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We will show that the key to both questions will be a 
connection to a decades-old statistics problem.
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Marginals are incorporated by data balancing.  
(Sinkhorn Iterations, Iterative Proportional Fitting, Raking Ratio Estimation)
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Histogram of Entries in Pre-Training Set

Entries (Sorted by Frequency) Entries (Sorted by Frequency)

Original Rebalanced

87M

“the”



Pre-Training Data Curation: Balancing Keyword Distributions

Zero-Shot Accuracy of Models with Different Pre-Training Data

Evaluated on CIFAR-100 Evaluated on STL-10

Training Iterations Training Iterations

Original

Rebalanced
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Pre-Training Data Curation: Balancing Keyword Distributions

How should we interpret this empirically 
effective procedure theoretically?
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Empirical Risk Minimization with Marginal Rebalancing

<latexit sha1_base64="zOE1OFIt5pwOjTBvAc1Nic6ZKPw="></latexit>

min
✓2Rd

EPn [h✓(X,Z)]
<latexit sha1_base64="IV/3U6jE+IKL/uTFtig/nx94LqE="></latexit>

min
✓2Rd

E
P (k)

n
[h✓(X,Z)]

ERM Rebalanced ERM
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Empirical Risk Minimization with Marginal Rebalancing

<latexit sha1_base64="zOE1OFIt5pwOjTBvAc1Nic6ZKPw="></latexit>

min
✓2Rd

EPn [h✓(X,Z)]
<latexit sha1_base64="IV/3U6jE+IKL/uTFtig/nx94LqE="></latexit>

min
✓2Rd

E
P (k)

n
[h✓(X,Z)]

ERM Rebalanced ERM
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<latexit sha1_base64="zOE1OFIt5pwOjTBvAc1Nic6ZKPw="></latexit>

min
✓2Rd

EPn [h✓(X,Z)]
<latexit sha1_base64="IV/3U6jE+IKL/uTFtig/nx94LqE="></latexit>

min
✓2Rd

E
P (k)

n
[h✓(X,Z)]

ERM Rebalanced ERM

We hide the dependence on  
and consider point-wise 

estimation for a fixed .

θ

h ≡ hθ

<latexit sha1_base64="SugoFWjiOzBlLolVlMf5rCvWUCU="></latexit>

= P (k)
n (h)

?⇡ P (h)

Empirical Risk Minimization with Marginal Rebalancing
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<latexit sha1_base64="zOE1OFIt5pwOjTBvAc1Nic6ZKPw="></latexit>

min
✓2Rd

EPn [h✓(X,Z)]
<latexit sha1_base64="IV/3U6jE+IKL/uTFtig/nx94LqE="></latexit>

min
✓2Rd

E
P (k)

n
[h✓(X,Z)]

ERM Rebalanced ERM

<latexit sha1_base64="SugoFWjiOzBlLolVlMf5rCvWUCU="></latexit>

= P (k)
n (h)

?⇡ P (h)

Empirical Risk Minimization with Marginal Rebalancing

<latexit sha1_base64="8QpDqpPMl1/n5/qzhB8jUH+KtuQ="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
 . . . <

Var(h)
n

?

We measure the benefit of balancing via variance/MSE 
reduction for estimating the expectation of a fixed test function.



48

The main results depend on particular distribution-dependent operators.
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Conditional Mean Operators

The main results depend on particular distribution-dependent operators.

<latexit sha1_base64="1KutisaP+idcP2SwEhZgEyuJapw="></latexit>

µZ : L2(P ) ! L2(PZ)
<latexit sha1_base64="kJ9nTvxIDOAdMabPF7UO35sKKUA="></latexit>

µX : L2(P ) ! L2(PX)
<latexit sha1_base64="Og6sr2oi+AnxuvYqJ2bP4Br21FE="></latexit>

µXh = E [h(·, Z)|X]
<latexit sha1_base64="J1IWKa70rIZUYlSIhKVAs81j8no="></latexit>

µZh = E [h(X, ·)|Z]
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Conditional Mean Operators

<latexit sha1_base64="gUlAaUDfvG/ZPHRqTVTbo7KYnXU="></latexit>

CXh = h� E [h(·, Z)|X]
<latexit sha1_base64="IuK0dIPre152Far16Sgeq9+OD9Q="></latexit>

CZh = h� E [h(X, ·)|Z]

Conditional Centering Operators

The main results depend on particular distribution-dependent operators.

<latexit sha1_base64="1KutisaP+idcP2SwEhZgEyuJapw="></latexit>

µZ : L2(P ) ! L2(PZ)
<latexit sha1_base64="kJ9nTvxIDOAdMabPF7UO35sKKUA="></latexit>

µX : L2(P ) ! L2(PX)

<latexit sha1_base64="khExUgPEuvJJuXWuneL1x9jgSME="></latexit>

CZ : L2(P ) ! L2(PZ)
?

<latexit sha1_base64="HGYS7JeUCiqijwoNk9Im6yIjHYY="></latexit>

CX : L2(P ) ! L2(PX)?

<latexit sha1_base64="Og6sr2oi+AnxuvYqJ2bP4Br21FE="></latexit>

µXh = E [h(·, Z)|X]
<latexit sha1_base64="J1IWKa70rIZUYlSIhKVAs81j8no="></latexit>

µZh = E [h(X, ·)|Z]
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The main results depend on particular distribution-dependent operators.

<latexit sha1_base64="w5hztmJknsL1Pp1dFVWD7ro0a9M="></latexit>

= CXh
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Conditional Mean Operators

Conditional Centering Operators

The main results depend on particular distribution-dependent operators.

Projection onto
<latexit sha1_base64="IxgiSjO2SM7o5YaAmofAWRwYYtA="></latexit>

L2(PX) Projection onto

Projection ontoProjection onto

<latexit sha1_base64="Fn/ZHKM+fm9jnOgulfM9IBcLImc="></latexit>

L2(PZ)

<latexit sha1_base64="tu+R0BMkqbXSVoeY7wzsYbfuCQQ="></latexit>

L2(PX)?
<latexit sha1_base64="3/xe2j2tp62FkWgHxyGB8zagNo8="></latexit>

L2(PZ)
?
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 timesk

Theorem (Liu, M., Pal, Harchaoui) 
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 timesk

Theorem (Liu, M., Pal, Harchaoui) 

Information Projections  Orthogonal Projections  Variance Reduction↦ ↦
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 timesk

Theorem (Liu, M., Pal, Harchaoui) 

Information Projections  Orthogonal Projections  Variance Reduction↦ ↦
(next slide)
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 timesk

Theorem (Liu, M., Pal, Harchaoui) 

Information Projections  Orthogonal Projections  Variance Reduction↦ ↦
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Proof Technique: Recursive Error Decomposition

<latexit sha1_base64="sMmKUWxsFBwJ9NoPze9NRfP+udI="></latexit>

(µk, Ck) :=
(
(µX , CX) k odd
(µZ , CZ) k even

Where do these 
operators come from?
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Proof Technique: Recursive Error Decomposition

<latexit sha1_base64="sMmKUWxsFBwJ9NoPze9NRfP+udI="></latexit>

(µk, Ck) :=
(
(µX , CX) k odd
(µZ , CZ) k even

First-Order Term Higher-Order Term

Where do these 
operators come from?
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Proof Technique: Recursive Error Decomposition

<latexit sha1_base64="sMmKUWxsFBwJ9NoPze9NRfP+udI="></latexit>

(µk, Ck) :=
(
(µX , CX) k odd
(µZ , CZ) k even

First-Order Term Higher-Order Term

Where do these 
operators come from?

Ex:  depends only on 
marginal , for which 
they both match.

μXh
PX
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Proof Technique: Recursive Error Decomposition

<latexit sha1_base64="sMmKUWxsFBwJ9NoPze9NRfP+udI="></latexit>

(µk, Ck) :=
(
(µX , CX) k odd
(µZ , CZ) k even

First-Order Term Higher-Order Term

Where do these 
operators come from?
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Proof Technique: Recursive Error Decomposition

<latexit sha1_base64="sMmKUWxsFBwJ9NoPze9NRfP+udI="></latexit>

(µk, Ck) :=
(
(µX , CX) k odd
(µZ , CZ) k even

First-Order Term Higher-Order Term

Where do these 
operators come from?
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First-Order Term Higher-Order Term

<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
Theorem (Liu, M., Pal, Harchaoui) 



63

First-Order Term Higher-Order Term

<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
Theorem (Liu, M., Pal, Harchaoui) 
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 

<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 

<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 

<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 

<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

<latexit sha1_base64="+3cMxpZnRODmhpAsUxc9troTvIU="></latexit>↵1,↵2, . . .
<latexit sha1_base64="wORgxsaDTy5jn2SIuzvrlpEsusk="></latexit>

�1,�2, . . .
<latexit sha1_base64="xqubbdkmTl7csqEdCcCX8deu42Y="></latexit>

µX�i = si↵i
<latexit sha1_base64="EKoHU/Z6OSkbrLKfuJWRs81PyF8="></latexit>

µZ↵i = si�i

<latexit sha1_base64="ufZxIIdFZ/pjmA+fIFMUpNwmxIY="></latexit>

L2(PX)
<latexit sha1_base64="EJ+/qyo28RbQd5OrFMbmCASoSRE="></latexit>

L2(PZ)

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 

<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

<latexit sha1_base64="+3cMxpZnRODmhpAsUxc9troTvIU="></latexit>↵1,↵2, . . .
<latexit sha1_base64="wORgxsaDTy5jn2SIuzvrlpEsusk="></latexit>

�1,�2, . . .
<latexit sha1_base64="xqubbdkmTl7csqEdCcCX8deu42Y="></latexit>

µX�i = si↵i
<latexit sha1_base64="EKoHU/Z6OSkbrLKfuJWRs81PyF8="></latexit>

µZ↵i = si�i

<latexit sha1_base64="ufZxIIdFZ/pjmA+fIFMUpNwmxIY="></latexit>

L2(PX)
<latexit sha1_base64="EJ+/qyo28RbQd5OrFMbmCASoSRE="></latexit>

L2(PZ)

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ

Singular values = canonical correlations.
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<latexit sha1_base64="N5/TvoPjC5TjqJo2sWDln4crz7Q="></latexit>

EPn

⇥
(P (k)

n (h)� P (h))2
⇤
=

Var(CZCX . . . CZCXh)

n
+ Õ

✓
k
6

n3/2

◆
 ?k → ∞

Theorem (Liu, M., Pal, Harchaoui) 

<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

<latexit sha1_base64="+3cMxpZnRODmhpAsUxc9troTvIU="></latexit>↵1,↵2, . . .
<latexit sha1_base64="wORgxsaDTy5jn2SIuzvrlpEsusk="></latexit>

�1,�2, . . .
<latexit sha1_base64="xqubbdkmTl7csqEdCcCX8deu42Y="></latexit>

µX�i = si↵i
<latexit sha1_base64="EKoHU/Z6OSkbrLKfuJWRs81PyF8="></latexit>

µZ↵i = si�i

<latexit sha1_base64="ufZxIIdFZ/pjmA+fIFMUpNwmxIY="></latexit>

L2(PX)
<latexit sha1_base64="EJ+/qyo28RbQd5OrFMbmCASoSRE="></latexit>

L2(PZ)

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ
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<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

<latexit sha1_base64="+3cMxpZnRODmhpAsUxc9troTvIU="></latexit>↵1,↵2, . . .
<latexit sha1_base64="wORgxsaDTy5jn2SIuzvrlpEsusk="></latexit>

�1,�2, . . .
<latexit sha1_base64="xqubbdkmTl7csqEdCcCX8deu42Y="></latexit>

µX�i = si↵i
<latexit sha1_base64="EKoHU/Z6OSkbrLKfuJWRs81PyF8="></latexit>

µZ↵i = si�i

<latexit sha1_base64="ufZxIIdFZ/pjmA+fIFMUpNwmxIY="></latexit>

L2(PX)
<latexit sha1_base64="EJ+/qyo28RbQd5OrFMbmCASoSRE="></latexit>

L2(PZ)

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ

The sequence of orthogonal complements exhibits a pattern.
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<latexit sha1_base64="4W2CHPaf2Io70j/SjkbEKSeWofE="></latexit>

hf, µXgiL2(P ) = EP [f(X)EP [g(Z)|X]] = EP [f(X)g(Z)] = EP [EP [f(X)|Z] g(Z)] = hµZf, giL2(P )

<latexit sha1_base64="+3cMxpZnRODmhpAsUxc9troTvIU="></latexit>↵1,↵2, . . .
<latexit sha1_base64="wORgxsaDTy5jn2SIuzvrlpEsusk="></latexit>

�1,�2, . . .
<latexit sha1_base64="xqubbdkmTl7csqEdCcCX8deu42Y="></latexit>

µX�i = si↵i
<latexit sha1_base64="EKoHU/Z6OSkbrLKfuJWRs81PyF8="></latexit>

µZ↵i = si�i

<latexit sha1_base64="ufZxIIdFZ/pjmA+fIFMUpNwmxIY="></latexit>

L2(PX)
<latexit sha1_base64="EJ+/qyo28RbQd5OrFMbmCASoSRE="></latexit>

L2(PZ)

Note that  and  are adjoint, meaning they share a singular value decomposition.μX μZ

The sequence of orthogonal complements exhibits a pattern.
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Quantifying this variance reduction is a classical problem in mathematical 
statistics, particularly efficiency theory.

<latexit sha1_base64="eeWhU4iaFVz/sXrzJz6R7ZEUIg4="></latexit>

L2(PX)? \ L2(PZ)
?
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Quantifying this variance reduction is a classical problem in mathematical 
statistics, particularly efficiency theory.

<latexit sha1_base64="eeWhU4iaFVz/sXrzJz6R7ZEUIg4="></latexit>

L2(PX)? \ L2(PZ)
?

We used a particular optimization algorithm used to compute an estimator, in order to analyze 
it statistically. Every iterate of the algorithm has a closed form, but the limit does not.
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The data curation procedure used in CLIP is an 
instance of balancing at the pre-training set scale.

Contributions. We show that:

The CLIP objective computes a functional balanced 
probability measure at the mini-batch scale.

We quantify the theoretical improvement of 
using such a procedure in terms of variance-
reduced estimation of the population loss.

We use this viewpoint to 
propose an alternative 
CLIP-like objective that 
improves zero-shot 
classification 
performance empirically.
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The CLIP objective compute graph contains a backpropable balancing step.

Image Encoder

Text Encoder

Contrastive 
Learning 
Objective

<latexit sha1_base64="Gg1G1cPenKEKS0WKx/KjGA281qQ="></latexit>x

<latexit sha1_base64="UIellb78nldF7oA6cgcDZXonUIY="></latexit>z
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The CLIP objective compute graph contains a backpropable balancing step.

<latexit sha1_base64="Gg1G1cPenKEKS0WKx/KjGA281qQ="></latexit>x

<latexit sha1_base64="UIellb78nldF7oA6cgcDZXonUIY="></latexit>z
<latexit sha1_base64="1jshK6ZEzUVsNcgY+vmBFebjZFU="></latexit>g✓

<latexit sha1_base64="3k6IW/5BehWGu4c9aCZgMf1ENTo="></latexit>

f✓

<latexit sha1_base64="T+ZnkTg7f5R4DJgSHTRill9dcuw="></latexit>

LCLIP
n (✓)



78

The CLIP objective compute graph contains a backpropable balancing step.

<latexit sha1_base64="e9uhcVL2Lr3JeFMSZrYYtq6ZPak="> </latexit>

LCLIP
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log
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P (0)
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· P (0)

n (Xi, Zi)
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� log n

<latexit sha1_base64="ke7cyLbSYrF39feD5Z5BtekR9II="></latexit>

P (1)
n (Xi, Zi)

<latexit sha1_base64="ke7cyLbSYrF39feD5Z5BtekR9II="></latexit>

P (1)
n (Xi, Zi)

if balancing  firstX if balancing  firstZ
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The CLIP objective compute graph contains a backpropable balancing step.

<latexit sha1_base64="e9uhcVL2Lr3JeFMSZrYYtq6ZPak="> </latexit>
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log
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The CLIP objective compute graph contains a backpropable balancing step.
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The CLIP objective compute graph contains a backpropable balancing step.
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The CLIP objective compute graph contains a backpropable balancing step.
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The CLIP objective compute graph contains a backpropable balancing step.
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Increasing the number of iterations results in zero-shot accuracy gains!
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Increasing the number of iterations results in zero-shot accuracy gains!
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Three Ingredients of Success

Self-Supervised 
Learning 
Objective

Pre-Training Data
Prompting/

Pseudo-
Captioning

What is the effect of 
common multimodal data 
curation methods on pre-

training/downstream 
performance?

How do we interpret 
the CLIP objective 

(large batch limit, etc.) 
and improve it? 

When can prompt-
based zero-shot 

prediction match the 
performance of 

supervised learning?
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What is the entire pipeline estimating? 
What is theoretically “ideal” prompting? 
How close can this get to Bayes optimal performance?
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Reproducibility

=

NeurIPS ‘24



Thank you!
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First-Order Term Higher-Order Term
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Self- 
Distillation 
Objective

Pre-Training: Self-Supervised Learning
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