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Task-Agnostic 
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Context 

• Pre-training/prompting techniques advanced 
significantly in applications.  

• How do we understand/perform theoretical 
generalization analysis of ZSP?
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Contributions 

1. Theoretical framework to formalize zero-
shot prediction (ZSP) and obtain its 
generalization analysis. 

2. Two proof strategies which apply to 
different classes of methods. 

3. Key quantities for success of ZSP: residual 
dependence, prompt bias, sample 
complexity, and prompt complexity. 

Context 

• Pre-training/prompting techniques advanced 
significantly in applications.  

• How do we understand/perform theoretical 
generalization analysis of ZSP?
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)
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Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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Pre-Training Prompting
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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QX,Z
<latexit sha1_base64="clVdaBa7UHwuUMrt1rNZMBFSrwM="></latexit>⇢Y,Z

Pre-Training Prompting

ZSP (Indirect) performs well 🙂
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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<latexit sha1_base64="20ewOSsj3TV4jalz2+Glr60PrWA=">AAAB7nicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY9ELx4hkUeEDZkdGpgwO7uZmTUhKx/hxYPGePV7vPk3DrAHBSvppFLVne6uIBZcG9f9dnJr6xubW/ntws7u3v5B8fCoqaNEMWywSESqHVCNgktsGG4EtmOFNAwEtoLx7cxvPaLSPJL3ZhKjH9Kh5APOqLFSq95LH57a016x5JbdOcgq8TJSggy1XvGr249YEqI0TFCtO54bGz+lynAmcFroJhpjysZ0iB1LJQ1R++n83Ck5s0qfDCJlSxoyV39PpDTUehIGtjOkZqSXvZn4n9dJzODaT7mME4OSLRYNEkFMRGa/kz5XyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpS9SrlSvyxVb7I48nACp3AOHlxBFe6gBg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHZg+PoQ==</latexit>

QZ|X

Evaluation
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Pre-Training Prompting

ZSP (Indirect) performs poorly ☹
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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Pre-Training Prompting

ZSP (Indirect) performs poorly ☹
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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Theorem. (Mehta & Harchaoui, ICML ’25) 

 denotes any joint 
distribution such that 

.
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PZ|X = QZ|X
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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Theorem. (Mehta & Harchaoui, ICML ’25) 

 denotes any joint 
distribution such that 
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PX,Y,Z

PZ|X = QZ|X
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

Roadmap of Theoretical Analysis 

1. Define  in terms of pre-training, 
evaluation, and prompting distribution. 

2. Upper bound information-theoretic error 
using dependence relationships between 
images, captions, and labels.  

3. Define class of estimators , and bound 
learning error using tools from statistical 
learning theory.
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training distribution

based on 
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distributions
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from data <latexit sha1_base64="TpWrlAfafF2hX08P/at0k7Q+DWk="></latexit>

R(x, z) =
dQX,Z

d(QX ⌦QZ)
(x, z)

M

similarity 
score
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 1: Similarity Score Learning
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small if prompts 
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training distribution

based on 
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distributions

learned 
from data <latexit sha1_base64="TpWrlAfafF2hX08P/at0k7Q+DWk="></latexit>

R(x, z) =
dQX,Z

d(QX ⌦QZ)
(x, z)

Theorem. (Mehta & Harchaoui, ICML ’25) 
<latexit sha1_base64="4ARAhp5vNVrySOOFFQCvm0mP3R8="></latexit>

EX⇠PX

h
(f̄(X)� f̂(X))2

i
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similarity 
score
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 1: Similarity Score Learning
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f̄(x) = EQX,Z

⇥
E⇢Y,Z [Y |Z] |X = x

⇤

= E⇢Y,Z [Y · R(x, Z)] + err(QZ , ⇢Z)

small if prompts 
“cover” the pre-

training distribution

based on 
population 

distributions

learned 
from data <latexit sha1_base64="TpWrlAfafF2hX08P/at0k7Q+DWk="></latexit>

R(x, z) =
dQX,Z

d(QX ⌦QZ)
(x, z)

Theorem. (Mehta & Harchaoui, ICML ’25) 
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score

<latexit sha1_base64="By7XVgOFvoa2vlgOklnCIZrTxwg="></latexit>

f̂(x) = E⇢̂Y,Z [Y · R̂(x, Z)]



direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 1: Similarity Score Learning

<latexit sha1_base64="BjNGBJE6S88YMLXTnlDkLpEuH24="></latexit>

f̄(x) = EQX,Z

⇥
E⇢Y,Z [Y |Z] |X = x

⇤

= E⇢Y,Z [Y · R(x, Z)] + err(QZ , ⇢Z)

small if prompts 
“cover” the pre-

training distribution

based on 
population 

distributions

learned 
from data <latexit sha1_base64="TpWrlAfafF2hX08P/at0k7Q+DWk="></latexit>

R(x, z) =
dQX,Z

d(QX ⌦QZ)
(x, z)

Theorem. (Mehta & Harchaoui, ICML ’25) 
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sample complexity 

( 1
N□ )

similarity 
score

prompt complexity 

( 1
M□ )
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f̂(x) = E⇢̂Y,Z [Y · R̂(x, Z)]



direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 1: Similarity Score Learning
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⇥
E⇢Y,Z [Y |Z] |X = x

⇤

= E⇢Y,Z [Y · R(x, Z)] + err(QZ , ⇢Z)

small if prompts 
“cover” the pre-

training distribution

based on 
population 

distributions

learned 
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R(x, z) =
dQX,Z

d(QX ⌦QZ)
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f̂(x) = E⇢̂Y,Z [Y · R̂(x, Z)]



direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 2: Two-Stage Prediction
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f̄(x) = EQX,Z

⇥
E⇢Y,Z [Y |Z] |X = x

⇤

= E⇢Y,Z [Y · R(x, Z)] + err(QZ , ⇢Z)based on 
population 

distributions

learned 
from data

Theorem. (Mehta & Harchaoui, ICML ’25) 
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f̂(x) = ĝM (ĥN (x))



direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 2: Two-Stage Prediction
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⇤

= E⇢Y,Z [Y · R(x, Z)] + err(QZ , ⇢Z)based on 
population 

distributions

learned 
from data

Theorem. (Mehta & Harchaoui, ICML ’25) 
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f̂(x) = ĝM (ĥN (x))

1st Stage 
Prediction from 

 ExamplesN

Text Caption: 
Look at my 
cute cat!

1st Stage



direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Approach 2: Two-Stage Prediction
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 

<latexit sha1_base64="tyE26UMlQuNZ/VVBg8OHvVPB3Jg="></latexit>

EX⇠PX

h
(f?(X)� f̂(X))2

i
 2EX⇠PX

⇥
(f?(X)� f̄(X))2

⇤
+ 2EX⇠PX

h
(f̄(X)� f̂(X))2

i 61

Approach 2: Two-Stage Prediction
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learned 
from data
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<latexit sha1_base64="4ARAhp5vNVrySOOFFQCvm0mP3R8="></latexit>

EX⇠PX

h
(f̄(X)� f̂(X))2

i
. d(R̂,R) + d(⇢̂Y,Z , ⇢Y,Z)

<latexit sha1_base64="UvFKDjhefoP6F4+RD8mK+/5Miv0="></latexit>

f̂(x) = ĝM (ĥN (x))
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Evaluation
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Pre-Training Prompting
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(e.g., CLIP score)



direct predictor ZSP procedure population version of ZSP  
(based on distributions instead of samples)

information-theoretic error learning error 
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Evaluation
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Pre-Training Prompting
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Thank you!

Spotlight Poster Info 

Time: Wednesday, July 16, 11:00am PDT - 1:30pm PDT  
Place: West Exhibition Hall B2-B3 #W-905
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Appendix
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Distribution of Text Embeddings<latexit sha1_base64="qP+TPUCZe+0ISiPffVLApouuTDw="></latexit>

err(PY,Z , ⇢Y,Z) = EZ⇠PZ [(EPY,Z [Y |Z]� E⇢Y,Z [Y |Z])2]

Prompt Bias
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Template-Based
“photo of a dog”

Distribution of Text Embeddings<latexit sha1_base64="qP+TPUCZe+0ISiPffVLApouuTDw="></latexit>

err(PY,Z , ⇢Y,Z) = EZ⇠PZ [(EPY,Z [Y |Z]� E⇢Y,Z [Y |Z])2]

Prompt Bias

does not easily 
separate classes in 
embedding space
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Class-Conditional
“st. bernard rescue near me”

Distribution of Text Embeddings<latexit sha1_base64="qP+TPUCZe+0ISiPffVLApouuTDw="></latexit>

err(PY,Z , ⇢Y,Z) = EZ⇠PZ [(EPY,Z [Y |Z]� E⇢Y,Z [Y |Z])2]

Prompt Bias
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Unbiased
sample directly from PY,Z

Distribution of Text Embeddings<latexit sha1_base64="qP+TPUCZe+0ISiPffVLApouuTDw="></latexit>

err(PY,Z , ⇢Y,Z) = EZ⇠PZ [(EPY,Z [Y |Z]� E⇢Y,Z [Y |Z])2]

Prompt Bias

true conditional 
mean w.r.t. 

distribution PY,Z
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Zero-Shot 
Classification 

Accuracy

ImageNet-Captions

Use average embeddings of true 
captions  observed in dataset.PY,Z

Top-1

Top-5
<latexit sha1_base64="cnK8xqTCbtqPjXTLB5X+q+WrFig="></latexit> X

i:yi=y
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Zero-Shot 
Classification 

Accuracy
“a photo of a {texture, 
pattern, thing, object}”

gauzy material appears to be a thin 
and delicate fabric often made of 

silk or cotton and commonly used in 
clothing and upholstery.

Top-1

Top-5

Describable Textures

Number of Prompts (M)
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<latexit sha1_base64="4c+wweOSvDlMbBAINiAc0/z6o8o="></latexit>

µ(x) = E [E [Y |Z] |X] (x)

Multi-View Redundancy

Both conditional independences satisfied only if 
<latexit sha1_base64="YacZeAqmhzKCDE3qUvKnKLG846Q="></latexit>

(X,Z) ?? Y

Theorem. Tosh, et al (COLT, 2021)

Similar to our , but no distinction 
made between pre-training/
downstream distributions. 

f̄


