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Background

Success of digital ads

Ads exchange format: first-price auctions
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Bidder’s sequential decision model

private source other bidders

target bidder ad exchange

private value vt
side information ht

current bid bt

maximum competing bid mt

feedback information mt

(v1, b1,m1, h1 · · · , vt , bt ,mt , ht)

Instantaneous reward: r(bt ; vt ,mt) = (vt − bt) · 1(bt ≥ mt)
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Problem formulation

Private value & others’ highest bid: vt ,mt ∈ [0, 1]

adversarially chosen

Side information (hint): (ht , σt)

E [|ht −mt |q] ≤ σq
t , L :=

T∑
t=1

σt

Hint interval: (ht , σt)
Point estimation: ht

Bidder’s Target: Regret

Reg(π) ≜ max
f ∈F

E

[
T∑
t=1

r(f (vt); vt ,mt)

]
︸ ︷︷ ︸

oracle’s reward

− E

[
T∑
t=1

r(bt ; vt ,mt)

]
︸ ︷︷ ︸

bidder’s reward
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Help from the hint

Theorem

For L ∈ [1,T ], q ∈ [1,∞),

if vt ≡ 1 and the bidder observes a hint interval at each time t,

inf
π

sup
{mt ,ht ,σt}

Reg(π) = Θ̃

(√
T

1
q+1 · L

q
q+1

)
.

If vt ≡ 1 and the bidder observes a point estimation at each time t,
then for every q ∈ [1,∞),

inf
π

sup
{mt ,ht}

Reg(π) = Θ̃
(
(T · L)

1
4

)
.

Smaller regret with good hints (L is small)

Regret separation on two types of hint
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Algorithm for Upper Bound

Multiplicative Weights Update:

pt,a =
exp

(
ηt ·

∑
s<t rs,a

)∑
a′∈[K ] exp

(
ηt ·

∑
s<t rs,a′

) , a ∈ [K ], t = 1, . . . ,T ,

Incorporate hints into rewards rs,a? No.

Add one extra expert who bids ht + σ
q

q+1
t , t = 1, . . . ,T to the pool
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Large regret with varying private values

Theorem

Let L ∈ [1,T ], q ∈ [1,∞), and vt ∈ [0, 1] for t = 1, 2, . . . ,T . If the bidder
observes hint intervals

inf
π

sup
{vt ,mt ,ht ,σt}

Reg(π) = Θ̃
(
min

{
T

1
q+1L

q
q+1 ,

√
T
})

,

Theorem

Let L ∈ [1,T ], and vt ∈ [0, 1] for t = 1, 2, . . . ,T . If the bidder observes
point estimation, then ∀q ∈ [1,∞)

inf
π

sup
{vt ,mt ,ht ,σt}

Reg(π) = Θ̃
(√

T
)
,

Same as bidding hint itself!
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Improved regret with finite support of mt
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Assumption

The support of competing bid is at most K .
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Improved regret with finite support of mt

Theorem

For q ∈ [1,∞) and varying private prices, suppose that the
minimum-bid-to-win mt only takes K support values.

With hint intervals

inf
π

sup
{vt ,mt ,ht ,σt}

Reg(π) = Θ̃

(
min

{√
T

1
q+1L

q
q+1K ,T

1
q+1L

q
q+1 ,

√
T

})

With point estimation

inf
π

sup
{vt ,mt ,ht ,σt}

Reg(π) = Θ̃

(
min

{√
T ,

√√
LT · K

})

Adaptive to K and L Meta-Algorithm

MWU with hint Hint itself OPT ALG w/o hint
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Experiments on real dataset

0 1 2 3 4

Time Horizon #10 5

0

0.5

1

1.5

2

2.5

3

3.5

C
um

ul
at

iv
e 

R
ew

ar
d

#10 5

Baseline
Binned EW
Learning with Single Hint
Learning with Hint Interval
Bidding Hint

Learning with hint leads to larger cumulative reward.
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