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Introduction
fhr

j

Supply Path

● Downstream SSPs hold first- or second-price auctions (or both) for their demand partners (downstream 
DSPs + exchanges) -> Downstream auction.

● Exchange resells the opportunity for its demand partners (upstream DSPs) -> Upstream auction.
● Exchange submits a bid to compete downstream.

Goal

● Maximize the exchange’s profit by learning the upstream reserve price and downstream bid.

Challenges

● Synchronous/joint learning of reserve and bid; profit is contingent on winning downstream.
● Dual censoring on upstream and downstream markets.
● Presence of both auctions; hybrid.
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Related Work
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● Lisbona, KDD 16  BrightRoll Exchange with second-price upstream auction under revenue 
sharing with the SSP. Focus on reserve prices.

● Jauvion, KDD 18 First-price bidding strategies. Focus on bid optimization.

Our work is the joint optimisation of both supply and demand.

https://dl.acm.org/doi/10.1145/2939672.2939877
https://dl.acm.org/doi/10.1145/3219819.3219917
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Problem Formulation
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● Reserve multiplier α(vj) >=1.0 and bid shading factor β(vj) ∈ [rd(vj)/revenue(vj), 1] are 
decision variables.

● For won bids, the profit profit(vj; αj, βj) = revenue(vj) - cost(vj).

● For lost bids, the profit equals 0.

● Revenue, cost and profit are contingent on winning downstream.

Profit is maximized by jointly learning the two ingredients: αj and βj.

Problem Formulation



7

Proposed Methodology

Dual Censoring

❖ Upstream DSPs’ bids are left-censored.

❖ Downstream winning feedback is right-censored (second-price) and left- plus right-censored 
(first-price).

To deal with dual censoring, exchange performs the two following explorations, independently:

Resulting exploration data is used to find the optimal α and β values that maximize the profit.

αj ∼ U(α∗ · (1 − εα ), α
∗ · (1 + εα ))

           
βj ∼ U(β* · (1− εβ), β

* · (1 + εβ)) 
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Proposed Methodology

    Heuristic: 
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Proposed Methodology

● Following the dominant strategy in second-price, the optimization becomes:
 

● Hybrid inferential learning (DCJL_RET) utilizing Revenue Equivalence Theorem. 

This  reduces the cost of the exploration process.
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Experiments: Settings

● Last 3 weeks of March 2021 at LoopMe exchange.

● 20 first-price (FP placements), 20 second-price (SP placements) and 10 hybrid 
placements.

● 10% Baseline, 10% Exploration and 80% Exploitation traffic. Test group combines 
exploration and exploitation

● Measured profit lift between test (group 1) and baseline (group 0):

        (e_profit_1 / e_profit_0 − 1) * 100



11

Experiments: Settings

● Baseline strategy:

        αbase = 1.25 and βbase = 0.8 in first-price.
        αbase = 1.25 and βbase = 1 in second-price.

● Parameters: 

εα = εβ = 0.5, ε = 0.1 and datac = 20000

● Hybrid setting:

To compare DCJL against DCJL_RET on the same set of FP placements, we alternate every 4 
days between DCJL and DCJL_RET but use only the most recent 48 hours to measure lift. 
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Experiments: Results
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Experiments: Results
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Experiments: Results

● FP placements are harder to optimize in comparison to SP placements. 

★ SP optimization requires just α to be learned; a lower exploration cost.  
★ Joint learning of α and β in FP increases the exploration cost. 
★ Heterogeneous nature of placements may also justify the differences.

● For hybrid placements, inferential learning using RET has played a significant role 
increasing the profit. 

★ In addition to overall improvement using RET (Table 2), exploration_profit_lift, 
100*(e_profit_I/e_profit_NI - 1) is also measured, which equals 36.37%. This is 
measured only using the exploration sets of DCJL_RET and DCJL for hybrid FP.
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Conclusions

● Introduced an efficient framework for jointly learning upstream reserve prices and downstream 
bids for first- and second-price auctions under dual censoring.

● Proposed an elegant strategy based on the RET to deal with hybrid inventory.

● A/B tested methods at LoopMe exchange.

Future work: 
● Could include non-linear functions of the bids and reserve prices.
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