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Computational Game Theory for Complex Games

Data Science for Auctions and Mechanisms

* Optimizing Mechanisms from Samples (T)

« HW7:implement procedures to learn approximately
optimal auctions from historical samples

Further Topics
* Econometrics in games and auctions (T+A)

* A/Btesting in markets (T+A)

a- HWS: implement procedure to estimate values from
bids in an auction, empirically analyze inaccuracy of

A/B tests in markets

Guest Lectures

« Mechanism Design for LLMs, Renato Paes Leme,
Google Research

. Auto—biddinéin Sponsored Search Auctions, Kshipra
Bhawalkar, Google Research



Statistical Learning Theory



General Framework

* Given samples S = {v4, ..., )} that are i.i.d. from distribution F
* Given a hypothesis/function space H
* Given a reward function r(v; h)

* Goal is to maximize the expected reward over distribution F
R(h) = Ey-plr(v; h)]



Desiderata

* Without knowledge of distribution F, we want to produce a
hypothesis hg, that achieves good reward on this distribution

* Forsome e(m) — 0 as the number of samples grows:
R(hs) = Eyplr(v; h)] 2 max R(h) — e(m)
* Either in expectation over the draw of the samples, i.e.
Es[R(hs)] =2 maxR(h) — e(m)
* Orwith high-probability over the draw of the samples, i.e.

w.p.1—68: R(hg) = max R(h) — es(m)



Desiderata

Distribution of
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w.p.1—68: R(hg) = max R(h) — es(m)




The Obvious Algorithm

e \We want to choose r that maximizes

maxR(h) € E,_g|r(v; h)], (population objective)

heH
* With m samples, we can optimize average reward on samples!
1 m
max Rq(h) &€ —Zr vi:h), empirical objective
ner S( m ( ] ) ( P J )
J=1

* This approach is called Empirical Reward Maximization (ERM)

* Intuition. Since each value is drawn from distribution F the empirical
average over i.i.d. draws from F, by law of large numbers, should be
very close to expected value



Bounding Error via Representativeness

* We will try to argue the expected performance

Es[R(hs)] = maxR(h) — e(m)

* Expected Sample Average Representativeness: suppose that
Rep = Es [sup Rq(h) — R(h)] < e(m)

heH How good is the sample average in terms of

e Then we can prove expected error of E(m) representing the population expectation,

in the worst case over H
Eg[R(hs)] = E[Rs(hs)] — E[Rs(hs) — R(hs)] = E|Rs(hs)] — e(m)
* Since hg optimizes R¢(h) and h, = argmax,cyR(h) is feasible
h, does not depend on the samples

1 .
E[Rs(h)] & — % E[h(v/; h.)] = Elh(v; h)] = R(h)

j



If we can bound representativeness
Rep = Eg [sup Rq¢(h) — R(h)] < e(m)
h

Then we can bound expected performance
E|R(hs)] = E[R(h.)] — e(m)



Bounding Error via Representativeness™

* We will try to argue the expected performance

Es[R(hs)] = maxR(h) — e(m)

* Expected Sample Average Representativeness: suppose that
Rep, = Es|Rs(hs) — R(hs)] < e(m)

How good is the sample average in terms of
representing the population expectation,

 Then we can prove expected error of (i) of the ERM hypothesis
Es[R(hs)] = E[Rs(hs)] — E[Rs(hs) — R(hs)] = E[Rs(hs)] — e(m)
* Since hg optimizes R¢(h) and h, = argmax,cyR(h) is feasible

h, does not depend on the samples

1 .
E[Rs(h)] & — % E[h(v/; h.)] = Elh(v; h)] = R(h)

j



Rep, = E[Rs (hs) — Rp (hs)] How good is the sample average in terms of
representing the population expectation,

of the ERM hypothesis
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Rep* = E[Rs(hs) —Rp (hs)] How good is the sample average in terms of
representing the population expectation,

Rep, = E [Rs(hs) - Es’[Rs’(hs)]] of the ERM hypothesis
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Rep. = E[Rs(hs) — Rp(hy)]
Rep. = E |Rg(hs) — Eg/[Rg/(hy)]|

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Population of Samples
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Choose hg € H to maximize
average reward on S
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Learner

How good is the sample average in terms of
representing the population expectation,
of the ERM hypothesis

If we randomly split 2m samples into a train
and test split, and choose a hypothesis
based on train, how different is the training
reward from the test reward



Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

20 00 00 oe

Flip a coing; € {—1, 1} to decide

F— which goes into S and which to §’ w ,
S S

(7;
(7;
r(z;; hs) —1(z{; hs) @

This is how much each pair of samples %
contributes to the discrepancy between
train and test reward
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Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

20 00 00 oe
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This is how much each pair of samples %
contributes to the discrepancy between
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Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Flip a coing; € {—1, 1} to decide

S which goes into S and which to §’ w I

o (o —rGit) @

This is how much each pair of samples @
contributes to the discrepancy between
train and test reward

Population of Samples
Population of Samples

Choose hg € H to maximize
average reward on S

Important. If h was not chosen based on S but was some fixed
h € H. Then this contribution is mean zero in expectation over the
random split g;, even when we condition on the sample values Q

Learner



Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Flip a coing; € {—1, 1} to decide

S which goes into S and which to §’ w I

o
o
o (o —rGit) @

This is how much each pair of samples @
contributes to the discrepancy between
train and test reward

Choose hg € H to maximize 1 U
average reward on S Rep. = Eg —z Oj - (T(Vii hg) — T(Vi’i hs))

m.
I =1

Learner

Population of Samples
Population of Samples




Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Flip a coing; € {—1, 1} to decide

F— which goes into S and which to §’ w I

S
m) o °
o o
6 ;- (T'(Vi:hs) —r(v}, hS)) @

@ This is how much each pair of samples @
contributes to the discrepancy between
train and test reward
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Choose hg € H to maximize 1 U
average reward on S Rep, = Eg 4 —z o (r(vi; hg) — r(vi’; hS))
. -
Since itis hard to argue about the “inner-workings”
Learner of ERM, let’s be pessimistic here and replace hg

with an adversarial choice



Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Flip a coing; € {—1, 1} to decide

S which goes into S and which to §’ w I

?
?
;- (T(vi: hs) — 1 (vi, hS)) @

This is how much each pair of samples @
contributes to the discrepancy between
train and test reward

Choose hg € H to maximize 1 U
average reward on S Rep, < Ep s |[max— ) o; - (r(vi; h) — r(vi’; h))

heH m
_ i=1

L Forany Q, o, choose h € H to
eamer maximize the average discrepancy
Adversary

Population of Samples
Population of Samples




Symmetrization and Rademacher Complexity

* We can upper bound representativeness by

Rep, < Eg ¢ &

m

1

max—
heH m
J=1

* We can upper bound by splitting thé max into the two separate

m

1

max—
heH m
j=1

Rep, < ES’U

ojr(vy; h)

* Butthese two quantities are the same

Rep <2 Es

m

1

max—
heH m
j=1

+ ES,,O'

heH

oyr(vy: )

1

max ——
m "
j=1

o; (r(vj; h) —7r (v]f; h))

m

ojT (v]f ; h)

Rademacher Complexity of

Hypothesis Space H



Empirical Rademacher Complexity

Empirical Rademacher Complexity of hypothesis space H on samples S:

m

1
Rad(S,H) = 2E; max — 2, o; - r(v;; h)
1=

Theorem. We have thus proven that:

E[R(hs)] = R(h.) — Eg[Rad(S, H)]



Bounding Empirical Rademacher Complexity

* We have now conditioned on the value of the samples § = {vq, ..., Uy, }

* For a fixed h, contribution of each sample v;, in expectation over the
random split g;, is zero

_1 - .
EO‘ Ez o ° T(Ul’; h) =0
=1

* We have reduced to arguing how large this “almost mean zero” quantity
can be for a fixed set of samples {vy, ..., V,,,}

* Requires arguing properties of the hypothesis space H on the samples
S and not on the whole unknown support of the unknown distribution F



Simple Case

Suppose that H was finite, i.e. H = {hq, ..., hx } and reward bounded in [0,1]
By Hoeffding concentration inequality and the mean-zero property, foreach hy;, w.p. 1 —§

m

T py oD

, 2m
i=1

By the union bound, w.p. 1 — 6

m
1 log(2K /&
maxg_, Ez o; - r(vi; he) S\/ 8(2K/0)

, 2m
=1

This implies that the expected value of this quantity is of the same order

Rad(S,H) = 2E Ly h log(2K)
A = 2 o 2,0 TN = [T
1=



Massart’s lemma. For any finite hypothesis space H:

2log(|H|)
V m

Rad(S,H) < 2




Beyond Simple Case

 Suppose we can find a finite subspace HS C H suchthateveryh € H has a
representative h € Hs that has the exact same behavior on the samples S

Vv; € S:r(v;; h) = r(vl, h)

 Then Empirical Rademacher Complexity of H is upper bounded by that of Fis

Rad(S, H) := 2E,

1

max—
heH m

1

max —
hEHS m

m

=1

m

=1

o; - r(v;; h)

o; - r(v;; h)

2log(|Hs|)




Beyond Simple Case

 Suppose we can find a finite subspace HS C H suchthateveryh € H has a
representative h € Hs that has the exact same behavior on the samples S

* Classification Example with Threshold Functions: Data v = (x, y), with x €
|—1,1] and y € {—1,1}. Label every x = 8 with +1 and every x < 6 with —1.

H={x->1x=260)—1(x < 6):06 € 6}
Y - - - -|+ + +

-

@
h(x) = = -\++++ PP

o
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Beyond Simple Case

 Suppose we can find a finite subspace HS C H suchthateveryh € H has a
representative h € Hs that has the exact same behavior on the samples S

* Classification Example with Threshold Functions: Data v = (x, y), with x €
|—1,1] and y € {—1,1}. Label every x = 6 with +1 and every x < 6 with —1

H={x->1(x=20)—1(x<0):0 € 6}

Y= = = =+ + + +
-0 @ ® @ o—>x
h(x) = - ++ + + +
6 6 -

* We only look at the behavior on the samples 2log(m + 1)

— Rad(S,H) < 2\/

» Suffices to look at thresholds equal to a sampleor 1 m

—



Growth Rate of Function Space

* Suppose we can find a finite subspace HS C H suchthateveryh € H has a
representative h € Hy that has the exact same behavior on the samples S

Vv; € S:r(v;; h) = r(vl, h)
 Empirical Rademacher Complexity of H is upper bounded by that of 175

Growth Rate 7(m, H): the size of the smallest Hs that satisfies the above
property, in the worst case over sample dataset of size m

Example. For threshold classifiers T(m, H) = m + 1 SideNote For classification, a seminal notion

is the Vapnik-Chervonenkis (VC) dimension:
size d of largest dataset that the hypothesis

Theorem. For any hypothesis H . , _
can assign labels in all possible manners

Rad(S,H) <2 Zlog(‘[(m, H)) Cannot be assigned by
’ - m threshold classifiers => d = 2
-@® O ® >
— + —

Sauer’s Lemma. If has VC-dim < d then t(m, H) 3 29 = Rad(S,H) < /d/m



Discretization on Samples

* Suppose we can find a finite subspace 175,6 C H suchthatevery h € H has a
representative h € Hs . that has approximately the same behavior on the samples S
Vv; € S: |r(vi; h) — r(vi; h)| <e€

 Empirical Rademacher Complexity of H upper bounded approximately by Hs,e

Rad(S,H) = 2E,

m
: (w33 1)
max— Y o; - r(v;:
heH m ! L
i=1
m
1
max — ) o; - r(v;; h)
hEHS’em .

1=1

+ZES2\/

210g(|ﬁ5,6|) 9
m



Back to Mechanism Design from
Samples



Example: Pricing from Samples

* Suppose we are given a set of samples S of a bidder’s value

* We optimize over the space of posted prices

* For every price r we want to find a price r that achieves almost the

same revenue as r for every value in the samples
Vv, eS: |lr- v, =2r}—7-1{v; =27} <€

V4 Vy V3 Uy Vs Vg Uy Ug
- o » o—0 —0 @ o>




Example: Pricing from Samples

* Suppose we are given a set of samples S of a bidder’s value

* We optimize over the space of posted prices

* For every price r we want to find a price r that achieves almost the
same revenue as r for every value in the samples
Vv, eS: |r-1{v; =2r}—7-1{v; =7} <€
€ 2¢ 3¢ 4€e 5e 6€ 7€ 8e

bt Tl el & N 1o el

* For every r, pick maximum of {largest multiple of € below 7, largest
sampled value below r}. At mostm + 1/€ prices.




Example: Pricing from Samples

* Suppose we are given a set of samples S of a bidder’s value

* We optimize over the space of posted prices

* For every price r we want to find a price 7 that achieves almost the
same revenue as r for every value in the samples
Vv, € S: |T"1{Ui 27"}—77”1{7%' Zf}l <€

* For everyr, pick maximum of {largest multiple of € below r, largest
sampled value below r}. At mostm + 1 /€ prices.

21 1
og{m+¢ 2log(2m)
Rad(S,H) <2 +2e <4
N m PN

e=1/m

m




Second Price with a Reserve

* Suppose we are given a set of samples S of n bidder value profiles
* Optimize over the space of Second-Price Auctions with a Reserve

* For every price r we want to find a price 7 that achieves almost the
same revenue as r for every value in the samples

Vv; = (V;q1, ..., Vin) € S: |rev(v;;r) —rev(v; 7)| < e

* For everyr, pick maximum of {largest multiple of € below r, largest
sampled value below r}. At mostm - n + 1/€ prices.

2loe(m -n+ 1/€ 2log(Z2m - n
g( /)+26<4 g( )

Rad(S,H) <2

\ m T \

e=1/m

m




Second Price with Player-Specific Reserves

* Suppose we are given a set of samples S of n bidder value profiles
* Optimize over the space of Second-Price with Player-Specific Reserves

* For every price vectorr = (74, ..., ;) we want to find a vector 7 that
achieves almost the same revenue as r for every value in the samples

Vv; = (V;q1, ..., Vin) € S: |rev(v;;r) —rev(v; 7)| < e

* For every rj, pick maximum of {largest multiple of € below r, largest
sampled value for bidder j below r}. At most (m + 1/€)™ prices.

2nloe(m + 1/¢ 2nlog(2m
Rad(S,H) <2 8( / )+26S4 s(2m)
m

\ T \

e=1/m

m




Competing with the Myerson Auction

* Want to optimize over virtual welfare maximizing mechanisms
* For each bidder i, we assign a monotone virtual value function ¢;
* Allocate to the bidder with highest positive virtual value ¢;(v;)
* Charge dominant strategy truthful payments
x; (v;)
1

Winning threshold:
6 = gbl_l (maX ¢](U]),T]l)

J#Fi




Optimizing over Virtual Value Functions

* ERM optimizes over all monotone functions for each bidder
* This space is infinite and a bit harder to discretize

* We will see that monotonicity is important!

bi .
¢i(v;)

1

* We introduce a variant of Rademacher complexity analysis that
will help us in the analysis of ERM over virtual welfare maximizers



Back to Statistical Learning
Theory



Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Flip a coing; € {—1, 1} to decide

S which goes into S and which to §’ w I

;- (T'(Vi: hs) — 1 (vi, hS)) @

This is how much each pair of samples %
contributes to the discrepancy between
train and test reward

Population of Samples
Population of Samples

Choose hg € H to maximize 1 U
average reward on S Rep, = Eg 4 —z o (r(vi; hg) — r(vi’; hS))
;.
Since itis hard to argue about the “inner—workings_” of ERM, let’s
Learner be pessimistic here and replace hgs with an adversarial choice

over all possible outputs of ERM on a half-sample of Q



Equivalent Process

Rep. = E[Rs(hs) — Rp(hs)]
Rep, = E [Rs(hs) — ES’[RS’(hS)]] Population of Samples

Rep, = ES,S’[RS(hs) — Rs’(hs)]

Flip a coing; € {—1, 1} to decide

S which goes into S and which to §’ w I

?
?
;- (T(vi: hs) — 1 (vi, hS)) @

This is how much each pair of samples @
contributes to the discrepancy between
train and test reward

Choose hg € H to maximize 1 U
average reward on S Rep, < Eps|max— ) o;- (r(vi; h) — r(vi’; h))

hEHQm_ 4
1=
Q Forany Q, o, choose hthat |

Learner could be the output of ERM
Benign Adversary on some half-sample of Q

Population of Samples
Population of Samples




Refined Rademacher Complexity

* We can upper bound representativeness by

m

1

Rep, < Ec o max — O; (r vi:h —r(vf;h))
P« S,S' o hEHSUS’ m 2 . ] ( ] ) ]
J=

* We can upper bound by splitting tﬁe max into the two separate

m m
Rep, < E . (v;h)| +E .
e S / max — o;r\v;, / max ——
P 5,50 h€H o M JoNTT 5,50 h€Hg, o M
j=1 _]=1

* Butthese two quantities are the same

m

1
Rep < 2E. max — oir(vi; h
p 5559 | heHg o m 7 (vj;h)
j=1




Empirical Rademacher Complexity

Empirical Rademacher Complexity of hypothesis space H on samples S:

m

1

Rad(S,H) = 2E; max — 2, o; - r(v;; h)
1=

Theorem. We have thus proven that:

E[R(hs)] = R(h.) — Eg¢/|Rad(S, Hgys')]

H¢ s < all possible outputs of ERM on some subset of S U S’ of sizem



Back to Mechanism Design from
Samples



Example: Pricing from Samples

* Suppose we are given a set of samples S of a bidder’s value

* We optimize over the space of posted prices

* On any subset of size m of a set of samples Q of size 2m, ERM will
return a reserve price that is equal to one of the 2m values!
Ho € {r:r = v; for some v; € Q}

* By Masart’s Lemma
2log(2m)
\ m

Rad(S, Hg 1) < 2




Optimizing over Virtual Value Functions

* ERM optimizes over all monotone functions for each bidder

* For any monotone function, we receive strictly larger payment had
we used step-function on the samples (threshold to win is higher)!

b

1 V2i V3i Vg 1

Samples of bidder i values

* Hy contains only monotone step functions that change on one of
the 2m samples for each bidder




Equivalent Representation

* These mechanisms can be thought as follows

* Construct a set of n - m ranked positions

* For each sampled value of a bidder, assign a rank, in a manner
that it is monotone across the values of the bidder

* Assign the item to the bidder with the highest rank



How Many are these Mechanisms?

* By monotonicity, each assignment of values to ranks, can be

described by:

“for each rank r, specify the smallest of the 2m sampled values
for which the rank of the bidder goes above r”

* Roughly m™™ such combinations

Rad(S, Hq g) 2

n-m-log(m-n)

\

m

=n-m-log(m-n) — o



Coarsen Space of Mechanisms we Optimize

* Consider only virtual value functions that take values on an e-grid
¢;(v;) €E{—¢€,0,¢,..,1}
P

7€

* These step functionsin H, can be described by

“foreach value r on the}grid, specify the smallest of the 2m sampled
values for which tf17e rank of the bidder goes above r”

* These are = (2m)e combinations for each player



Coarsen Space of Mechanisms we Optimize

* Optimize over virtual value functions that takes values on the grid

* On any subset of size m of a set of samples Q of size 2m, ERM will
return a monotone step function that takes these values and

changes only on the 2m sampled points for each bidder
1
* These are =~ (2m)e functions for each bidder

* By Masart’s Lemma

2nlog(4m)
V E-M

Rad(S, Hg s () S 2




Approximation Error

* By optimizing over e-grid virtual values we don’t lose more than = €

* Let h, be optimal mechanism and h, the mechanism where each player’s
virtual value is rounded down to the closest multiple of €. Let i, the winnerin h,

Rev(h,) = E [[qbl-e(vie)]J >E

> E

:[4)1'66(771'5)]_'__

ml.ElX[G/)i(Vi):

=F [mlaX[GbiE(Vi)]J

4 — E] = Rev(h,) — €



Putting it all together

* If we output the mechanism hg that optimizes the empirical
revenue among all monotone virtual welfare maximizers, with
virtual value functions taking values in an e-grid

2 nlog(2m
E[Rev(h,.)] = Rev(h,) — s2m)
y €'m

1
e Fore = (Zn longl(Zm))s

1

2nlog(2m)\3

E<[Rev(h.)] = Rev(h,) — 2 ( fi( )>



Zooming out

* Study initiated by [Cole, Roughgarden, 2014]
* Approaches either

Setting Lower Bound | Upper Bound
Regular Q(ne=3) O(ne=3)
MHR Q(ne2) O(ne—2)
1, H] Q(nHe ?2) O(nHe2)
[0, 1]-additive Q(ne=2) O(ne=2)

Table II.

* Discretize the value space and use revenue monotonicity arguments
* Discretize the virtual value space and use statistical learning theory arguments

* Try to learn the virtual value functions and the CDF functions and use bounds on
learning CDFs (DKW inequality and more elaborate inequalities that better control

errors in the extreme quantiles)

Sample complexity bounds in [Guo et al. 2019]

* Statistical learning theory approaches side-step the computational

question

* Several papers on computionally efficient algorithms [Devanur et al, 2016],
[Gonczarowski and Nisan 2017], [Roughgarden and Schrijvers 2016], [Guo et al, 19]




Multi-ltem Auctions

n bidders and m items and additive valuations
A very active research area

One well-explored direction: Sample complexity of simple mechanisms

* Characterize simple mechanisms with constant-factor approximate revenue [Chawla et al.
&2007, 2010, 2015); Hart and Nisan (2012); Babaioff et al. (2014); Rubinstein and Weinberg
2015); Yao (2015); Cai et al. (2016); Chawla and Miller (2016); Cai and Zhao (2017)]

* Show that learning such simple mechanisms can be done with polynomial sample
complexity [Morgenstern and Roughgarden (2016); Balcan et al. (2016, 2018); Cai and
Daskalakis (2017); Syrgkanis (2017)]

Optimal auctions do not have a simple characterization as virtual welfare
maximizers

One key property (revenue monotonicity) used in single-dimensional does not hold

[Gonczarowski, Weinberg, 18] Prove a sample complexity result in this general
setting with independent valuations, even without the need to use some
characterization of how the optimal auction looks like



	Slide 1: MS&E 233 Game Theory, Data Science and AI Lecture 14
	Slide 2
	Slide 3: Statistical Learning Theory
	Slide 4: General Framework
	Slide 5: Desiderata
	Slide 6: Desiderata (Mechanism Design from Samples)
	Slide 7: The Obvious Algorithm
	Slide 8: Bounding Error via Representativeness
	Slide 9: If we can bound representativeness Rep equals cap E sub cap S , open bracket sup lower limit h of , cap R sub cap S , open paren h , close paren minus cap R open paren h close paren , , close bracket less than or equal to script epsilon open pare
	Slide 10: Bounding Error via Representativeness*
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20: Symmetrization and Rademacher Complexity
	Slide 21: Empirical Rademacher Complexity
	Slide 22: Bounding Empirical Rademacher Complexity
	Slide 23: Simple Case
	Slide 24: Massart’s lemma. For any finite hypothesis space cap H:   Rad open paren cap S ,cap H , close paren less than or equal to 2 square root of , 2log open second paren absolute value cap H , end absolute value , close second paren over m end square 
	Slide 25: Beyond Simple Case
	Slide 26: Beyond Simple Case
	Slide 27: Beyond Simple Case
	Slide 28: Growth Rate of Function Space
	Slide 29: Discretization on Samples
	Slide 30: Back to Mechanism Design from Samples
	Slide 31: Example: Pricing from Samples
	Slide 32: Example: Pricing from Samples
	Slide 33: Example: Pricing from Samples
	Slide 34: Second Price with a Reserve
	Slide 35: Second Price with Player-Specific Reserves
	Slide 36: Competing with the Myerson Auction
	Slide 37: Optimizing over Virtual Value Functions
	Slide 38: Back to Statistical Learning Theory
	Slide 39
	Slide 40
	Slide 41: Refined Rademacher Complexity
	Slide 42: Empirical Rademacher Complexity
	Slide 43: Back to Mechanism Design from Samples
	Slide 44: Example: Pricing from Samples
	Slide 45: Optimizing over Virtual Value Functions
	Slide 46: Equivalent Representation
	Slide 47: How Many are these Mechanisms?
	Slide 48: Coarsen Space of Mechanisms we Optimize
	Slide 49: Coarsen Space of Mechanisms we Optimize
	Slide 50: Approximation Error
	Slide 51: Putting it all together
	Slide 52: Zooming out
	Slide 53: Multi-Item Auctions

