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MARKET SEGMENTATION l;’zza’a

Learn what sub-markets like




Sub-markets are different!

» different size

> different complexity

complexity is unknown

Learning on the budget
» budget is tight
» small markets © low budget

» small complexity © low budget




ACTIVE MARKET LEARNING VX 77 5

How to adapt to the unknown structured complexity of the markets?

When is it possible and when it is not?
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ACTIVE MATRIX BLOCK COMPLETION T —

OCCITANIE PACA HAUTS-DE-FRANCE

rank: 100 rank: 20 rank: 5

rank: ? rank: ? rank: ?

at time t we get a sample from the region we choose: complexity = rank

OCCITANIE PACA

HAUTS-DE-FRANCE




at time t we get a sample from the region we choose: ELCHUEUEIC V7RI CL0N)

What does it mean to sample?

How do the entries arrive?

OCCITANIE

Bernoulli model

Yi; = (fij +€i)Bij, (i,5) €{1,...,d}"

B; j ~ia B(n/d?*) |e| <1

Each of the entry is observed either Ox or 1x.
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ACTIVE MATRIX BLOCK COMPLETION T —

at time we get a sample from the region we choose: KonunHckuu, Lbibakos (2011)

What does it mean to sample?

How do the entries arrive?

OCCITANIE

Trace regression model

iffi:in Eq s iZZ-,...,Tl
Xi ~iid Upr o ay2 |e] <1

realistic situation: d* > n  high-dimensional regime




Trace regression model

Yi=fx ten i=1,....n
Xi ~ud Up,. a2 el <1

Examples of multi-sampling:
» Naturally: music recommendation
® several ratings (or skips)
» By design: tasting experiments
® asking for the customer opinion second time

» Grouped data: different episodes, ...
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MATRIX COMPLETION ESTIMATORS T

How to adapt to the unknown structured complexity of the markets?

> alternating least squares minimization
» gradient descend

» soft impute

» matrix lasso (convex relaxation)

» matrix square root lasso
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HOW TO COMPLETE THE MATRIX A

2

F < d
d1d2 S— p(r7n7 )

Note: Same HD regime as Lenka yesterday: d < n < d?

good estimator should be adaptive to the rank without knowing it

_ 1
M, (}) € argmin ~ 2 (Yi = (X4, M) + A[|M]],

di X d n
MeR“1 * @2 \ 1=1
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HOW TO COMPLETE THE MATRIX A

good estimator should be adaptive to the rank without knowing it

MERdl X d2

1/\\/In()\) € argmin \ — Z

d2

Klopp (2014):

KonunHckumn, Lounici, LLbibakos’s (2011): [E.

< CA®.

— (X, M))? + Af|M,

rdlog d

n

M, — M3 | _ cA?rd

dl dg o mn
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HOW TO COMPLETE THE MATRIX za—

adaptive estimation

1§k0§k1§dandh6{(),1}
Ch = {f : rank(f) < ki, | f]loo < 1)

Keshavan et al. (2009): for both models!

o [knd
V |:Hf — f||F} < Cd T = C’rh

But what about the “error bars” = “confidence sets"?

Carpentier, Klopp, Loffler, Nickl (2016):
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HOW TO COMPLETE THE MATRIX za—

adaptive estimation: confidence sets

a-adaptive confidence do not exist!

What gives? adaptive estimation possible

adaptive confidence sets (often)

~ M — M|[? log d _ Nog d
By | || % < 8A? Oﬁ, S Byt 847 loﬁd <0 (’rdlogd)
n

d2
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N 2
RN—HM M |% < A2 log d

d? - N

find doubly-sampled entries

D' = {(X;,Y:, Y{) }i=1,..,N

empirically estimate the variance

o=y 3 (- 05 0) (3 - 3, )

We have adaptive uncertainty!

Will we have enough double-samples?

2

n .
Whp, for n < d* we get N > C;Z_Q o By 4 8A2 lo]gi;[d SO(rdl;)gd)
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MATRIX BLOCK COMPLETION MODELS &zw

credits: Alexandra Carpentier
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MATRIX COMPLETION ESTIMATORS 2UAA—
How to adapt to the unknown structured complexity of the markets?
Vi < A
At time t we get a sample from the region we choose: 1M < A

OCCITANIE HAUTS-DE-FRANCE

It depends ... What we want to achieve? loss parameter:

> max loss? extension: weights
X !

> average loss? N
= HM’; - M"“|
> average loss per entry? ke[K]

1/p
2p
F




OUR ALGORITHM: MALOCATE (2506

Pick matrix M”
NewSamples from M*
GetEstimator MY
EstimateError

Upper bound on the error
Accept/Reject ﬁ’;

{Mk}ke[K]
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OUR ALGORITHM: MALOCATE &zrzm’

> Pick matrix M”

Z Newsamples from ]_\/_[k >  Algorithm 2 NewSamples (k,T)
—~ Input: £, T
7 G Et E St| m at or Ml; Sample (uniformly at random)

T new observations {(X;, Y;)}i<r from M”
Output: New dataset {(X;, Y;) }i<r

» EstimateError

» Upper bound on the error
> Accept/Reject M*

{Mk}ke[K]
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OUR ALGORITHM: MALOCATE &zrzm’

> Pick matrix M”

> NewSamples from MF
4 GetEStimator ]_/\\/_[l; o Algorithm 3 GetEstimator (k, D)

Input: £, D
» EstimateError T =12 A =0/l
M= argmin /4 7 (Y —(Xi, M))2+ X [[M],
» Upper bound on the error “M"ooSM

Output: Estimator M

> Accept/Reject M*

{Mk}ke[K]
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OUR ALGORITHM: MALOCATE &t’?m'_.

00000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

> Pick matrix M”
> NewSamples from MF
> GetEstimator MP

P EStl matekrror o Algorithm 4 EstimateError (ﬁ, D)

In ut:ﬁ,D
> Upper bound on the error "7

Find double-sampled entries

1 /\k D' ={(X:,Y:,Y) }ic1,. N inDry1, or
> Accept/Reject M/ Ny v ) R (v %)

Output: Number of double-sampled entries /N and

{]-/\\/_[k } - [K] error estimate Ry




OUR ALGORITHM: MALOCATE h%-
> Pick matrix M” —
k M} — M2
> NewSamples from M 2
> GetEstimator M o

> EstimateError N* R
: NE D A2 log(dk)
» Upper bound ontheerror o  fint +8 NF

o~ (4
> Accept/Reject M}

{Mk}ke[K]




OUR ALGORITHM: MALOCATE (2506

How good are the estimates?

Theorem: For max loss (p = ®), whp: How good is this?

ij  rrdy log(dy)

n

For general p: How good is this?

1/p

<O

maX ||1\/Il”C MkH <O

(S5t og(dr) 7)™

n

\ /

> -
" F
ke|K]
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OUR ALGORITHM: MALOCATE (2506

For general p: How good is this?

1/p

=0 /(Zle(r’“di log(dx)) 77 ) e

—~ 2p
5 [ -

n

ke|K] \ /

CL — de% 10g(dk) C — (Cly e CK)
Vot - K el
" n

As good as it gets?
e have [, < K01/ . for 0.< a1 < 2
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FIRST EXPERIMENT t;zzm'_

Proof by picture:

— MAlocate(p = 1)
400k ~—— MAlocate(p = inf) 45k
~ Uniform allocation

— MAlocate(p = 1)
— MAlocate(p = inf)
~ Uniform allocation

350k
300k a5k
g 9
2 O
D 250k D 30k
N N
[ E
£ 200k £
o 5 25k
= z
c
= 150k - \

:
3

g

g

10k

40k 60k 80k 100k 120k 140K 160k 180k 40k 60k 80k 100k 120k 140k 160k 180k

Time step Time step

rank r, dimension d: U € R¥*" V € R"*¢.
entries ~ N (0,02 = r~1/2), noise N (0,0 = 0.1)
dp. = d =200, K =10, r; = 40 and r; = 10 for the rest

25 BEayioN
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SECOND EXPERIMENT ( 'IZ S

= MAlocate(p = 1)
— AL = W)
— Umtie— a ccem o
w— OVO0 SRy

rank r, dimension d: U € R¥*" V € R"*¢.
entries ~ N (0,02 = r~1/2), noise N (0,0 = 0.1)
dp =d =200, K =15, r, = 18 + 0.0015k*




MALOCATE GUARANTEE: HIGH LEVEL ~ {#27Z22—

1/p / (Zf:ﬂrkdi 10g(dk))ﬁ) v \

3 HM"“ M"“ <O

ke |K] \ /

standard analysis won't work

(p+1)/p
HMk MkH <O | Ti(n 1/p (Z ’rkdklog (di)) p/(p+1)> (1) /p
k

increases with Tk(n)

Hl/\\/lk _MkH2 <0 rids log(dy,)
F Tk(n)

decreases with Tk(n)




MALOCATE GUARANTEE: HIGH LEVEL {27722~

For general p:

1/p
o~ 2p
> Jswef?) <o

ke[K] \ /

k .
: ' @
Property 2: Bound on the estimator© forall k \

F 13

(n) |
decreases with Tk(n) Maximizing over Tk(n)? == |




(5 ) (St

ke |K]

Conclusion: whp this holds for all k and all t we need




2p) v / (Zle(rkdi 10g(dk))ﬁ) )
< QO

n > 48 Z di. log(dy) = IZZTk
ke K]

T
+|3
p—

(deg lOg( m 6 Z TI
_D_ n — k
ZkE (deg log )P+ ke[K]

(deg lOg(dm))p—H (E)
Zke | (ridy, log(dk )PHT N2

Tm( ) o 6TI ())

dp

N—"

s




For general p:

ke[K]

ke[K]

+‘@
-

Tn(n) 2 5 (5) e 2 (rid} log(dy))




For general p:

ke |K]

d? B, (t1)

T (t1) /7

VAN

) (S ogd)
<0 -

3
A% max(C, 128) ( QUL log(dm)/p>

T (t2) T (t1)!

rmds log(d,,)

21/P A% max(C, 128) (
Tm(tQ) P

21/P64 A% max(C, 128) (Zk Ck)
n

p+1

p

)




MALOCATE GUARANTEE V4 ’/z )7

1/\\/Ik VL 2p 1/p h /(Zle(rkdz log(dk))%)T\
>[5t -ne]) <

ke[K]

Step 3: For all other matricesi

... and from what we know about m ...

d2B;(t1) < 2'/764A2 max(C, 128)T;(t1) (Zk Ck) p

T




2 log(d;)
16 A2
F * Nf

<[

rid; 1Og(dz)
T;(t;)

o [ rid;log(d;) , div/log(d;)

< CA ( Ti(t,) >—|-128A Ti(t,)

id; log(d;)
< 242 max(C, 128 (r )
< max ( ) Ti(t)

log(d;)
Nti

1

< CA? ( ) +16A2




MALOCATE GUARANTEE: DEEP DIVE 77

) 1/p / (2521(7“1@‘1% 10g(dk))ﬁ) v \
< QO

ke |K]

p+1
gy 112 P
||M; ~ M| < 2176442 max(C, 128)T;(1,) 7 (Zk C"“)
F T
ey 12 -d3 log(d;
M, - M| <247 max(C, 128) (75 08{dh)
F Ti(tl)

decreases with Ti(t) Maximizing over Tk(n)




ke[K]
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LOWER BOUND é,z e

Theorem: For max loss (p = ), whp:

T

) A2 ZK deg
7 NE MkH S k=1 Tk
PS | relk) (H ) = 2048 n

logs coming from the estimators
Klopp (2015) gives sharp bounds

for Bernoulli




LOWER BOUND PROOF IDEA (2506

Theorem: For max loss (p = ®) and any active strategy S, there exists a problem

- 2 K 3
Lps | max (HM’“ MkH > > A D=1 Try

ke[K] — 2048 n

By Direchlet pigeonhole principle there exists m € |K]|

T'm d3
such that EPS[Tk( )] = Z deB
k

LibibakoB’'s LB on many hypotheses + Gilbert-Varshamov LB

n and we show that

inf sup Ep (max (Hﬁk - MkH%)) > inf max sup Ep (1r]f1ax(|\1\/lZ M"||%—1))

P Pcp k P k€[K] pep,

> inf max sup IE*ZP(||1\/II‘C Mk”%)

AN

P ke[K] PePy

A2 T'kdz
Note: Castro+Nowak (2018) > m?X] 2048

Tk




y 4

DISCUSSION AND WHAT'S NEXT lrsia

» active adaptation to (sub)-structure of different complexities
» adaptive inference is necessary

® inference = estimation + uncertainty quantification

® with matrix completion it is sometimes possible
» square-root lasso estimator

® the approach takes the estimator + guarantees as blackbox
» contrib: MAlocate and the guarantees

® anytime, fixed budget (fixed confidence - 0, - possible)
» numerical simulations: adaptive and close to the oracle

® next step: recommendation datasets

> results are generalizable for knowing whether this active
adaptation is possible or not
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BEYOND RECOMMENDER SYSTEMS? A
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