2)n + kĝ � g0k2G + ⌘.

<latexit sha1_base64="CLP5Y7p9kpiLHisQOsAJu8wshUs="></latexit>

EDn [k✓(n) � ✓?k22] .(1� µ⌘/2)n + kĝ � g0k4G + ⌘.

1.  is a nuisance estimator. 
2.  is the gradient. 
3. Let  i.i.d. drawn from . 

4. Estimate  by SGD updates 
<latexit sha1_base64="LWgmHavR/4AFtQjhE/f+SmvH8VE="></latexit>

✓(n) = ✓(n�1) � ⌘S(✓(n�1), ĝ;Zn), ✓
(0) 2 ⇥.

Algorithm 1.

Can we orthogonalize the stochastic gradient oracle? Yes!
15



Neyman Orthogonality: the Gradient Level
<latexit sha1_base64="TpDkjAhBazRB4uqepUcXy5GLaCQ="></latexit>

Definition 2 (Neyman Orthogonality). For ⇥0 ✓ ⇥, the population loss
L(✓, g) = EZ⇠P[`(✓, g;Z)] is Neyman orthogonal at (✓?, g0) over ⇥0 ⇥ G0 if

DgD✓L(✓?, g0)
⇥
✓ � ✓?, g � g0

⇤
= 0 for all (✓, g) 2 ⇥0 ⇥ G0.

The population gradient oracle S(✓, g) = EZ⇠P[S(✓, g;Z)] is Neyman orthog-
onal at (✓?, g0) over G0 ✓ G if

DgS(✓?, g0)
⇥
g � g0

⇤
= 0 for all g 2 G0.

<latexit sha1_base64="kRQb7irI9dUUEWoCgTNWR+ITrjw=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMuGhdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsu/2i7ZSdudA6uEuwa3bp6fFhOm30i1+9QUzSiApNOFaq6zqJ9jIsNSOcTgq9VNEEkxEOadegwBFVXjYfdYJKxhmgIJbmCY3m7u+ODEdKjSPfVEZYD9VqNjP/y7qpDq68jIkk1VSQxUdBypGO0WxvNGCSEs3HBjCRzMyKyBBLTLS5TsEcwV1deR1al2W3Uq7cuHatDgvl4QzO4QJcqEIN6tCAJhAI4Rle4c3i1ov1bn0sSnPWsucU/sj6/AFwoJDz</latexit>g1
<latexit sha1_base64="fAHKDIpoa9Y8p3gVMf2uAU/u4fM=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMdFFdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsV/pF2yk7c6F1cJdg1+zS0+PDdNroF796g5ikERWacKxU13US7WVYakY4nRR6qaIJJiMc0q5BgSOqvGw+6gSVjDNAQSzNExrN3d8dGY6UGke+qYywHqrVbGb+l3VTHVx5GRNJqqkgi4+ClCMdo9neaMAkJZqPDWAimZkVkSGWmGhznYI5gru68jq0KmW3Wq7euHatDgvl4QzO4QJcuIQa1KEBTSAQwjO8wpvFrRfr3fpYlOasZc8p/JH1+QNyJJD0</latexit>g2

<latexit sha1_base64="GjJXwZX+yN1RHlOoYPSNLQ5QQJY=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMKFSXBTddVrQPaIeSSTPT0ExmSDJCGYrgVty4UMRVwV/kzn9j+lho64HAxzn3knuvn3CmtON8W7m19Y3Nrfx2YWd3b/+geHjUVHEqCW2QmMey7WNFORO0oZnmtJ1IiiOf05Y/vJ7mrXsqFYvFnR4l1ItwKFjACNbGug17F72i7ZSdmdAquAuwq3bp6fFhMqn3il/dfkzSiApNOFaq4zqJ9jIsNSOcjgvdVNEEkyEOacegwBFVXjYbdYxKxumjIJbmCY1m7u+ODEdKjSLfVEZYD9RyNjX/yzqpDq68jIkk1VSQ+UdBypGO0XRv1GeSEs1HBjCRzMyKyABLTLS5TsEcwV1eeRWa52W3Uq7cuHa1BnPl4QRO4QxcuIQq1KAODSAQwjO8wpvFrRfr3fqYl+asRc8x/JH1+QNzqJD1</latexit>g3

<latexit sha1_base64="YeE8NKGR0JDg9sjDg4Xuphhc4Dg=">AAAB/XicbVC7SgNBFJ2Nrxhfq6azGQxCBAm7FtEyYGEKiwjmAdllmZ1MkiGzD2buCskS/BUbC0XS+h92lv6Jk0ehiQcuHM65l3vv8WPBFVjWl5FZW9/Y3Mpu53Z29/YPzMOjhooSSVmdRiKSLZ8oJnjI6sBBsFYsGQl8wZr+4GbqNx+ZVDwKH2AYMzcgvZB3OSWgJc/M3xUd6DMgnqOAyAvc86xzzyxYJWsGvErsBSlUiqPv20k+rXnmp9OJaBKwEKggSrVtKwY3JRI4FWyccxLFYkIHpMfamoYkYMpNZ9eP8ZlWOrgbSV0h4Jn6eyIlgVLDwNedAYG+Wvam4n9eO4HutZvyME6AhXS+qJsIDBGeRoE7XDIKYqgJoZLrWzHtE0ko6MByOgR7+eVV0rgs2eVS+d4uVKpojiw6QaeoiGx0hSqoimqojigaoWf0it6MJ+PFeDcm89aMsZg5Rn9gfPwAXPeXjg==</latexit>

L(✓?, g0)
<latexit sha1_base64="kSuj/nu6X23MgoLnuUL3G8UKRfI=">AAAB73icbZC7SgNBFIZnvcZ4i1qKMBgEq7BrES0DNikjmAskS5idnE2GzM6uM2eFuOQlbCwUsfU1fAQ7K1/FyaXQxB8GPv7/HOacEyRSGHTdL2dldW19YzO3ld/e2d3bLxwcNkycag51HstYtwJmQAoFdRQooZVoYFEgoRkMryd58x60EbG6xVECfsT6SoSCM7RWq4MDQNb1uoWiW3KnosvgzaFYOfl44EZ+17qFz04v5mkECrlkxrQ9N0E/YxoFlzDOd1IDCeND1oe2RcUiMH42nXdMz6zTo2Gs7VNIp+7vjoxFxoyiwFZGDAdmMZuY/2XtFMMrPxMqSREUn30UppJiTCfL057QwFGOLDCuhZ2V8gHTjKM9Ud4ewVtceRkaFyWvXCrfeMVKlcyUI8fklJwTj1ySCqmSGqkTTiR5JM/kxblznpxX521WuuLMe47IHznvP9N/k5Q=</latexit>

✓1
<latexit sha1_base64="VfrTIWtYwRdIIfoNCUGy7SqFNPk=">AAAB73icbZC7SgNBFIZn4y3GW9RShMEgWIXdFNEyYJMygrlAsoTZyUkyZHZ2nTkrxCUvYWOhiK2v4SPYWfkqTi6FJv4w8PH/5zDnnCCWwqDrfjmZtfWNza3sdm5nd2//IH941DBRojnUeSQj3QqYASkU1FGghFasgYWBhGYwup7mzXvQRkTqFscx+CEbKNEXnKG1Wh0cArJuqZsvuEV3JroK3gIKldOPB27kd62b/+z0Ip6EoJBLZkzbc2P0U6ZRcAmTXCcxEDM+YgNoW1QsBOOns3kn9Nw6PdqPtH0K6cz93ZGy0JhxGNjKkOHQLGdT87+snWD/yk+FihMExecf9RNJMaLT5WlPaOAoxxYY18LOSvmQacbRnihnj+Atr7wKjVLRKxfLN16hUiVzZckJOSMXxCOXpEKqpEbqhBNJHskzeXHunCfn1Xmbl2acRc8x+SPn/QfVA5OV</latexit>

✓2

<latexit sha1_base64="kRQb7irI9dUUEWoCgTNWR+ITrjw=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMuGhdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsu/2i7ZSdudA6uEuwa3bp6fFhOm30i1+9QUzSiApNOFaq6zqJ9jIsNSOcTgq9VNEEkxEOadegwBFVXjYfdYJKxhmgIJbmCY3m7u+ODEdKjSPfVEZYD9VqNjP/y7qpDq68jIkk1VSQxUdBypGO0WxvNGCSEs3HBjCRzMyKyBBLTLS5TsEcwV1deR1al2W3Uq7cuHatDgvl4QzO4QJcqEIN6tCAJhAI4Rle4c3i1ov1bn0sSnPWsucU/sj6/AFwoJDz</latexit>g1
<latexit sha1_base64="fAHKDIpoa9Y8p3gVMf2uAU/u4fM=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMdFFdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsV/pF2yk7c6F1cJdg1+zS0+PDdNroF796g5ikERWacKxU13US7WVYakY4nRR6qaIJJiMc0q5BgSOqvGw+6gSVjDNAQSzNExrN3d8dGY6UGke+qYywHqrVbGb+l3VTHVx5GRNJqqkgi4+ClCMdo9neaMAkJZqPDWAimZkVkSGWmGhznYI5gru68jq0KmW3Wq7euHatDgvl4QzO4QJcuIQa1KEBTSAQwjO8wpvFrRfr3fpYlOasZc8p/JH1+QNyJJD0</latexit>g2

<latexit sha1_base64="GjJXwZX+yN1RHlOoYPSNLQ5QQJY=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMKFSXBTddVrQPaIeSSTPT0ExmSDJCGYrgVty4UMRVwV/kzn9j+lho64HAxzn3knuvn3CmtON8W7m19Y3Nrfx2YWd3b/+geHjUVHEqCW2QmMey7WNFORO0oZnmtJ1IiiOf05Y/vJ7mrXsqFYvFnR4l1ItwKFjACNbGug17F72i7ZSdmdAquAuwq3bp6fFhMqn3il/dfkzSiApNOFaq4zqJ9jIsNSOcjgvdVNEEkyEOacegwBFVXjYbdYxKxumjIJbmCY1m7u+ODEdKjSLfVEZYD9RyNjX/yzqpDq68jIkk1VSQ+UdBypGO0XRv1GeSEs1HBjCRzMyKyABLTLS5TsEcwV1eeRWa52W3Uq7cuHa1BnPl4QRO4QxcuIQq1KAODSAQwjO8wpvFrRfr3fqYl+asRc8x/JH1+QNzqJD1</latexit>g3

16



Orthogonalization — A Gradient Perspective

<latexit sha1_base64="9xmxueL8YXzhxmlUFRuSX207yXI="></latexit>

S?(✓, g; z) = r✓`(✓, g; z)� �0rg`(✓, g; z).

1. Compute the orthogonalizing operator:

2. Remove the projection of the gradient onto the nuisance tangent space:

<latexit sha1_base64="fAHKDIpoa9Y8p3gVMf2uAU/u4fM=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMdFFdFtx0WdE+oB1KJs1MQzOZIckIZSiCW3HjQhFXBX+RO/+N6WOhrQcCH+fcS+69fsKZ0o7zbeU2Nre2d/K7hb39g8Oj4vFJS8WpJLRJYh7Ljo8V5UzQpmaa004iKY58Ttv+6HqWt++pVCwWd3qcUC/CoWABI1gb6zbsV/pF2yk7c6F1cJdg1+zS0+PDdNroF796g5ikERWacKxU13US7WVYakY4nRR6qaIJJiMc0q5BgSOqvGw+6gSVjDNAQSzNExrN3d8dGY6UGke+qYywHqrVbGb+l3VTHVx5GRNJqqkgi4+ClCMdo9neaMAkJZqPDWAimZkVkSGWmGhznYI5gru68jq0KmW3Wq7euHatDgvl4QzO4QJcuIQa1KEBTSAQwjO8wpvFrRfr3fpYlOasZc8p/JH1+QNyJJD0</latexit>g2

<latexit sha1_base64="GjJXwZX+yN1RHlOoYPSNLQ5QQJY=">AAAB6nicbZBLSwMxFIXv1Fetr6pLN8Gh4KrMKFSXBTddVrQPaIeSSTPT0ExmSDJCGYrgVty4UMRVwV/kzn9j+lho64HAxzn3knuvn3CmtON8W7m19Y3Nrfx2YWd3b/+geHjUVHEqCW2QmMey7WNFORO0oZnmtJ1IiiOf05Y/vJ7mrXsqFYvFnR4l1ItwKFjACNbGug17F72i7ZSdmdAquAuwq3bp6fFhMqn3il/dfkzSiApNOFaq4zqJ9jIsNSOcjgvdVNEEkyEOacegwBFVXjYbdYxKxumjIJbmCY1m7u+ODEdKjSLfVEZYD9RyNjX/yzqpDq68jIkk1VSQ+UdBypGO0XRv1GeSEs1HBjCRzMyKyABLTLS5TsEcwV1eeRWa52W3Uq7cuHa1BnPl4QRO4QxcuIQq1KAODSAQwjO8wpvFrRfr3fqYl+asRc8x/JH1+QNzqJD1</latexit>g3

<latexit sha1_base64="shvcDcSbnduM3gYf2DC1elSdP5c="></latexit>

S?(✓?, g0)

Consider  with .

This orthogonalization can be  
Generalize to other losses with possibly 
infinite-dimensional nuisance space .

<latexit sha1_base64="Oq0mvIxPmYJeUG/QZbwTwBw0sFE="></latexit>

�0 = arg min
�2Rd⇥k

EP
⇥
kr✓`(✓?, g0;Z)� �rg`(✓?, g0;Z)k22

⇤
.
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1.  is a nuisance estimator. 
2.  is the operator estimator for . 

3. . 
4. Let  i.i.d. drawn from . 
5. Estimate  by SGD updates .

Algorithm 2

Theorem 2. Let  as the approximated NO gradient by 
using an estimated operator . Then for  and an appropriate learning rate 
, it holds that 

<latexit sha1_base64="oGfQbNgOUj8tU9MctHuMIsheYgw="></latexit>

EDn [k✓(n) � ✓?k22] .(1� µ⌘/2)n

+ kĝ � g0k4G + kĝ � g0k2G · k�̂� �0k2 + ⌘.

Improve  by the cross product !
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• We studied the learning problem under the nuisance, which applies to, but is 
not limited to, causal inference, distributionally robust optimization, profile 
likelihood method. 

• We provided non-asymptotic convergence guarantee of stochastic gradient 
algorithms instead of empirical risk minimization for learning problem under 
nuisance. 

• We designed an approximated orthogonal gradient oracle for non-orthogonal 
losses to make SGD insensitive to nuisance estimation error.

Summary



• We discussed how interleaving the 
nuisance updates and the target updates 
can improve the estimation performance. 

• We discussed several variants of SGD 
including SGD with momentum, averaged 
SGD, and Adam.

Extensions

NeurIPS 2025 (to appear)



Thank you!

Paper



Appendix



Interleaving nuisance and target updates
1. Estimate  using  i.i.d. drawn from . 

2. Do    i.i.d. drawn from . 
3. Observe new samples from  and  and repeat 1 and 2.

<latexit sha1_base64="LWgmHavR/4AFtQjhE/f+SmvH8VE="></latexit>

✓(n) = ✓(n�1) � ⌘S(✓(n�1), ĝ;Zn), ✓
(0) 2 ⇥.



Averaged SGD


