


Consistency,

Compression,
and

Learning :

The Finite 9-1 Case



Recipe for
( PAC ) Learning :
F-

I. Design algo L that
finds h C-71 consistent

with samples
( Éslh )=0)

2. Analyze how big
m= 1st must be

S.t. Elh) 2- E.



We will show :
-*-☒

• This recipe always
works

• Answer to 2. is

Independent
*
ofL -

consistency is
all

that matters .

Let's wmTTi with
the case of

finite 7L .



Notations
1h) -÷prµp[hlx>=/CIN]
true error

Éslh)=tm§I[hlxittyi]
where 5- { ix.yis.hxm.si}

training error

Q?¥ÉÉo
imply Elh ) small ?



• Fix 870

• Call HEH E-bad

if Elh ) > E

• ¥ fixed E-bad h :

Prs [ Éslh)=0]Eli-ET
* indep .

Prg [any E-bad At&t
has Eth )=_ of

2- 171111- E)
m

union
bound



Aegeb

171111- e)me

1711 e-
Em
⇒
: 1-✗ a. e-

×

set E. 8 ¢ solve :

|m|
"complexity

"

of 71
: ln 1711

Ss

# bits needed

to describe he 7C



• Immediately applies
to & simplifies
PAC analyses for

rectangles, conjunctions,
3CNF

• Any consistent
hit

suffices



Another application :

decision lists over {0,13?
←•

e.g. Cee given by :

K¥→Ñ)→IIfo
ti t to to
I 0 I 1

Clo 11017=1%4
C ( 100 I 1)= 0

Contains conjunctions :

✗ ix. ✗y=1I→¥]-t×→i
to 0 0



a. us

• h ← empty list
• while ( Sto) :
- H-z.to :

Sz
,
b
- { say> c-S : 2-=/ in ×}

and y = b

- find max Isz
,
bl sit .

Sz
,
> b =

- append →Iz] to h
¥

- S ← S - Sz
,
b



theorem Decision lists

are PAC learn
able

(by 9-f- decision lists) .



learningecompression.frhe71
,
let t.ch ) be

the # bits needed to

describe h .

• In general, 11h)-poly(a)
(dim .

of X )

⇒ 17L In zpolycn)

• Suppose we allow

llhypolyln.ru)
go

1st

Good or bad idea ?



If we allow

llh) - n -m (linear
in both)

then we can just

encode/memorize S !

(7-f- lists of <×,y7)
#

So linear dependence
on m goes too

far
.



Let's try ethnic .m✗

includes→ 44=1
dep - on n

IEEE

E- ecmt- emssetes :
em
"
- Em 2- ten (8)

Em >_ln(
'b) + Cmt

satisfied if

:-|m>_Éenl%)¢|m>m÷



m2 2yd
m
'-"

22£
MI (E)¥

← blow,
up as

✗→ 1 !

4=0 : run 2% ,
original
bound

2=42 : m- KEY
✗ = 1 : M n to



So not just consistency
but even the slightest

compression of S

yields PAC learning
(with largerm) .



Application to Adaptive
PHL /Crowdsourcing
=

• Imagine we have data

strains Stest
• We give strain to crowd

• We keep Stest to validate

• Now 7-1 not fixed in
advance and not finite!

• How big should

m= Istest I be ?



AModifiedheaden-band.lthen given model
h :

-improvement ⇐✗ on Stest :
answer no, nothing else

- improvement 2 ✗ on Stest:

yes , update best error
•ho
I*I

¥:¥%¥
.

1-

11.11.61. b↳
: I

☐



•Observation : at most 4,

yÉng path
•

•

.
total size of tree

=/HI a- (E)at 'k
Solve : TKe-Em ⇐ s

e-m >Went:-)
m>_⇐ln(E)



Onemoreva-r-iat.in .
Sofa- we have

shown (form large
)

I Éslh) - elh)/ =

I 0 - E 1h )/ = Elh>EE

for all consistent
h
.

What about all

the other he 71 ?



Chernoff bounds
-

• Consider biased coin
with Pr[heads] =p

• Flip m times, let

p~= fraction of
heads

Then ¥2> 0 :

Pr [ IF-pl >it]±zémH3
→ 0 exponentially fast

• A
'concentration

inequality
"



• ¥ fixed h c- 9-1 :

Pr [ 15th>- Eth> I > DE blah
'

• Prob. any
he 71 has 4- 1711 .blah

1. I

>_Ñn÷|• IS ifµ- É
-

"uniform convergence
"

WYSIWYG



Fine
.

But what if

71 is

1nte ?? ?


