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“Consider all measurable subsets of the real interval…” 

“Let f be an analytic sequence that converges uniformly…” 
 

JMM
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“How can we automate theorem proving in lean?” 

“How can I take advantage of current AI technologies?” 

“When will I lose my job?”

“Consider all measurable subsets of the real interval…” 

“Let f be an analytic sequence that converges uniformly…” 
 

JMM



AI for Mathematicians

How have mathematicians 
used AI? How can they?* 

*This wasn’t a planned part of the talk, but the state of the 
art has quickly changed!
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Two definitions
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AI = “using 
computers for 
problems that 
people solve”

ML = “using 
algorithms 


that change 
with data”



Two definitions
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AI = “using 
computers for 
problems that 
people solve”

ML = “using 
algorithms 


that change 
with data”

SAT planning learning to sort

language models

image 
classification

tree search for 
chess

search
adaptive caching

recommendation

systems

…



Over time…
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AI = “using 
computers for 
problems that 
people solve”

ML = “using 
algorithms 


that change 
with data”



SAT solvers
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SAT solvers, from cstheory.stackexchange.com:
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SAT solvers, from cstheory.stackexchange.com:

SAT solvers



12
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SAT solvers, from cstheory.stackexchange.com:

SAT solvers
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Steinbach and Posthoff ’12

SAT solvers



SAT solver sucesses
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SAT solvers (list from Bernardo Subercaseaux’s talk 
on Wedneday):


• (2014) Boolean Erdős Discrepancy Problem

• (2016) Boolean Pythagorean Triples

• (2018) Schur Number 5

• (2019) Keller’s Conjecture

• (2023) Packing Chromatic Number of Z²

• (2024) Empty Hexagon every 30 Points



Lean with copilot
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AI assistants for lean




Deep learning + Tree search
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AlphaProof



LLMs
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On the other hand, there are many examples of LLMs like ChatGPT failing at 
proofs and other more formal taks, including chess.


Example from Alex Kontorovich’s Wednesday talk:


Stockfish

ChatGPT



LLM failures at proof
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On the other hand…
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ChatGPT launched just ~2 years ago, now according to Sam Altman…

“       

                                            
  
        

”



A positive story

max affine regression uses the maximum of k affine functions in a 
d-dimensional space to represent an unknown function. 

• known to be NP-hard (to find such functions from data) in 
high dimensions, even for k = 2. 

• for some research project, I needed it to be NP-hard in low 
dimensions for large k.
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Asking ChatGPT
I could probably prove it myself, but I decided to ask ChatGPT. 
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Guiding ChatGPT

23

. 

. 

.



Eventually it gets to the correct proof…
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Guiding ChatGPT



Testing ChatGPT’s 
“understanding”
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We have reached the point where generic LLMs can become useful 
research tools. Try ChatGPT-o1 if you don’t believe me!
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What makes math different?
Matus Telgarsky (from his talk on Thursday), proofs are 

amenable to Chess techniques. “Our days are numbered”



Mathematicians for AI

How can mathematicians improve 
AI? (Should we?) 

How can we help understand AI?
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LLMs

28

LLMs, like ChatGPT, are next-token predicters, given all previous tokens, 
which include the user input, (plus some internal network states).

e.g.

me: Why is 2+2 = 4?

ChatGPT: In formal mathematics, natural nu_

To achieve they use a transformer, which is a deep neural network with 
certain properties (e.g. self-attention, parallel processing, encoder/decoder).

“Attention Is All You Need’’ 
Vaswani et al. NIPS 2017


148334 citations 
0 theorems 



How can we help understand 
Deep Learning / LLMs?

Why does gradient descent work so well? Why do solutions 
reached by gradient descent generalize?
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Why don’t deep neural networks overfit? GPT4 has hundreds of 
billions of parameters!
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How can we help understand 
Deep Learning / LLMs?

We have some compelling theories, but not nearly as convincing 
as eg for more traditional methods like SVM and boosting.



Understanding + improving 
LLMs

• Speeding up training. 

• Explainability. 

• A mathematical theory of LLM architecture. 

• Better optimization techniques?
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Non-LLM example problem 1:  
Data reuse

Problem: data sets are often reused, which leads to overfitting.  
“false discovery,” “the garden of forking paths,” “p-hacking”
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neural net

modified neural net

validation set 
#1

validation set 
#2

measure error/loss

measure error/loss

The theory
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The practice

measure error/loss

measure error/loss 
neural net

modified neural net

validation set

After modification, we have no guarantee that loss will generalize!
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The goal

We want a way to answer queries adaptively on a 
fixed dataset but without having to assume: 

1. anything about the nature of the adaptivity 
2. that the queries come from a class of bounded 

complexity (e.g. bounded VC dimension)
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Adaptive data analysis (ADA)

[Dwork et al. ’15]:

How many queries can we answer, and how long 
does it need to take?
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Importantly low-sensitivity queries are specified by a 
function                     , where for all samples                     
that differ on only one element,                                      .                           
Then define                                        .

Low-sensitivity queries
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q : Xn ! R
<latexit sha1_base64="jpQYhyXAa9JVu91KiLLOTDh6yWY=">AAACAnicbVDLSsNAFJ34rPUVdaebwSK4KokIPlZFNy6rGFtoYplMJ+3QyUycmSglFNz4K25cqLj1K9z5N07aLLT1wIXDOfdy7z1hwqjSjvNtzczOzS8slpbKyyura+v2xuaNEqnExMOCCdkMkSKMcuJpqhlpJpKgOGSkEfbPc79xT6Sigl/rQUKCGHU5jShG2khte/vutHnLfUm7PY2kFA9+jHQvDLOrYduuOFVnBDhN3IJUQIF62/7yOwKnMeEaM6RUy3USHWRIaooZGZb9VJEE4T7qkpahHMVEBdnohyHcM0oHRkKa4hqO1N8TGYqVGsSh6cwvVJNeLv7ntVIdHQcZ5UmqCcfjRVHKoBYwDwR2qCRYs4EhCEtqboW4hyTC2sRWNiG4ky9PE++gelJ1Lg8rtbMijRLYAbtgH7jgCNTABagDD2DwCJ7BK3iznqwX6936GLfOWMXMFvgD6/MHIZmYCg==</latexit><latexit sha1_base64="jpQYhyXAa9JVu91KiLLOTDh6yWY=">AAACAnicbVDLSsNAFJ34rPUVdaebwSK4KokIPlZFNy6rGFtoYplMJ+3QyUycmSglFNz4K25cqLj1K9z5N07aLLT1wIXDOfdy7z1hwqjSjvNtzczOzS8slpbKyyura+v2xuaNEqnExMOCCdkMkSKMcuJpqhlpJpKgOGSkEfbPc79xT6Sigl/rQUKCGHU5jShG2khte/vutHnLfUm7PY2kFA9+jHQvDLOrYduuOFVnBDhN3IJUQIF62/7yOwKnMeEaM6RUy3USHWRIaooZGZb9VJEE4T7qkpahHMVEBdnohyHcM0oHRkKa4hqO1N8TGYqVGsSh6cwvVJNeLv7ntVIdHQcZ5UmqCcfjRVHKoBYwDwR2qCRYs4EhCEtqboW4hyTC2sRWNiG4ky9PE++gelJ1Lg8rtbMijRLYAbtgH7jgCNTABagDD2DwCJ7BK3iznqwX6936GLfOWMXMFvgD6/MHIZmYCg==</latexit><latexit sha1_base64="jpQYhyXAa9JVu91KiLLOTDh6yWY=">AAACAnicbVDLSsNAFJ34rPUVdaebwSK4KokIPlZFNy6rGFtoYplMJ+3QyUycmSglFNz4K25cqLj1K9z5N07aLLT1wIXDOfdy7z1hwqjSjvNtzczOzS8slpbKyyura+v2xuaNEqnExMOCCdkMkSKMcuJpqhlpJpKgOGSkEfbPc79xT6Sigl/rQUKCGHU5jShG2khte/vutHnLfUm7PY2kFA9+jHQvDLOrYduuOFVnBDhN3IJUQIF62/7yOwKnMeEaM6RUy3USHWRIaooZGZb9VJEE4T7qkpahHMVEBdnohyHcM0oHRkKa4hqO1N8TGYqVGsSh6cwvVJNeLv7ntVIdHQcZ5UmqCcfjRVHKoBYwDwR2qCRYs4EhCEtqboW4hyTC2sRWNiG4ky9PE++gelJ1Lg8rtbMijRLYAbtgH7jgCNTABagDD2DwCJ7BK3iznqwX6936GLfOWMXMFvgD6/MHIZmYCg==</latexit>

S, S0 2 Xn
<latexit sha1_base64="dYT93CacrGD9E+vFo1aLr8JlJPE=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BIvoQcpWBPVW9OKxUtcWtmvJptk2NJssyaxQlv4MLx5UvPpvvPlvTNs9aOuDgcd7M8zMCxPBDbjut1NYWl5ZXSuulzY2t7Z3yrt7D0almjKPKqF0OySGCS6ZBxwEayeakTgUrBUObyZ+64lpw5W8h1HCgpj0JY84JWAlv3naPO5widuPsluuuFV3CrxIajmpoByNbvmr01M0jZkEKogxfs1NIMiIBk4FG5c6qWEJoUPSZ76lksTMBNn05DE+skoPR0rbkoCn6u+JjMTGjOLQdsYEBmbem4j/eX4K0WWQcZmkwCSdLYpSgUHhyf+4xzWjIEaWEKq5vRXTAdGEgk2pZEOozb+8SLyz6lXVvTuv1K/zNIroAB2iE1RDF6iOblEDeYgihZ7RK3pzwHlx3p2PWWvByWf20R84nz9SlZAr</latexit><latexit sha1_base64="dYT93CacrGD9E+vFo1aLr8JlJPE=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BIvoQcpWBPVW9OKxUtcWtmvJptk2NJssyaxQlv4MLx5UvPpvvPlvTNs9aOuDgcd7M8zMCxPBDbjut1NYWl5ZXSuulzY2t7Z3yrt7D0almjKPKqF0OySGCS6ZBxwEayeakTgUrBUObyZ+64lpw5W8h1HCgpj0JY84JWAlv3naPO5widuPsluuuFV3CrxIajmpoByNbvmr01M0jZkEKogxfs1NIMiIBk4FG5c6qWEJoUPSZ76lksTMBNn05DE+skoPR0rbkoCn6u+JjMTGjOLQdsYEBmbem4j/eX4K0WWQcZmkwCSdLYpSgUHhyf+4xzWjIEaWEKq5vRXTAdGEgk2pZEOozb+8SLyz6lXVvTuv1K/zNIroAB2iE1RDF6iOblEDeYgihZ7RK3pzwHlx3p2PWWvByWf20R84nz9SlZAr</latexit><latexit sha1_base64="dYT93CacrGD9E+vFo1aLr8JlJPE=">AAAB8XicbVBNSwMxEM3Wr1q/qh69BIvoQcpWBPVW9OKxUtcWtmvJptk2NJssyaxQlv4MLx5UvPpvvPlvTNs9aOuDgcd7M8zMCxPBDbjut1NYWl5ZXSuulzY2t7Z3yrt7D0almjKPKqF0OySGCS6ZBxwEayeakTgUrBUObyZ+64lpw5W8h1HCgpj0JY84JWAlv3naPO5widuPsluuuFV3CrxIajmpoByNbvmr01M0jZkEKogxfs1NIMiIBk4FG5c6qWEJoUPSZ76lksTMBNn05DE+skoPR0rbkoCn6u+JjMTGjOLQdsYEBmbem4j/eX4K0WWQcZmkwCSdLYpSgUHhyf+4xzWjIEaWEKq5vRXTAdGEgk2pZEOozb+8SLyz6lXVvTuv1K/zNIroAB2iE1RDF6iOblEDeYgihZ7RK3pzwHlx3p2PWWvByWf20R84nz9SlZAr</latexit>

|q(S)� q(S0)|  1/n
<latexit sha1_base64="VXtA8fQGRBUh+QeR/Q7cpUozWnE=">AAAB+3icbVDLTgIxFO3gC/GFsnTTSIywEGeMibojunGJ0RESmJBOuQMNnYdtx2Qy4K+4caHGrT/izr+xwCwUPcm9OTnn3vT2uBFnUpnml5FbWFxaXsmvFtbWNza3its7dzKMBQWbhjwULZdI4CwAWzHFoRUJIL7LoekOLyd+8wGEZGFwq5IIHJ/0A+YxSpSWusXS6L5yUz3U7aA66nDA1pFWy2bNnAL/JVZGyihDo1v87PRCGvsQKMqJlG3LjJSTEqEY5TAudGIJEaFD0oe2pgHxQTrp9Pgx3tdKD3uh0BUoPFV/bqTElzLxXT3pEzWQ895E/M9rx8o7c1IWRLGCgM4e8mKOVYgnSeAeE0AVTzQhVDB9K6YDIghVOq+CDsGa//JfYh/Xzmvm9Um5fpGlkUe7aA9VkIVOUR1doQayEUUJekIv6NV4NJ6NN+N9Npozsp0S+gXj4xtOKpLN</latexit><latexit sha1_base64="VXtA8fQGRBUh+QeR/Q7cpUozWnE=">AAAB+3icbVDLTgIxFO3gC/GFsnTTSIywEGeMibojunGJ0RESmJBOuQMNnYdtx2Qy4K+4caHGrT/izr+xwCwUPcm9OTnn3vT2uBFnUpnml5FbWFxaXsmvFtbWNza3its7dzKMBQWbhjwULZdI4CwAWzHFoRUJIL7LoekOLyd+8wGEZGFwq5IIHJ/0A+YxSpSWusXS6L5yUz3U7aA66nDA1pFWy2bNnAL/JVZGyihDo1v87PRCGvsQKMqJlG3LjJSTEqEY5TAudGIJEaFD0oe2pgHxQTrp9Pgx3tdKD3uh0BUoPFV/bqTElzLxXT3pEzWQ895E/M9rx8o7c1IWRLGCgM4e8mKOVYgnSeAeE0AVTzQhVDB9K6YDIghVOq+CDsGa//JfYh/Xzmvm9Um5fpGlkUe7aA9VkIVOUR1doQayEUUJekIv6NV4NJ6NN+N9Npozsp0S+gXj4xtOKpLN</latexit><latexit sha1_base64="VXtA8fQGRBUh+QeR/Q7cpUozWnE=">AAAB+3icbVDLTgIxFO3gC/GFsnTTSIywEGeMibojunGJ0RESmJBOuQMNnYdtx2Qy4K+4caHGrT/izr+xwCwUPcm9OTnn3vT2uBFnUpnml5FbWFxaXsmvFtbWNza3its7dzKMBQWbhjwULZdI4CwAWzHFoRUJIL7LoekOLyd+8wGEZGFwq5IIHJ/0A+YxSpSWusXS6L5yUz3U7aA66nDA1pFWy2bNnAL/JVZGyihDo1v87PRCGvsQKMqJlG3LjJSTEqEY5TAudGIJEaFD0oe2pgHxQTrp9Pgx3tdKD3uh0BUoPFV/bqTElzLxXT3pEzWQ895E/M9rx8o7c1IWRLGCgM4e8mKOVYgnSeAeE0AVTzQhVDB9K6YDIghVOq+CDsGa//JfYh/Xzmvm9Um5fpGlkUe7aA9VkIVOUR1doQayEUUJekIv6NV4NJ6NN+N9Npozsp0S+gXj4xtOKpLN</latexit>

q(D) := ES⇠Dn [q(S)]
<latexit sha1_base64="QTMbrxuac5Q02PnjZNyTx2A+P4g=">AAACA3icbVDLSgMxFM34rPU16rKbYBHaTZkRwQcIRSu4rNTaQjuWTJppQ5PMNMkIZejCjb/ixoWKW3/CnX9j+lho64ELh3Pu5d57/IhRpR3n21pYXFpeWU2tpdc3Nre27Z3dOxXGEpMqDlko6z5ShFFBqppqRuqRJIj7jNT83uXIrz0QqWgobvUgIh5HHUEDipE2UsvO9HOlPDw7h1etpNJUlMPSvRg2+rlK3mvZWafgjAHniTslWTBFuWV/NdshjjkRGjOkVMN1Iu0lSGqKGRmmm7EiEcI91CENQwXiRHnJ+IkhPDBKGwahNCU0HKu/JxLElRpw33RypLtq1huJ/3mNWAcnXkJFFGsi8GRREDOoQzhKBLapJFizgSEIS2puhbiLJMLa5JY2IbizL8+T6mHhtODcHGWLF9M0UiAD9kEOuOAYFME1KIMqwOARPINX8GY9WS/Wu/UxaV2wpjN74A+szx/N/pXa</latexit><latexit sha1_base64="QTMbrxuac5Q02PnjZNyTx2A+P4g=">AAACA3icbVDLSgMxFM34rPU16rKbYBHaTZkRwQcIRSu4rNTaQjuWTJppQ5PMNMkIZejCjb/ixoWKW3/CnX9j+lho64ELh3Pu5d57/IhRpR3n21pYXFpeWU2tpdc3Nre27Z3dOxXGEpMqDlko6z5ShFFBqppqRuqRJIj7jNT83uXIrz0QqWgobvUgIh5HHUEDipE2UsvO9HOlPDw7h1etpNJUlMPSvRg2+rlK3mvZWafgjAHniTslWTBFuWV/NdshjjkRGjOkVMN1Iu0lSGqKGRmmm7EiEcI91CENQwXiRHnJ+IkhPDBKGwahNCU0HKu/JxLElRpw33RypLtq1huJ/3mNWAcnXkJFFGsi8GRREDOoQzhKBLapJFizgSEIS2puhbiLJMLa5JY2IbizL8+T6mHhtODcHGWLF9M0UiAD9kEOuOAYFME1KIMqwOARPINX8GY9WS/Wu/UxaV2wpjN74A+szx/N/pXa</latexit><latexit sha1_base64="QTMbrxuac5Q02PnjZNyTx2A+P4g=">AAACA3icbVDLSgMxFM34rPU16rKbYBHaTZkRwQcIRSu4rNTaQjuWTJppQ5PMNMkIZejCjb/ixoWKW3/CnX9j+lho64ELh3Pu5d57/IhRpR3n21pYXFpeWU2tpdc3Nre27Z3dOxXGEpMqDlko6z5ShFFBqppqRuqRJIj7jNT83uXIrz0QqWgobvUgIh5HHUEDipE2UsvO9HOlPDw7h1etpNJUlMPSvRg2+rlK3mvZWafgjAHniTslWTBFuWV/NdshjjkRGjOkVMN1Iu0lSGqKGRmmm7EiEcI91CENQwXiRHnJ+IkhPDBKGwahNCU0HKu/JxLElRpw33RypLtq1huJ/3mNWAcnXkJFFGsi8GRREDOoQzhKBLapJFizgSEIS2puhbiLJMLa5JY2IbizL8+T6mHhtODcHGWLF9M0UiAD9kEOuOAYFME1KIMqwOARPINX8GY9WS/Wu/UxaV2wpjN74A+szx/N/pXa</latexit>

[Dwork et al. ’06]

A query is just a function                   , on which the 
mechanism wants to return a value close to          . 

q : D ! R
<latexit sha1_base64="RZruBzSnNhMeQFTwEW9/KEbOpRw=">AAACAHicbVDLSsNAFJ34rPUVdSO4GSyCq5KI4GNV1IXLKsYWmlAm00k7dDITZyZKCXXjr7hxoeLWz3Dn3zhps9DWAxcO59zLvfeECaNKO863NTM7N7+wWFoqL6+srq3bG5u3SqQSEw8LJmQzRIowyomnqWakmUiC4pCRRtg/z/3GPZGKCn6jBwkJYtTlNKIYaSO17e270wtf0m5PIynFgx8j3QvD7HrYtitO1RkBThO3IBVQoN62v/yOwGlMuMYMKdVynUQHGZKaYkaGZT9VJEG4j7qkZShHMVFBNvpgCPeM0oGRkKa4hiP190SGYqUGcWg68wvVpJeL/3mtVEfHQUZ5kmrC8XhRlDKoBczjgB0qCdZsYAjCkppbIe4hibA2oZVNCO7ky9PEO6ieVJ2rw0rtrEijBHbALtgHLjgCNXAJ6sADGDyCZ/AK3qwn68V6tz7GrTNWMbMF/sD6/AFvtZcW</latexit><latexit sha1_base64="RZruBzSnNhMeQFTwEW9/KEbOpRw=">AAACAHicbVDLSsNAFJ34rPUVdSO4GSyCq5KI4GNV1IXLKsYWmlAm00k7dDITZyZKCXXjr7hxoeLWz3Dn3zhps9DWAxcO59zLvfeECaNKO863NTM7N7+wWFoqL6+srq3bG5u3SqQSEw8LJmQzRIowyomnqWakmUiC4pCRRtg/z/3GPZGKCn6jBwkJYtTlNKIYaSO17e270wtf0m5PIynFgx8j3QvD7HrYtitO1RkBThO3IBVQoN62v/yOwGlMuMYMKdVynUQHGZKaYkaGZT9VJEG4j7qkZShHMVFBNvpgCPeM0oGRkKa4hiP190SGYqUGcWg68wvVpJeL/3mtVEfHQUZ5kmrC8XhRlDKoBczjgB0qCdZsYAjCkppbIe4hibA2oZVNCO7ky9PEO6ieVJ2rw0rtrEijBHbALtgHLjgCNXAJ6sADGDyCZ/AK3qwn68V6tz7GrTNWMbMF/sD6/AFvtZcW</latexit><latexit sha1_base64="RZruBzSnNhMeQFTwEW9/KEbOpRw=">AAACAHicbVDLSsNAFJ34rPUVdSO4GSyCq5KI4GNV1IXLKsYWmlAm00k7dDITZyZKCXXjr7hxoeLWz3Dn3zhps9DWAxcO59zLvfeECaNKO863NTM7N7+wWFoqL6+srq3bG5u3SqQSEw8LJmQzRIowyomnqWakmUiC4pCRRtg/z/3GPZGKCn6jBwkJYtTlNKIYaSO17e270wtf0m5PIynFgx8j3QvD7HrYtitO1RkBThO3IBVQoN62v/yOwGlMuMYMKdVynUQHGZKaYkaGZT9VJEG4j7qkZShHMVFBNvpgCPeM0oGRkKa4hiP190SGYqUGcWg68wvVpJeL/3mtVEfHQUZ5kmrC8XhRlDKoBczjgB0qCdZsYAjCkppbIe4hibA2oZVNCO7ky9PEO6ieVJ2rw0rtrEijBHbALtgHLjgCNXAJ6sADGDyCZ/AK3qwn68V6tz7GrTNWMbMF/sD6/AFvtZcW</latexit>

q(D)
<latexit sha1_base64="7OsrGvGVrhKXz9UTbfr/dXnaap8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSLUS0lEUG9FPXisYGyhDWWz3bRLdzdxdyOU0L/gxYOKV3+RN/+NmzYHbX0w8Hhvhpl5YcKZNq777Swtr6yurZc2yptb2zu7lb39Bx2nilCfxDxW7RBrypmkvmGG03aiKBYhp61wdJ37rSeqNIvlvRknNBB4IFnECDa59Fi7OelVqm7dnQItEq8gVSjQ7FW+uv2YpIJKQzjWuuO5iQkyrAwjnE7K3VTTBJMRHtCOpRILqoNseusEHVulj6JY2ZIGTdXfExkWWo9FaDsFNkM97+Xif14nNdFFkDGZpIZKMlsUpRyZGOWPoz5TlBg+tgQTxeytiAyxwsTYeMo2BG/+5UXin9Yv6+7dWbVxVaRRgkM4ghp4cA4NuIUm+EBgCM/wCm+OcF6cd+dj1rrkFDMH8AfO5w+bnI17</latexit><latexit sha1_base64="7OsrGvGVrhKXz9UTbfr/dXnaap8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSLUS0lEUG9FPXisYGyhDWWz3bRLdzdxdyOU0L/gxYOKV3+RN/+NmzYHbX0w8Hhvhpl5YcKZNq777Swtr6yurZc2yptb2zu7lb39Bx2nilCfxDxW7RBrypmkvmGG03aiKBYhp61wdJ37rSeqNIvlvRknNBB4IFnECDa59Fi7OelVqm7dnQItEq8gVSjQ7FW+uv2YpIJKQzjWuuO5iQkyrAwjnE7K3VTTBJMRHtCOpRILqoNseusEHVulj6JY2ZIGTdXfExkWWo9FaDsFNkM97+Xif14nNdFFkDGZpIZKMlsUpRyZGOWPoz5TlBg+tgQTxeytiAyxwsTYeMo2BG/+5UXin9Yv6+7dWbVxVaRRgkM4ghp4cA4NuIUm+EBgCM/wCm+OcF6cd+dj1rrkFDMH8AfO5w+bnI17</latexit><latexit sha1_base64="7OsrGvGVrhKXz9UTbfr/dXnaap8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSLUS0lEUG9FPXisYGyhDWWz3bRLdzdxdyOU0L/gxYOKV3+RN/+NmzYHbX0w8Hhvhpl5YcKZNq777Swtr6yurZc2yptb2zu7lb39Bx2nilCfxDxW7RBrypmkvmGG03aiKBYhp61wdJ37rSeqNIvlvRknNBB4IFnECDa59Fi7OelVqm7dnQItEq8gVSjQ7FW+uv2YpIJKQzjWuuO5iQkyrAwjnE7K3VTTBJMRHtCOpRILqoNseusEHVulj6JY2ZIGTdXfExkWWo9FaDsFNkM97+Xif14nNdFFkDGZpIZKMlsUpRyZGOWPoz5TlBg+tgQTxeytiAyxwsTYeMo2BG/+5UXin9Yv6+7dWbVxVaRRgkM4ghp4cA4NuIUm+EBgCM/wCm+OcF6cd+dj1rrkFDMH8AfO5w+bnI17</latexit>
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How many samples does it take to answer k adaptive 
queries efficiently with           -accuracy?             

A mechanism M is           -accurate on the distribution 
D if for all queries    ,

Adaptive accuracy

PM,A[max
i

|qi(D)� ai|  ↵] � 1� �

(↵,�)
<latexit sha1_base64="juyHX9QQj0VP/iZ0EwYXNtEtYig=">AAACHXicZVDLSgNBEJyN7/iKevSyGIQoIeyKoN5EPXgRFYwKbgy9k04yZHZ2mekVwpL/8Kh+jCfxKn6LFycxoDEFA9VV3VBTYSKFIc/7dHITk1PTM7Nz+fmFxaXlwsrqtYlTzbHKYxnr2xAMSqGwSoIk3iYaIQol3oSd475/84DaiFhdUTfBWgQtJZqCA1npvhSATNpQDkIk2KoXil7FG8AdJ/6QFNkQF/XCV9CIeRqhIi7BmDvfS6iWgSbBJfbyQWowAd6BFt5ZqiBCU8sGqXvuplUabjPW9ilyB+rfiwwiY7pRaDcjoLb57/XFX+8EbQKNZ3Y6T1ADxXo7C0C3IqF6NlErKPfZaCRq7tcyoZKUUPGfRM1UuhS7/a7chtDISXYtAa6F/ZTL26CBk200b9vy/3czTqo7lYOKd7lbPDwa1jbL1tkGKzGf7bFDdsouWJVxptkje2YvzpPz6rw57z+rOWd4s8ZG4Hx8A/czoow=</latexit><latexit sha1_base64="juyHX9QQj0VP/iZ0EwYXNtEtYig=">AAACHXicZVDLSgNBEJyN7/iKevSyGIQoIeyKoN5EPXgRFYwKbgy9k04yZHZ2mekVwpL/8Kh+jCfxKn6LFycxoDEFA9VV3VBTYSKFIc/7dHITk1PTM7Nz+fmFxaXlwsrqtYlTzbHKYxnr2xAMSqGwSoIk3iYaIQol3oSd475/84DaiFhdUTfBWgQtJZqCA1npvhSATNpQDkIk2KoXil7FG8AdJ/6QFNkQF/XCV9CIeRqhIi7BmDvfS6iWgSbBJfbyQWowAd6BFt5ZqiBCU8sGqXvuplUabjPW9ilyB+rfiwwiY7pRaDcjoLb57/XFX+8EbQKNZ3Y6T1ADxXo7C0C3IqF6NlErKPfZaCRq7tcyoZKUUPGfRM1UuhS7/a7chtDISXYtAa6F/ZTL26CBk200b9vy/3czTqo7lYOKd7lbPDwa1jbL1tkGKzGf7bFDdsouWJVxptkje2YvzpPz6rw57z+rOWd4s8ZG4Hx8A/czoow=</latexit><latexit sha1_base64="juyHX9QQj0VP/iZ0EwYXNtEtYig=">AAACHXicZVDLSgNBEJyN7/iKevSyGIQoIeyKoN5EPXgRFYwKbgy9k04yZHZ2mekVwpL/8Kh+jCfxKn6LFycxoDEFA9VV3VBTYSKFIc/7dHITk1PTM7Nz+fmFxaXlwsrqtYlTzbHKYxnr2xAMSqGwSoIk3iYaIQol3oSd475/84DaiFhdUTfBWgQtJZqCA1npvhSATNpQDkIk2KoXil7FG8AdJ/6QFNkQF/XCV9CIeRqhIi7BmDvfS6iWgSbBJfbyQWowAd6BFt5ZqiBCU8sGqXvuplUabjPW9ilyB+rfiwwiY7pRaDcjoLb57/XFX+8EbQKNZ3Y6T1ADxXo7C0C3IqF6NlErKPfZaCRq7tcyoZKUUPGfRM1UuhS7/a7chtDISXYtAa6F/ZTL26CBk200b9vy/3czTqo7lYOKd7lbPDwa1jbL1tkGKzGf7bFDdsouWJVxptkje2YvzpPz6rw57z+rOWd4s8ZG4Hx8A/czoow=</latexit>

(↵,�)
<latexit sha1_base64="juyHX9QQj0VP/iZ0EwYXNtEtYig=">AAACHXicZVDLSgNBEJyN7/iKevSyGIQoIeyKoN5EPXgRFYwKbgy9k04yZHZ2mekVwpL/8Kh+jCfxKn6LFycxoDEFA9VV3VBTYSKFIc/7dHITk1PTM7Nz+fmFxaXlwsrqtYlTzbHKYxnr2xAMSqGwSoIk3iYaIQol3oSd475/84DaiFhdUTfBWgQtJZqCA1npvhSATNpQDkIk2KoXil7FG8AdJ/6QFNkQF/XCV9CIeRqhIi7BmDvfS6iWgSbBJfbyQWowAd6BFt5ZqiBCU8sGqXvuplUabjPW9ilyB+rfiwwiY7pRaDcjoLb57/XFX+8EbQKNZ3Y6T1ADxXo7C0C3IqF6NlErKPfZaCRq7tcyoZKUUPGfRM1UuhS7/a7chtDISXYtAa6F/ZTL26CBk200b9vy/3czTqo7lYOKd7lbPDwa1jbL1tkGKzGf7bFDdsouWJVxptkje2YvzpPz6rw57z+rOWd4s8ZG4Hx8A/czoow=</latexit><latexit sha1_base64="juyHX9QQj0VP/iZ0EwYXNtEtYig=">AAACHXicZVDLSgNBEJyN7/iKevSyGIQoIeyKoN5EPXgRFYwKbgy9k04yZHZ2mekVwpL/8Kh+jCfxKn6LFycxoDEFA9VV3VBTYSKFIc/7dHITk1PTM7Nz+fmFxaXlwsrqtYlTzbHKYxnr2xAMSqGwSoIk3iYaIQol3oSd475/84DaiFhdUTfBWgQtJZqCA1npvhSATNpQDkIk2KoXil7FG8AdJ/6QFNkQF/XCV9CIeRqhIi7BmDvfS6iWgSbBJfbyQWowAd6BFt5ZqiBCU8sGqXvuplUabjPW9ilyB+rfiwwiY7pRaDcjoLb57/XFX+8EbQKNZ3Y6T1ADxXo7C0C3IqF6NlErKPfZaCRq7tcyoZKUUPGfRM1UuhS7/a7chtDISXYtAa6F/ZTL26CBk200b9vy/3czTqo7lYOKd7lbPDwa1jbL1tkGKzGf7bFDdsouWJVxptkje2YvzpPz6rw57z+rOWd4s8ZG4Hx8A/czoow=</latexit><latexit sha1_base64="juyHX9QQj0VP/iZ0EwYXNtEtYig=">AAACHXicZVDLSgNBEJyN7/iKevSyGIQoIeyKoN5EPXgRFYwKbgy9k04yZHZ2mekVwpL/8Kh+jCfxKn6LFycxoDEFA9VV3VBTYSKFIc/7dHITk1PTM7Nz+fmFxaXlwsrqtYlTzbHKYxnr2xAMSqGwSoIk3iYaIQol3oSd475/84DaiFhdUTfBWgQtJZqCA1npvhSATNpQDkIk2KoXil7FG8AdJ/6QFNkQF/XCV9CIeRqhIi7BmDvfS6iWgSbBJfbyQWowAd6BFt5ZqiBCU8sGqXvuplUabjPW9ilyB+rfiwwiY7pRaDcjoLb57/XFX+8EbQKNZ3Y6T1ADxXo7C0C3IqF6NlErKPfZaCRq7tcyoZKUUPGfRM1UuhS7/a7chtDISXYtAa6F/ZTL26CBk200b9vy/3czTqo7lYOKd7lbPDwa1jbL1tkGKzGf7bFDdsouWJVxptkje2YvzpPz6rw57z+rOWd4s8ZG4Hx8A/czoow=</latexit>

qi
<latexit sha1_base64="z5shBcBMxGnnjInByKGs+4eefos=">AAACEnicZVDLSsNAFJ3UV62vqks3wSKISElFUHdFXbgRKxpbaEKZTG/SoZNJnJkIJfQTXKof40rc+gN+ixsnbUDbHhg495x74czxYkalsqxvozA3v7C4VFwurayurW+UN7ceZJQIAjaJWCRaHpbAKAdbUcWgFQvAoceg6fUvMr/5BELSiN+rQQxuiANOfUqw0tLdY4d2yhWrao1gzpJaTiooR6NT/nG6EUlC4IowLGW7ZsXKTbFQlDAYlpxEQoxJHwfQ1pTjEKSbjqIOzT2tdE0/EvpxZY7U/xcpDqUchJ7eDLHqyWkvE/+8S9AJBFzr6SYGgVUkDlIHiyCkfKgTBc5hxiYjKf/UTSmPEwWcjBP5CTNVZGYFmV0qgCg20AQTQfWnTNLDAhOlayzptmrT3cwS+6h6VrVujyv187y2ItpBu2gf1dAJqqMr1EA2IihAz+gVvRkvxrvxYXyOVwtGfrONJmB8/QI0X56A</latexit><latexit sha1_base64="z5shBcBMxGnnjInByKGs+4eefos=">AAACEnicZVDLSsNAFJ3UV62vqks3wSKISElFUHdFXbgRKxpbaEKZTG/SoZNJnJkIJfQTXKof40rc+gN+ixsnbUDbHhg495x74czxYkalsqxvozA3v7C4VFwurayurW+UN7ceZJQIAjaJWCRaHpbAKAdbUcWgFQvAoceg6fUvMr/5BELSiN+rQQxuiANOfUqw0tLdY4d2yhWrao1gzpJaTiooR6NT/nG6EUlC4IowLGW7ZsXKTbFQlDAYlpxEQoxJHwfQ1pTjEKSbjqIOzT2tdE0/EvpxZY7U/xcpDqUchJ7eDLHqyWkvE/+8S9AJBFzr6SYGgVUkDlIHiyCkfKgTBc5hxiYjKf/UTSmPEwWcjBP5CTNVZGYFmV0qgCg20AQTQfWnTNLDAhOlayzptmrT3cwS+6h6VrVujyv187y2ItpBu2gf1dAJqqMr1EA2IihAz+gVvRkvxrvxYXyOVwtGfrONJmB8/QI0X56A</latexit><latexit sha1_base64="z5shBcBMxGnnjInByKGs+4eefos=">AAACEnicZVDLSsNAFJ3UV62vqks3wSKISElFUHdFXbgRKxpbaEKZTG/SoZNJnJkIJfQTXKof40rc+gN+ixsnbUDbHhg495x74czxYkalsqxvozA3v7C4VFwurayurW+UN7ceZJQIAjaJWCRaHpbAKAdbUcWgFQvAoceg6fUvMr/5BELSiN+rQQxuiANOfUqw0tLdY4d2yhWrao1gzpJaTiooR6NT/nG6EUlC4IowLGW7ZsXKTbFQlDAYlpxEQoxJHwfQ1pTjEKSbjqIOzT2tdE0/EvpxZY7U/xcpDqUchJ7eDLHqyWkvE/+8S9AJBFzr6SYGgVUkDlIHiyCkfKgTBc5hxiYjKf/UTSmPEwWcjBP5CTNVZGYFmV0qgCg20AQTQfWnTNLDAhOlayzptmrT3cwS+6h6VrVujyv187y2ItpBu2gf1dAJqqMr1EA2IihAz+gVvRkvxrvxYXyOVwtGfrONJmB8/QI0X56A</latexit>

How fast can we accurately answer such queries?



Standard machine learning
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q(S)
<latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit>

return        

on query         q(S)
<latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit>

But returning the empirical estimate turns out to 
be suboptimal for adaptive data analysis!



Exploiting adaptivity

The leaderboard takes a hold-out set of n points with 
labels                     and for any label prediction                 
u in 01         returns the average 0-1 loss          .

y 2 {0, 1}n
<latexit sha1_base64="aG9cADBzhQnP3QxE7h4U+LJZ4HE=">AAACHHicZVDLSgMxFM3UV62vqks3g0UQKWVGBHVX1IUbsYK1hc5YMultG5pJxiQjDMN8h0v1Y1yJW8FvcWP6AG09EDj3nHvh5AQRo0o7zpeVm5tfWFzKLxdWVtfWN4qbW3dKxJJAnQgmZDPAChjlUNdUM2hGEnAYMGgEg/Oh33gEqajgtzqJwA9xj9MuJVgbyU88yr3UKbteds/bxZJTcUaw/xN3Qkpoglq7+O11BIlD4JowrFTLdSLtp1hqShhkBS9WEGEywD1oGcpxCMpPR6Eze88oHbsrpHlc2yP170WKQ6WSMDCbIdZ9NesNxV/vAkwCCVdmuo5AYi3kQeph2Qspz0yinlcesulIunvip5RHsQZOxom6MbO1sIdV2R0qgWiWGIKJpOZTNuljiYk2hRZMW+5sN/9J/bByWnFujkrVs0ltebSDdtE+ctExqqJLVEN1RNADekIv6NV6tt6sd+tjvJqzJjfbaArW5w+W0qJg</latexit><latexit sha1_base64="aG9cADBzhQnP3QxE7h4U+LJZ4HE=">AAACHHicZVDLSgMxFM3UV62vqks3g0UQKWVGBHVX1IUbsYK1hc5YMultG5pJxiQjDMN8h0v1Y1yJW8FvcWP6AG09EDj3nHvh5AQRo0o7zpeVm5tfWFzKLxdWVtfWN4qbW3dKxJJAnQgmZDPAChjlUNdUM2hGEnAYMGgEg/Oh33gEqajgtzqJwA9xj9MuJVgbyU88yr3UKbteds/bxZJTcUaw/xN3Qkpoglq7+O11BIlD4JowrFTLdSLtp1hqShhkBS9WEGEywD1oGcpxCMpPR6Eze88oHbsrpHlc2yP170WKQ6WSMDCbIdZ9NesNxV/vAkwCCVdmuo5AYi3kQeph2Qspz0yinlcesulIunvip5RHsQZOxom6MbO1sIdV2R0qgWiWGIKJpOZTNuljiYk2hRZMW+5sN/9J/bByWnFujkrVs0ltebSDdtE+ctExqqJLVEN1RNADekIv6NV6tt6sd+tjvJqzJjfbaArW5w+W0qJg</latexit><latexit sha1_base64="aG9cADBzhQnP3QxE7h4U+LJZ4HE=">AAACHHicZVDLSgMxFM3UV62vqks3g0UQKWVGBHVX1IUbsYK1hc5YMultG5pJxiQjDMN8h0v1Y1yJW8FvcWP6AG09EDj3nHvh5AQRo0o7zpeVm5tfWFzKLxdWVtfWN4qbW3dKxJJAnQgmZDPAChjlUNdUM2hGEnAYMGgEg/Oh33gEqajgtzqJwA9xj9MuJVgbyU88yr3UKbteds/bxZJTcUaw/xN3Qkpoglq7+O11BIlD4JowrFTLdSLtp1hqShhkBS9WEGEywD1oGcpxCMpPR6Eze88oHbsrpHlc2yP170WKQ6WSMDCbIdZ9NesNxV/vAkwCCVdmuo5AYi3kQeph2Qspz0yinlcesulIunvip5RHsQZOxom6MbO1sIdV2R0qgWiWGIKJpOZTNuljiYk2hRZMW+5sN/9J/bByWnFujkrVs0ltebSDdtE+ctExqqJLVEN1RNADekIv6NV6tt6sd+tjvJqzJjfbaArW5w+W0qJg</latexit>

u 2 {0, 1}n
<latexit sha1_base64="IoSMNmuVHf+G7ZL7dDyTpjYxG8s=">AAACHHicZVBNS8NAFNzUr1q/qh69BIsgUkoignor6sGLWMHaQhPLZvuSLt1s4u5GKKG/w6P6YzyJV8Hf4sVNG9DWgYV5M+/B7Hgxo1JZ1pdRmJtfWFwqLpdWVtfWN8qbW3cySgSBJolYJNoelsAoh6aiikE7FoBDj0HLG5xnfusRhKQRv1XDGNwQB5z6lGClJTdxKHdSq2o7o3veLVesmjWG+Z/YOamgHI1u+dvpRSQJgSvCsJQd24qVm2KhKGEwKjmJhBiTAQ6goynHIUg3HYcemXta6Zl+JPTjyhyrfy9SHEo5DD29GWLVl7NeJv56F6ATCLjS03UMAqtIHKQOFkFI+UgnCpxqxqYjKf/ETSmPEwWcTBL5CTNVZGZVmT0qgCg21AQTQfWnTNLHAhOlCy3ptuzZbv6T5mHttGbdHFXqZ3ltRbSDdtE+stExqqNL1EBNRNADekIv6NV4Nt6Md+Njslow8pttNAXj8weP8qJc</latexit><latexit sha1_base64="IoSMNmuVHf+G7ZL7dDyTpjYxG8s=">AAACHHicZVBNS8NAFNzUr1q/qh69BIsgUkoignor6sGLWMHaQhPLZvuSLt1s4u5GKKG/w6P6YzyJV8Hf4sVNG9DWgYV5M+/B7Hgxo1JZ1pdRmJtfWFwqLpdWVtfWN8qbW3cySgSBJolYJNoelsAoh6aiikE7FoBDj0HLG5xnfusRhKQRv1XDGNwQB5z6lGClJTdxKHdSq2o7o3veLVesmjWG+Z/YOamgHI1u+dvpRSQJgSvCsJQd24qVm2KhKGEwKjmJhBiTAQ6goynHIUg3HYcemXta6Zl+JPTjyhyrfy9SHEo5DD29GWLVl7NeJv56F6ATCLjS03UMAqtIHKQOFkFI+UgnCpxqxqYjKf/ETSmPEwWcTBL5CTNVZGZVmT0qgCg21AQTQfWnTNLHAhOlCy3ptuzZbv6T5mHttGbdHFXqZ3ltRbSDdtE+stExqqNL1EBNRNADekIv6NV4Nt6Md+Njslow8pttNAXj8weP8qJc</latexit><latexit sha1_base64="IoSMNmuVHf+G7ZL7dDyTpjYxG8s=">AAACHHicZVBNS8NAFNzUr1q/qh69BIsgUkoignor6sGLWMHaQhPLZvuSLt1s4u5GKKG/w6P6YzyJV8Hf4sVNG9DWgYV5M+/B7Hgxo1JZ1pdRmJtfWFwqLpdWVtfWN8qbW3cySgSBJolYJNoelsAoh6aiikE7FoBDj0HLG5xnfusRhKQRv1XDGNwQB5z6lGClJTdxKHdSq2o7o3veLVesmjWG+Z/YOamgHI1u+dvpRSQJgSvCsJQd24qVm2KhKGEwKjmJhBiTAQ6goynHIUg3HYcemXta6Zl+JPTjyhyrfy9SHEo5DD29GWLVl7NeJv56F6ATCLjS03UMAqtIHKQOFkFI+UgnCpxqxqYjKf/ETSmPEwWcTBL5CTNVZGZVmT0qgCg21AQTQfWnTNLHAhOlCy3ptuzZbv6T5mHttGbdHFXqZ3ltRbSDdtE+stExqqNL1EBNRNADekIv6NV4Nt6Md+Njslow8pttNAXj8weP8qJc</latexit>

L(u)
<latexit sha1_base64="1rv4QZwQr76sF1EIJ5q3spuTbWU="></latexit><latexit sha1_base64="1rv4QZwQr76sF1EIJ5q3spuTbWU="></latexit><latexit sha1_base64="1rv4QZwQr76sF1EIJ5q3spuTbWU="></latexit>
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The leaderboard takes a hold-out set of n points with 
labels                     and for any label prediction                 
u in 01         returns the average 0-1 loss          .

Exploiting adaptivity

y 2 {0, 1}n
<latexit sha1_base64="aG9cADBzhQnP3QxE7h4U+LJZ4HE=">AAACHHicZVDLSgMxFM3UV62vqks3g0UQKWVGBHVX1IUbsYK1hc5YMultG5pJxiQjDMN8h0v1Y1yJW8FvcWP6AG09EDj3nHvh5AQRo0o7zpeVm5tfWFzKLxdWVtfWN4qbW3dKxJJAnQgmZDPAChjlUNdUM2hGEnAYMGgEg/Oh33gEqajgtzqJwA9xj9MuJVgbyU88yr3UKbteds/bxZJTcUaw/xN3Qkpoglq7+O11BIlD4JowrFTLdSLtp1hqShhkBS9WEGEywD1oGcpxCMpPR6Eze88oHbsrpHlc2yP170WKQ6WSMDCbIdZ9NesNxV/vAkwCCVdmuo5AYi3kQeph2Qspz0yinlcesulIunvip5RHsQZOxom6MbO1sIdV2R0qgWiWGIKJpOZTNuljiYk2hRZMW+5sN/9J/bByWnFujkrVs0ltebSDdtE+ctExqqJLVEN1RNADekIv6NV6tt6sd+tjvJqzJjfbaArW5w+W0qJg</latexit><latexit sha1_base64="aG9cADBzhQnP3QxE7h4U+LJZ4HE=">AAACHHicZVDLSgMxFM3UV62vqks3g0UQKWVGBHVX1IUbsYK1hc5YMultG5pJxiQjDMN8h0v1Y1yJW8FvcWP6AG09EDj3nHvh5AQRo0o7zpeVm5tfWFzKLxdWVtfWN4qbW3dKxJJAnQgmZDPAChjlUNdUM2hGEnAYMGgEg/Oh33gEqajgtzqJwA9xj9MuJVgbyU88yr3UKbteds/bxZJTcUaw/xN3Qkpoglq7+O11BIlD4JowrFTLdSLtp1hqShhkBS9WEGEywD1oGcpxCMpPR6Eze88oHbsrpHlc2yP170WKQ6WSMDCbIdZ9NesNxV/vAkwCCVdmuo5AYi3kQeph2Qspz0yinlcesulIunvip5RHsQZOxom6MbO1sIdV2R0qgWiWGIKJpOZTNuljiYk2hRZMW+5sN/9J/bByWnFujkrVs0ltebSDdtE+ctExqqJLVEN1RNADekIv6NV6tt6sd+tjvJqzJjfbaArW5w+W0qJg</latexit><latexit sha1_base64="aG9cADBzhQnP3QxE7h4U+LJZ4HE=">AAACHHicZVDLSgMxFM3UV62vqks3g0UQKWVGBHVX1IUbsYK1hc5YMultG5pJxiQjDMN8h0v1Y1yJW8FvcWP6AG09EDj3nHvh5AQRo0o7zpeVm5tfWFzKLxdWVtfWN4qbW3dKxJJAnQgmZDPAChjlUNdUM2hGEnAYMGgEg/Oh33gEqajgtzqJwA9xj9MuJVgbyU88yr3UKbteds/bxZJTcUaw/xN3Qkpoglq7+O11BIlD4JowrFTLdSLtp1hqShhkBS9WEGEywD1oGcpxCMpPR6Eze88oHbsrpHlc2yP170WKQ6WSMDCbIdZ9NesNxV/vAkwCCVdmuo5AYi3kQeph2Qspz0yinlcesulIunvip5RHsQZOxom6MbO1sIdV2R0qgWiWGIKJpOZTNuljiYk2hRZMW+5sN/9J/bByWnFujkrVs0ltebSDdtE+ctExqqJLVEN1RNADekIv6NV6tt6sd+tjvJqzJjfbaArW5w+W0qJg</latexit>

u 2 {0, 1}n
<latexit sha1_base64="IoSMNmuVHf+G7ZL7dDyTpjYxG8s=">AAACHHicZVBNS8NAFNzUr1q/qh69BIsgUkoignor6sGLWMHaQhPLZvuSLt1s4u5GKKG/w6P6YzyJV8Hf4sVNG9DWgYV5M+/B7Hgxo1JZ1pdRmJtfWFwqLpdWVtfWN8qbW3cySgSBJolYJNoelsAoh6aiikE7FoBDj0HLG5xnfusRhKQRv1XDGNwQB5z6lGClJTdxKHdSq2o7o3veLVesmjWG+Z/YOamgHI1u+dvpRSQJgSvCsJQd24qVm2KhKGEwKjmJhBiTAQ6goynHIUg3HYcemXta6Zl+JPTjyhyrfy9SHEo5DD29GWLVl7NeJv56F6ATCLjS03UMAqtIHKQOFkFI+UgnCpxqxqYjKf/ETSmPEwWcTBL5CTNVZGZVmT0qgCg21AQTQfWnTNLHAhOlCy3ptuzZbv6T5mHttGbdHFXqZ3ltRbSDdtE+stExqqNL1EBNRNADekIv6NV4Nt6Md+Njslow8pttNAXj8weP8qJc</latexit><latexit sha1_base64="IoSMNmuVHf+G7ZL7dDyTpjYxG8s=">AAACHHicZVBNS8NAFNzUr1q/qh69BIsgUkoignor6sGLWMHaQhPLZvuSLt1s4u5GKKG/w6P6YzyJV8Hf4sVNG9DWgYV5M+/B7Hgxo1JZ1pdRmJtfWFwqLpdWVtfWN8qbW3cySgSBJolYJNoelsAoh6aiikE7FoBDj0HLG5xnfusRhKQRv1XDGNwQB5z6lGClJTdxKHdSq2o7o3veLVesmjWG+Z/YOamgHI1u+dvpRSQJgSvCsJQd24qVm2KhKGEwKjmJhBiTAQ6goynHIUg3HYcemXta6Zl+JPTjyhyrfy9SHEo5DD29GWLVl7NeJv56F6ATCLjS03UMAqtIHKQOFkFI+UgnCpxqxqYjKf/ETSmPEwWcTBL5CTNVZGZVmT0qgCg21AQTQfWnTNLHAhOlCy3ptuzZbv6T5mHttGbdHFXqZ3ltRbSDdtE+stExqqNL1EBNRNADekIv6NV4Nt6Md+Njslow8pttNAXj8weP8qJc</latexit><latexit sha1_base64="IoSMNmuVHf+G7ZL7dDyTpjYxG8s=">AAACHHicZVBNS8NAFNzUr1q/qh69BIsgUkoignor6sGLWMHaQhPLZvuSLt1s4u5GKKG/w6P6YzyJV8Hf4sVNG9DWgYV5M+/B7Hgxo1JZ1pdRmJtfWFwqLpdWVtfWN8qbW3cySgSBJolYJNoelsAoh6aiikE7FoBDj0HLG5xnfusRhKQRv1XDGNwQB5z6lGClJTdxKHdSq2o7o3veLVesmjWG+Z/YOamgHI1u+dvpRSQJgSvCsJQd24qVm2KhKGEwKjmJhBiTAQ6goynHIUg3HYcemXta6Zl+JPTjyhyrfy9SHEo5DD29GWLVl7NeJv56F6ATCLjS03UMAqtIHKQOFkFI+UgnCpxqxqYjKf/ETSmPEwWcTBL5CTNVZGZVmT0qgCg21AQTQfWnTNLHAhOlCy3ptuzZbv6T5mHttGbdHFXqZ3ltRbSDdtE+stExqqNL1EBNRNADekIv6NV4Nt6Md+Njslow8pttNAXj8weP8qJc</latexit>

L(u)
<latexit sha1_base64="1rv4QZwQr76sF1EIJ5q3spuTbWU="></latexit><latexit sha1_base64="1rv4QZwQr76sF1EIJ5q3spuTbWU="></latexit><latexit sha1_base64="1rv4QZwQr76sF1EIJ5q3spuTbWU="></latexit>

The boosting attack [Blum-Hardt ’15]: 

1.Pick k vectors          uniformly at random, and 
receive losses           in response.  Call the 
set                 .

2.Output                    , applied coordinate-
wise.

u1, . . . , uk
<latexit sha1_base64="Jnliw0WIuz8PeSuMc/GDfCjsDkY="></latexit><latexit sha1_base64="Jnliw0WIuz8PeSuMc/GDfCjsDkY="></latexit><latexit sha1_base64="Jnliw0WIuz8PeSuMc/GDfCjsDkY="></latexit>

L1, . . . ,Lk
<latexit sha1_base64="oByMPcwsjqqVZmoM6JhG+gy2460="></latexit><latexit sha1_base64="oByMPcwsjqqVZmoM6JhG+gy2460="></latexit><latexit sha1_base64="oByMPcwsjqqVZmoM6JhG+gy2460="></latexit>

I = {i : Li  1/2}
<latexit sha1_base64="WYRPs70LHQ8hBZClsDbrul39i+Q="></latexit><latexit sha1_base64="WYRPs70LHQ8hBZClsDbrul39i+Q="></latexit><latexit sha1_base64="WYRPs70LHQ8hBZClsDbrul39i+Q="></latexit>

u⇤ = maj({ui : i 2 I})
<latexit sha1_base64="WT5DTyRRb87NUt/PjBJSROP0NIM="></latexit><latexit sha1_base64="WT5DTyRRb87NUt/PjBJSROP0NIM="></latexit><latexit sha1_base64="WT5DTyRRb87NUt/PjBJSROP0NIM="></latexit>

41



Boosting attack

42

x1 x2 x3 x4 x5 … xn

u1 0 0 1 0 1 … 0

u2 0 0 1 1 0 … 1

u3 1 0 0 0 1 … 0

u4 1 1 0 0 1 … 1

u5 1 0 0 1 1 … 0

u6 1 1 1 0 1 … 1

… … … … … … …

uk 0 1 0 0 0 1



Boosting attack
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x1 x2 x3 x4 x5 … xn

u1 0 0 1 0 1 … 0

u2 0 0 1 1 0 … 1

u3 1 0 0 0 1 … 0

u4 1 1 0 0 1 … 1

u5 1 0 0 1 1 … 0

u6 1 1 1 0 1 … 1

… … … … … … …

uk 0 1 0 0 0 1

.55

.48

.53

.51

.49

.52

.47

…



Boosting attack

44

x1 x2 x3 x4 x5 … xn

u1 0 0 1 0 1 … 0

u2 0 0 1 1 0 … 1

u3 1 0 0 0 1 … 0

u4 1 1 0 0 1 … 1

u5 1 0 0 1 1 … 0

u6 1 1 1 0 1 … 1

… … … … … … …

uk 0 1 0 0 0 1

u* 0 0 0 1 0 1

.55

.48

.53

.51

.49

.52

.47

…



Exploiting without learning

45

Naive responses

Independent test set

Differentially private 
mechanism

Theorem (Blum and Hardt 2015). With at least constant

probability, the loss is L(u)  1/2� ⌦

⇣p
k/n

⌘
.

<latexit sha1_base64="6VqDFhl5SlTcVNrYsx83BbUHvk4="></latexit><latexit sha1_base64="6VqDFhl5SlTcVNrYsx83BbUHvk4="></latexit><latexit sha1_base64="6VqDFhl5SlTcVNrYsx83BbUHvk4="></latexit>



An idea

46

q(S)
<latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit>

return        

on query         q(S)
<latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit><latexit sha1_base64="4ywSOZNoG1eNG/2i2ifl4NpytHk="></latexit>

“privacy layer around data”

Intuition: an algorithm that cannot learn the data should not overfit!



47

Differential privacy is one notion that works:

Differential privacy (DP)



DP responses against 
boosting attack

48

Naive responses

Independent test set

Differentially private 
mechanism



49

return                  (Laplace noise)

A mechanism for SQs

q(S) + Lap

✓
1

n✏

◆

<latexit sha1_base64="OGFcjoTjVfC5iNAqF6KG9SEZwGo="></latexit><latexit sha1_base64="OGFcjoTjVfC5iNAqF6KG9SEZwGo="></latexit><latexit sha1_base64="OGFcjoTjVfC5iNAqF6KG9SEZwGo="></latexit>

[Dwork et al. ’15; Bassily et al. ’16]

Given a data set S of size n and a query q, M will:
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return                  (Laplace noise)

A mechanism for SQs

q(S) + Lap

✓
1

n✏

◆

<latexit sha1_base64="OGFcjoTjVfC5iNAqF6KG9SEZwGo="></latexit><latexit sha1_base64="OGFcjoTjVfC5iNAqF6KG9SEZwGo="></latexit><latexit sha1_base64="OGFcjoTjVfC5iNAqF6KG9SEZwGo="></latexit>

1. This mechanism is: both accurate on the sample and also private. 

2. That is sufficient to guarantee accuracy on the distribution (transfer). 

3. But it is slow (linear time per query) and it doesn’t reflect what 

practitioners sometimes do on real datasets (subsampling).

[Dwork et al. ’15; Bassily et al. ’16]

Given a data set S of size n and a query q, M will:



Example result in this field from 
my work: a faster mechanism

51

Theorem. There is a mechanism for low-sensitivity
queries with

• sample complexity n = Õ

⇣p
k

↵2

⌘

• ` = Õ

⇣
log(k)
↵2

⌘
samples per query

• Õ

⇣
log2(k)

↵2

⌘
time per query.

<latexit sha1_base64="D5Ayvr/8OrNuxlSfhL+jPjVWZd4="></latexit><latexit sha1_base64="D5Ayvr/8OrNuxlSfhL+jPjVWZd4="></latexit><latexit sha1_base64="D5Ayvr/8OrNuxlSfhL+jPjVWZd4="></latexit>

Theorem [Fish-R-Rubinstein ’20]: There is a mechanism 
for answering statistical queries with:

same as  “Laplace” 
mechanism

much faster!



1. Sample   points uniformly at random (with or 
without replacement) and call this sample 

2. Return                  (Laplace noise)

Fast mechanism for SQs

q(S`) + Lap

✓
1

`✏

◆

<latexit sha1_base64="rkTmiAyvcz90Jn3Scq+kEM/9IEg="></latexit><latexit sha1_base64="rkTmiAyvcz90Jn3Scq+kEM/9IEg="></latexit><latexit sha1_base64="rkTmiAyvcz90Jn3Scq+kEM/9IEg="></latexit>

<̀latexit sha1_base64="UMmcEtRbaKd8N8AXKJFIu0Bd1yk=">AAACKnicZVDLSgMxFM3UV62vVpdugkUQkTIjgror6sKNWMGxhU4pmcztNDSTGZKMUIb+glv9Cb/GVXHrh5hpC9r2QuDknHtvTo6fcKa0bY+twsrq2vpGcbO0tb2zu1eu7L+oOJUUXBrzWLZ8ooAzAa5mmkMrkUAin0PTH9zmevMVpGKxeNbDBDoRCQXrMUp0TnnAebdctWv2pPAycGagimbV6FasihfENI1AaMqJUm3HTnQnI1IzymFU8lIFCaEDEkLbQEEiUJ1sYnaEjw0T4F4szREaT9j/ExmJlBpGvumMiO6rRS0n/7Q7MA4kPJjbYwKS6FieZh6RYcTEyDgKvbMczS3BgZo8vWBU9646GRNJqkHQqc9eyrGOcR4cDpgEqvnQAEIlM1/FtE8kodrEWzIhOouRLQP3vHZds58uqvWbWZpFdIiO0Aly0CWqo3vUQC6iqI/e0Dv6sD6tL2tsfU9bC9Zs5gDNlfXzC09Rpro=</latexit><latexit sha1_base64="UMmcEtRbaKd8N8AXKJFIu0Bd1yk=">AAACKnicZVDLSgMxFM3UV62vVpdugkUQkTIjgror6sKNWMGxhU4pmcztNDSTGZKMUIb+glv9Cb/GVXHrh5hpC9r2QuDknHtvTo6fcKa0bY+twsrq2vpGcbO0tb2zu1eu7L+oOJUUXBrzWLZ8ooAzAa5mmkMrkUAin0PTH9zmevMVpGKxeNbDBDoRCQXrMUp0TnnAebdctWv2pPAycGagimbV6FasihfENI1AaMqJUm3HTnQnI1IzymFU8lIFCaEDEkLbQEEiUJ1sYnaEjw0T4F4szREaT9j/ExmJlBpGvumMiO6rRS0n/7Q7MA4kPJjbYwKS6FieZh6RYcTEyDgKvbMczS3BgZo8vWBU9646GRNJqkHQqc9eyrGOcR4cDpgEqvnQAEIlM1/FtE8kodrEWzIhOouRLQP3vHZds58uqvWbWZpFdIiO0Aly0CWqo3vUQC6iqI/e0Dv6sD6tL2tsfU9bC9Zs5gDNlfXzC09Rpro=</latexit><latexit sha1_base64="UMmcEtRbaKd8N8AXKJFIu0Bd1yk=">AAACKnicZVDLSgMxFM3UV62vVpdugkUQkTIjgror6sKNWMGxhU4pmcztNDSTGZKMUIb+glv9Cb/GVXHrh5hpC9r2QuDknHtvTo6fcKa0bY+twsrq2vpGcbO0tb2zu1eu7L+oOJUUXBrzWLZ8ooAzAa5mmkMrkUAin0PTH9zmevMVpGKxeNbDBDoRCQXrMUp0TnnAebdctWv2pPAycGagimbV6FasihfENI1AaMqJUm3HTnQnI1IzymFU8lIFCaEDEkLbQEEiUJ1sYnaEjw0T4F4szREaT9j/ExmJlBpGvumMiO6rRS0n/7Q7MA4kPJjbYwKS6FieZh6RYcTEyDgKvbMczS3BgZo8vWBU9646GRNJqkHQqc9eyrGOcR4cDpgEqvnQAEIlM1/FtE8kodrEWzIhOouRLQP3vHZds58uqvWbWZpFdIiO0Aly0CWqo3vUQC6iqI/e0Dv6sD6tL2tsfU9bC9Zs5gDNlfXzC09Rpro=</latexit>

S`
<latexit sha1_base64="I444MdWgFq1DCL1RFz8QBSC+1No=">AAACLHicZVDLSgMxFM34rPXV6tJNsAgiUqYiqLuiLtyIFe0DOkPJZG7b2ExmSDJCGfoPbvUn/BoXIm79DtPpgLa9EDg5596bk+NFnClt25/WwuLS8spqbi2/vrG5tV0o7jRUGEsKdRryULY8ooAzAXXNNIdWJIEEHoemN7ga681nkIqF4lEPI3AD0hOsyyjRhmo8dBzgvFMo2WU7LTwPKhkooaxqnaJVdPyQxgEITTlRql2xI+0mRGpGOYzyTqwgInRAetA2UJAAlJukdkf4wDA+7obSHKFxyv6fSEig1DDwTGdAdF/NamPyT7sG40DCrbndRSCJDuVR4hDZC5gYGUc953iMppZgX6VPzxjV3XM3YSKKNQg68dmNOdYhHkeHfSaBaj40gFDJzFcx7RNJqDYB502IldnI5kH9pHxRtu9PS9XLLM0c2kP76BBV0BmqohtUQ3VE0RN6Qa/ozXq3Pqwv63vSumBlM7toqqyfX9Zlp4A=</latexit><latexit sha1_base64="I444MdWgFq1DCL1RFz8QBSC+1No=">AAACLHicZVDLSgMxFM34rPXV6tJNsAgiUqYiqLuiLtyIFe0DOkPJZG7b2ExmSDJCGfoPbvUn/BoXIm79DtPpgLa9EDg5596bk+NFnClt25/WwuLS8spqbi2/vrG5tV0o7jRUGEsKdRryULY8ooAzAXXNNIdWJIEEHoemN7ga681nkIqF4lEPI3AD0hOsyyjRhmo8dBzgvFMo2WU7LTwPKhkooaxqnaJVdPyQxgEITTlRql2xI+0mRGpGOYzyTqwgInRAetA2UJAAlJukdkf4wDA+7obSHKFxyv6fSEig1DDwTGdAdF/NamPyT7sG40DCrbndRSCJDuVR4hDZC5gYGUc953iMppZgX6VPzxjV3XM3YSKKNQg68dmNOdYhHkeHfSaBaj40gFDJzFcx7RNJqDYB502IldnI5kH9pHxRtu9PS9XLLM0c2kP76BBV0BmqohtUQ3VE0RN6Qa/ozXq3Pqwv63vSumBlM7toqqyfX9Zlp4A=</latexit><latexit sha1_base64="I444MdWgFq1DCL1RFz8QBSC+1No=">AAACLHicZVDLSgMxFM34rPXV6tJNsAgiUqYiqLuiLtyIFe0DOkPJZG7b2ExmSDJCGfoPbvUn/BoXIm79DtPpgLa9EDg5596bk+NFnClt25/WwuLS8spqbi2/vrG5tV0o7jRUGEsKdRryULY8ooAzAXXNNIdWJIEEHoemN7ga681nkIqF4lEPI3AD0hOsyyjRhmo8dBzgvFMo2WU7LTwPKhkooaxqnaJVdPyQxgEITTlRql2xI+0mRGpGOYzyTqwgInRAetA2UJAAlJukdkf4wDA+7obSHKFxyv6fSEig1DDwTGdAdF/NamPyT7sG40DCrbndRSCJDuVR4hDZC5gYGUc953iMppZgX6VPzxjV3XM3YSKKNQg68dmNOdYhHkeHfSaBaj40gFDJzFcx7RNJqDYB502IldnI5kH9pHxRtu9PS9XLLM0c2kP76BBV0BmqohtUQ3VE0RN6Qa/ozXq3Pqwv63vSumBlM7toqqyfX9Zlp4A=</latexit>

This corresponds to bootstrapping: on every new query we re-subsample!

Given a data set S of size n and a query q, M will:

52



Why does this work?

53

Our main idea: while subsampling means we have a worse 
estimator, sampling also increases the amount of privacy we have.  

An straightforward calculation shows that giving an ℓ subsample 
to an ε-private algorithm yields a log(1+(1+(1-1/n)ℓ)(eε-1))-private 
algorithm.  

We can then prove that the two effects cancel out exactly for our 
choice of subsample size! 



54

1. Pick arbitrary 
2. Repeat
where each component of             is given by our 
mechanism     for statistical queries:

A new analysis of SGD

x0 2 ⇥
<latexit sha1_base64="RMMGRbd3bfOILa83gH2K4TFkFw4=">AAACMnicZVBNSwMxEM36bf1q9eglWAQRKVsR1FtRD15EBWsFt5TZdNqGZrNLMiuWpX/Dq/4Jf4x4Eq/+CNNa0NaBwMt7M5OXFyZKWvL9N29qemZ2bn5hMbe0vLK6li+s39o4NQKrIlaxuQvBopIaqyRJ4V1iEKJQYS3sng702gMaK2N9Q70E6xG0tWxJAeSo4LHhB1IHNx0kaOSLfskfFv8PyiNQZKO6ahS8QtCMRRqhJqHA2vuyn1A9A0NSKOzngtRiAqILbbx3UEOEtp4NTff5tmOavBUbdzTxIft3IoPI2l4Uus4IqGMntQH5q52hc2Dwwt0uEzRAsdnNAjDtSOq+c9QO9gZobAlv2uHTE0apdVTPpE5SQi1+fLZSxSnmgwB5UxoUpHoOgDDSfZWLDhgQ5GLOuRDLk5H9B9X90nHJvz4oVk5GaS6wTbbFdliZHbIKO2dXrMoES9gTe2Yv3qv37n14nz+tU95oZoONlff1DcFtqf0=</latexit><latexit sha1_base64="RMMGRbd3bfOILa83gH2K4TFkFw4=">AAACMnicZVBNSwMxEM36bf1q9eglWAQRKVsR1FtRD15EBWsFt5TZdNqGZrNLMiuWpX/Dq/4Jf4x4Eq/+CNNa0NaBwMt7M5OXFyZKWvL9N29qemZ2bn5hMbe0vLK6li+s39o4NQKrIlaxuQvBopIaqyRJ4V1iEKJQYS3sng702gMaK2N9Q70E6xG0tWxJAeSo4LHhB1IHNx0kaOSLfskfFv8PyiNQZKO6ahS8QtCMRRqhJqHA2vuyn1A9A0NSKOzngtRiAqILbbx3UEOEtp4NTff5tmOavBUbdzTxIft3IoPI2l4Uus4IqGMntQH5q52hc2Dwwt0uEzRAsdnNAjDtSOq+c9QO9gZobAlv2uHTE0apdVTPpE5SQi1+fLZSxSnmgwB5UxoUpHoOgDDSfZWLDhgQ5GLOuRDLk5H9B9X90nHJvz4oVk5GaS6wTbbFdliZHbIKO2dXrMoES9gTe2Yv3qv37n14nz+tU95oZoONlff1DcFtqf0=</latexit><latexit sha1_base64="RMMGRbd3bfOILa83gH2K4TFkFw4=">AAACMnicZVBNSwMxEM36bf1q9eglWAQRKVsR1FtRD15EBWsFt5TZdNqGZrNLMiuWpX/Dq/4Jf4x4Eq/+CNNa0NaBwMt7M5OXFyZKWvL9N29qemZ2bn5hMbe0vLK6li+s39o4NQKrIlaxuQvBopIaqyRJ4V1iEKJQYS3sng702gMaK2N9Q70E6xG0tWxJAeSo4LHhB1IHNx0kaOSLfskfFv8PyiNQZKO6ahS8QtCMRRqhJqHA2vuyn1A9A0NSKOzngtRiAqILbbx3UEOEtp4NTff5tmOavBUbdzTxIft3IoPI2l4Uus4IqGMntQH5q52hc2Dwwt0uEzRAsdnNAjDtSOq+c9QO9gZobAlv2uHTE0apdVTPpE5SQi1+fLZSxSnmgwB5UxoUpHoOgDDSfZWLDhgQ5GLOuRDLk5H9B9X90nHJvz4oVk5GaS6wTbbFdliZHbIKO2dXrMoES9gTe2Yv3qv37n14nz+tU95oZoONlff1DcFtqf0=</latexit>

xt := xt�1 � ⌘r̃L(S, xt�1)
<latexit sha1_base64="hIsbZXTLel4eNnwy2jxlb+LOoVs="></latexit><latexit sha1_base64="hIsbZXTLel4eNnwy2jxlb+LOoVs="></latexit><latexit sha1_base64="hIsbZXTLel4eNnwy2jxlb+LOoVs="></latexit>

r̃L(S, xt�1)
<latexit sha1_base64="lWyES+DG52iD0d2BXcid9P3ZFnM="></latexit><latexit sha1_base64="lWyES+DG52iD0d2BXcid9P3ZFnM="></latexit><latexit sha1_base64="lWyES+DG52iD0d2BXcid9P3ZFnM="></latexit>

M
<latexit sha1_base64="mI6XmTa+C84eL4XkoTcm8SJtfd0=">AAACMXicZVDLSgMxFM34rPVZXboJFkFEylQEdSfqwk2xglWhU+ROeltDM8mQZIQy9DPc6k/4M7oSt/6EmemAWi8ETs659+bkhLHgxvr+mzc1PTM7N19aKC8uLa+srlXWb4xKNMMWU0LpuxAMCi6xZbkVeBdrhCgUeBsOzjL99hG14Upe22GMnQj6kvc4A+uodhCBfWAg0sbofq3q1/y86H9QL0CVFNW8r3iVoKtYEqG0TIAx7bof204K2nImcFQOEoMxsAH0se2ghAhNJ809j+i2Y7q0p7Q70tKc/T2RQmTMMApdZ+bRTGoZ+aOdo3OgseFulzFqsErvpgHofsTlyDnqB3sZ+rOEdk3+9IRR2zvqpFzGiUXJxj57iaBW0Sw/2uUamRVDB4Bp7r5K2QNoYNalXHYh1icj+w9a+7Xjmn91UD05LdIskU2yRXZInRySE3JBmqRFGFHkiTyTF+/Ve/c+vM9x65RXzGyQP+V9fQN726ni</latexit><latexit sha1_base64="mI6XmTa+C84eL4XkoTcm8SJtfd0=">AAACMXicZVDLSgMxFM34rPVZXboJFkFEylQEdSfqwk2xglWhU+ROeltDM8mQZIQy9DPc6k/4M7oSt/6EmemAWi8ETs659+bkhLHgxvr+mzc1PTM7N19aKC8uLa+srlXWb4xKNMMWU0LpuxAMCi6xZbkVeBdrhCgUeBsOzjL99hG14Upe22GMnQj6kvc4A+uodhCBfWAg0sbofq3q1/y86H9QL0CVFNW8r3iVoKtYEqG0TIAx7bof204K2nImcFQOEoMxsAH0se2ghAhNJ809j+i2Y7q0p7Q70tKc/T2RQmTMMApdZ+bRTGoZ+aOdo3OgseFulzFqsErvpgHofsTlyDnqB3sZ+rOEdk3+9IRR2zvqpFzGiUXJxj57iaBW0Sw/2uUamRVDB4Bp7r5K2QNoYNalXHYh1icj+w9a+7Xjmn91UD05LdIskU2yRXZInRySE3JBmqRFGFHkiTyTF+/Ve/c+vM9x65RXzGyQP+V9fQN726ni</latexit><latexit sha1_base64="mI6XmTa+C84eL4XkoTcm8SJtfd0=">AAACMXicZVDLSgMxFM34rPVZXboJFkFEylQEdSfqwk2xglWhU+ROeltDM8mQZIQy9DPc6k/4M7oSt/6EmemAWi8ETs659+bkhLHgxvr+mzc1PTM7N19aKC8uLa+srlXWb4xKNMMWU0LpuxAMCi6xZbkVeBdrhCgUeBsOzjL99hG14Upe22GMnQj6kvc4A+uodhCBfWAg0sbofq3q1/y86H9QL0CVFNW8r3iVoKtYEqG0TIAx7bof204K2nImcFQOEoMxsAH0se2ghAhNJ809j+i2Y7q0p7Q70tKc/T2RQmTMMApdZ+bRTGoZ+aOdo3OgseFulzFqsErvpgHofsTlyDnqB3sZ+rOEdk3+9IRR2zvqpFzGiUXJxj57iaBW0Sw/2uUamRVDB4Bp7r5K2QNoYNalXHYh1icj+w9a+7Xjmn91UD05LdIskU2yRXZInRySE3JBmqRFGFHkiTyTF+/Ve/c+vM9x65RXzGyQP+V9fQN726ni</latexit>

r̃L(S, xt�1)
(i) := M(rL(S, xt�1)

(i), S)
<latexit sha1_base64="OHbP5mOp95xA6JaapRkQePEjZME="></latexit><latexit sha1_base64="OHbP5mOp95xA6JaapRkQePEjZME="></latexit><latexit sha1_base64="OHbP5mOp95xA6JaapRkQePEjZME="></latexit>

[Fish-R-Rubinstein ’20]



Even more interesting 
concerns

There are of course some technical challenges that remain in 
adaptive data analysis. 

But one interesting recent question is actually why we can reuse 
large datasets in practice more than theory tells us we should!
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Why do algorithms trained on ImageNet still generalize to the real 
world? Are our algorithms more resilient than you might expect? 
Is real-world data special?



Non-LLM example problem 2:  
Machine learning reductions
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In most cases, engineers would rather make use of subroutines or 
libraries than code solutions from scratch. 



Machine learning reductions
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This often leads to unprincipled use…



Machine learning reductions
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Traditional reductions solve one problem using an algorithm 
for another problem.

bipartite matching 
reduction to max-flow 
(image from GaTech’s 
algorithms course)

We can use the same idea for machine learning.



PAC Learning
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PAC learner 
= 

ERM 
“empirical risk 
minimization”

D
S={(x1,y1)…(xm,ym)} hS that works 

“well” on D



Stochastic contextual bandits
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D xt

distributions of losses depend on xt

The learner must 
compete with the best 

function in F: X—>{1…k} 
in hindsight.  Learner’s 
regret should ideally 
scale as O(T1/2) and 

logarithmically in |F|.1            2               3         …     k-2            k-1         k

for t = 1 to T



efficient 
(poly(T,k,ln|F|))

adversarial

contextual

A bandits to PAC reduction
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uses a reduction to ERM

EXP4,EXP4.P
[ACFS ’00,BLLRS ’21]

EXP3
[ACFS ’00]

Randomized UCB
[DHKKLRZ ’21]



Reinforcement learning (RL)
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states are green, actions are orange, squiggly arrows are rewards

Markov 
decision 
process 
(MDP)

goal is to learn a good “policy” (what to do at each state) 
If MDP is known, can solve for optimal policy



Reinforcement learning (RL)
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But the MDP is not known! 
Problem is more general than bandits.



efficient 
(poly(T,k,ln|F|))

adversarial

contextual

A bandit algorithm that fits

64

EXP4.P
[BLLRS ’21]

EXP3
[ACFS ’00]

Randomized UCB
[DHKKLRZ ’21]



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

time t



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

time t



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

rt

time t



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

a1,rt

rt

time t



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

time t+1



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

time t+1



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

rt+1

time t+1



Reinforcement learning (RL)
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EXP30
EXP31

EXP32
a0,rt+1

rt+1

a1,𝛾rt+1

time t+1



Reinforcement learning (RL)

73

EXP30
EXP31

EXP32

time t+2



Reinforcement learning (RL)

74

EXP30
EXP31

EXP32

time t+2



Reinforcement learning (RL)
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EXP30
EXP31

EXP32

rt+2
time t+2



Reinforcement learning (RL)
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EXP30
EXP31

EXP32
a0,𝛾rt+2

a1,𝛾2rt+2
a1,rt+2

rt+2
time t+2



Reinforcement learning (RL)
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EXP30
EXP31

EXP32



Example result from my work in this 
area: an RL to bandits reduction

78

Theorem [Kash-R-Yu ’24]: The algorithm Bandits for MDPs, when run 
using EXP3 as the bandit learner, enjoys expected regret of

,

where T = total time-steps, S = number of states, A = number of actions per 
state, 𝛾 = discount factor, τ = mixing time of MDP, and β = bounds πmin.
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Theorem [Kash-R-Yu ’24]: The algorithm Bandits for MDPs, when run 
using EXP3 as the bandit learner, enjoys expected regret of

where T = total time-steps, S = number of states, A = number of actions per 
state, 𝛾 = discount factor, τ = mixing time of MDP, and β = bounds πmin.

By making reductions easier and improving their bounds, we could better 
deploy algorithms outside their designed scope!

,

Example result from my work in this 
area: an RL to bandits reduction



Discussion
• AI, in the broader sense, has long been a tool in our toolkit.  Tailored ML 

is now clearly useful, e.g. copilot for lean proofs and AlphaProof. 

• LLMs are reaching the point where they can be useful too. This is all going 
in one direction, but how fast? How long will this “golden age” last? (Yes 
we are already in the Golden Age — take advantage of it now!)

80

• Deep learning practice is currently way past our understanding. LLMs, 
which use it, are even farther past.  Mathematics can work to understand 
these models, possibly with their help! Theory will likely lag practice. 

• Mathematics can make progress in other areas, e.g. understanding the 
properties of our data, helping deploy current algorithms in new areas, 
and of course others that I did not cover.


