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Motivation: Jointly Model Key Ads Impacts
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Contextual MDP with Delayed Rewards

Observation: The expected product conversion rate p! at round h for customer ¢ with
context x; follows
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M’;L _ dszjlxt—l—ﬁgh if O; = 0
x; Ot otherwise.

The observed product conversion y! ~ Poi(ut). dSZ,f delayed advertisements impact.

o, = 1if the bid is won and o} = 0 otherwise.
State: S}, =[5}, 1, S} With S}, = h =G}y and S}, = G} | — G},
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Transition: For a given bid amount a}, P(o} = 1) = F,(a}, x;), where Fj, : [0, B4 x X —
0, 1] represents CDF of the Highest Other Bids (HOB).

Lognormal Distribution of HOB: log(m! ) ~ N ({x;, B1), o3).

Reward: R} (S}, a},x;) = dSZ,leZ,z’ x¢)(1—Fp(aj, xt))+(<95z’1xt> —pn(a}, x¢)) Fn(al, x;).
pr(a), x;) is the expected second highest payment.

Learning Goal: Regret Minimization

Regr =51 OPT (0, x), F¥) — Er rimg | S0y R (T, 0, FX) |
R (%4, 0, Ft) = Bt pm [y R} (S5, m(S, %), %)),

Definition of Two Datasets: W;; = {h|S} | = [,0;, = 1} and Dy; = {h|S] , = 1, 0}, = 0},
forl € H \ [—oo]. We define W, _ = {h|S}; = 00, 0, = 0} for the estimation of §_.

The collection of observations across the first ¢ customers are Wi = {W,,}._, and
D; ={D}i-1-

Efficient Estimation via Data Splitting (Purifying)

Figure 1. Dataset construction illustration. In essence, the data used to estimate each parameter 6,
depends solely on 8, itself, not on other parameters, which enables us to isolate and control estimation
error using purified data.
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Two Stage Maximum Likelihood Estimator

Transition Parameters: £, : (30 x.x] + Aﬂd)_l (35 xslog(m3));

A\ 2 .
6t \/% S (log(mi) - xgﬁ;) . Cumulative Ads Impact: 6] = arg mingcg{%[|0 —
013 + (6 —67)TVLG ). Vi = Vi +ixx/. V] = 1;and Vi) =

= Tot—1 ~t ot
(—yh + X Ol )Xt, where Y, = yh]IHXt”(Vt)—ﬂyz‘SF'
l

Maximizes log likelihood £ (y, dp; éf) =57 > hep., Vi log (dlxjég&) — dlxzég}iQ

by plugging sequential first stage estimates éf we get the two stage estimator:
2221 ZheDS’l ylsz
Zizl ZheDs’l <9A§i72axs> .

Delayed Impacts: d} =

Confidence Region for Delayed Impact d!

There exists positive constants b, B,, By, By, Bs, o such that ||x||» < B,, and 8,
x; > b, Vh € [H|,Vt € [T],Vl € H, ||0||o < By, VIl € H, d; € [0, By|,Vl € Hy, and || Bx]|2
< BB? o, < o,Vh € [H]

input datasets D!, {x,}! {9A522 ! 1b,B,, By, By, d,T,H,,-~

s=1>
1. Update the two-stage estimator cif and
DI {‘ i — ) < 4HBd\/d10g(1+%)7—|—\/QeBdeBglog(Q/é)}

by/Ney
output (d, D))

Algo: Contextual RL via Delayed Poisson Reward

input d,7, H,b, B,, By, B4, B4, 9,7, ',y
1. fort =1to T do
2. Obtain the context x; for the arriving customer ¢
3 ift < (H + 1)n; then
4; /* Exploration */
5 4

6

Compute [ = | =].

n

if | = H, setal = 0,Vh € [H]; else set a} = al,, = By, and a} = 0 for

Vh #1141
7 for h = 1 to H do observe y*, ml.: then update A% and &,
& else
9: /* Exploitation */
10: Update m; = arg max,; max;c. R(; 0, FX)
11: forh=1to H do
12: Observe S} and take action aj = m(S], x;)
13: Observe ol, m%, and y* and update A% and &%
14: end for
15 end if

16:  /* Estimation */
172 forl € ‘H do

18: Update dataset W/, D]
19: if W, is nonempty, compute 8! and C}; else set 8! = 8!~ and C! = C/*
20: if D, is nonempty, compute d! and DI; else set dt = d;~' and D} = D!™!

21:  end for
22: SetC; = {@ | {91 c Clt} M {dl < Df},Vl < H}
23: end for

Main Result: Algo Achieves Near Optimal Regret

Theorem: Regy is O(dHQ\/T log(£1) log(1 + 5)), for any § > &, with probability at
least 1 — 4.
Experiment Results:

Table 1. Average cumulative regret (& 0.5 standard deviation) and fitted regret order (T%).
t Algorithm 1 Random Bid Passive Bid

500 17701[1174,2379] 228 (121, 336] 1920 [1791, 2049] 4630 [3391, 5869]

5000 8465 [5585,11345] 2373 [1243, 3502] 19285 [17873, 20697] 46179 [33850, 58508]
10000 8484 [5606, 11363] 4741 [2477, 7005] 38399 [35573,41226] 92468 (67735, 117201]
15000 8505 [5628, 11382] 7142 [3724,10561] 57651 [53452, 61849] 138652 [101576, 175729]
200008525 [5649,11401] 9568 [4991, 14146] 76945 [71390, 82500] 184873 [135414, 234332]

T 037 1.0 1.0 1.0
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Aggressive Bid
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