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1 Introduction

Vertical relationships often feature contracts that are designed to align incentives between the

upstream and downstream parties. A rebate contract is one form of a vertical contract. It is

paid to a downstream firm when the downstream firm’s final goods sales exceed a predetermined

threshold.1 Rebates to retailers are used in many industries, such as, computer processors (Intel),

tires (Michelin) and aircraft industry (British Airways). Recent literature argues that rebates give

downstream firms incentives to reduce prices and produce sales above the rebate threshold, which

can solve double marginalization.2 This leads to gains in industry profits and consumer welfare.

However, little empirical work quantifies how effective rebates are in achieving this. In this paper,

I study a rebate-based contract between a dominant online platform and its independent sellers.

The platform I focused on is Tmall, the largest business-to-consumer (B2C) platform in China.

It is a subsidiary of Alibaba, the worlds’ largest retailer by sales volume, and it accounts for 54%

of China’s B2C market with gross sales of $134 billion in 2015.3 In order to list their products

for sale on the platform, sellers are charged a fixed upfront payment along with a royalty rate on

each dollar of revenue. Additionally, sellers have the opportunity to receive a rebate on their fixed

payment if their year-end cumulative revenue exceeds a predetermined threshold.

Most online platforms use a royalty rate rather than a pure fixed fee to extract rents because

the royalty rate better price discriminates sellers.4 However, since platforms do not have a marginal

cost based on revenue, the royalty rate adds one more margin over sellers’ marginal cost, leading

to a double marginalization problem. This paper studies how effective rebates can ameliorate the

problem in this market. Specifically, I examine the effect of rebates on sellers’ dynamic pricing

decisions and, in turn, industry revenue, profits and consumer welfare. To do this, I collected

1There are also rebate contracts with a threshold of intermediate goods purchases (see Mortimer and Conlin
(2014)).

2Taylor (2002), Cachon and Lariviere (2005).
3In 2016, Alibaba overtook Wal-Mart as the world’s largest retailer by sales volume of merchandise. Information

about Tmall’s market share and gross sales volume is from Tmall’s official website.
4For example, Amazon uses a royalty rate plus a fixed fee on each transaction; eBay uses a royalty rate plus a fixed

fee on each listing; Uber and Airbnb both only use a royalty rate. The ideal case for the platforms to extract rents
is to set a fixed fee such that users have zero profits. However, since these platforms do not have perfect information
on their users, a fixed fee leaves lots of information rents for good users. Thus, using a royalty rate is better than
only using a fixed fee as the royalty rate is a price discrimination on users.
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data directly from the Tmall platform by scraping price and quantity information for all computer

tablets listed between January and December of 2015. The data provided me an unique opportunity

to study the effect of rebates in a large real-world marketplace.

In the reduced form analysis, I find evidence that sellers set prices taking into account the

likelihood of reaching the rebate threshold. I regress sellers’ prices on the distance of their revenue

from the rebate threshold, along with other covariates. The results show that a seller’s price

decreases as her revenue approaches the threshold. At the end of the year, this effect becomes

stronger as sellers attempt to reach the threshold before the year-end deadline. Together, the

result means that the rebate contract has effects on sellers’ prices over the whole year.

To examine the extent to which the rebate contract encourages lower prices, I formulate a

structural model of supply and demand for tablets on Tmall. Sellers dynamically set prices while

facing a trade-off between accumulating revenue in anticipation of the rebate and earning profit in

the current period. Sellers face uncertainty about future revenue due to, for example, new product

characteristics, new consumer tastes, adjustments in retail and wholesale costs, and/or imperfect

information about competitors’ revenue and prices. I model the uncertain demand and cost as

serially correlated autoregressive processes. Also, I assume that sellers respond to an aggregated

competition intensity over all competitors, and sellers perceive this competition intensity transit as

an exogenous process. These processes together affect when and to what extent sellers would like

to reduce prices.

I estimate the model in two steps. First, I estimate the demand using standard methods from

the industrial organization literature on differentiated products. With the demand estimates, I

back out the realizations of market competition intensity. I then estimate the parameters of the

serially correlated process in demand and the market competition intensity using the realizations

in the data.

Next, I solve for cost shocks from sellers’ first order conditions given cost parameters, and I

estimate the parameters of the cost function and the cost transitions by matching them with the

price data. Solving the cost shocks requires solving ex-ante value function, which is computationally

challenging for a continuous choice dynamic problem. I propose a method to resolve the challenge.
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Specifically, I make use of the inverse mapping from the cost shock to the optimal price. I derive

the density of the optimal price from the distribution of the cost shock. Then I integrate the value

function over the distribution of optimal prices rather than the distribution of cost shocks. 5

The estimation results show that rebates induce a 1.06–2.33% reduction in prices within 20%

distance to the rebate threshold, with larger price decreases as the year-end contract deadline

approaches. The results also indicate that sellers’ demand and cost are persistent, with a correlation

of 0.95 in demand and a correlation of 0.46 in cost.

To quantify the effect of rebates on total revenue, the platform’s profit and consumer surplus,

I compute a counterfactual in which I eliminate the rebate. Without the rebate, the contract is

the same as pure revenue sharing. Under the revenue sharing, sellers’ pricing becomes static as

they are not induced to be forward-looking. The results indicate that rebates incentivize 84%

of sellers to reduce price. Within the whole year, rebates reduce the average price by 1.7% and

decrease the standard deviation of prices by 6%. This leads to a 2.4% increase in the number of

tablets sold and a 9% increase in total revenue. Additionally, the platform and sellers both gain

from rebates because rebates better align the incentives of these two parties. Also, with rebates,

consumer surplus increases by 9.5% because of lower prices. The result is robust for various levels of

royalty rates. Together, results provide evidence that the rebate effectively gives sellers incentives

to reduce price and promote revenue, leading to welfare gains for the industry and consumers.

My study is related to two strands of literature. The first is the collection of papers that

study multi-sided platforms’ pricing where externalities exist among the platform participants.

Many paper discuss the optimal level of the fixed fee, and one of them, Bedre-Defolie and Calvano

(2013), theoretically study two-part tariffs used by credit card companies.6 The other strand of

literature considers all units discounts/rebate contracts in vertical relationships. There are various

explanations for the rebate contracts efficiency effect. Shafferm (1991) and Kolay et al. (2004)

explain the efficiency from price discrimination, and O’Brien (2013) shows that the rebate contracts

5Nevo, Turner and Williams (2015) use a similar way to calculate the transition probabilities.
6Weyl (2010), Rochet and Tirole (2003, 2006), Armstrong (2006), Bedre-Defolie and Calvano(2013).
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help to solve the double moral hazard problem.7 Taylor (2005) finds that rebates are superior to

revenue sharing in terms of promoting downstream efforts. There are also other papers discussing

the foreclosure effect of rebates.8 The study by Mortimer and Conlin (2014) is the only empirical

paper of all units discounts. They provide evidence for both efficiency and foreclosure, in which

all-units discounts can solve the downstream moral hazard but also exclude upstream competitors’

products.

My paper contributes to the above literature in the following ways. First, the accumulated

revenue threshold in my study directly induces downstream retailers’ dynamic pricing decisions,

which is different from the static setting in most of the previous literature. Second, I study the

contract in an environment with a vast of downstream heterogeneity, meaning that the contract is

not a perfect one. Then the conclusion that rebates are effective in the single retailer environment

that studied before may not apply in this environment.9 Further, these types of platforms (e.g.,

Amazon Marketplace, Uber, Airbnb) are an important and growing part of the economy, but the

academic literature studying their relationship with the downstream participants is small. While

previous studies of multi-sided markets have analyzed platform fee policy, they only discuss the

effect of the fixed fee or two-part tariff on users’ entry decisions.10 In reality, platforms choose var-

ious sophisticated contracts which have not been examined in the existing literature. For example,

eBay charges a royalty rate plus a fixed fee on each listing, and uses a three-part tariff on the fixed

listing fee. Some price comparison sites charge consumers for clicks.11 These fee structures have

different implications for seller incentives and/or the quality of listings other than participation.

To the best of my knowledge, this paper is the first empirical study explaining why a platform uses

7Shafferm (1991) considers downstream firms’ private information on the opportunity cost of shelf space. And
Kolay et al. (2004) considers the private information on demand. Double moral hazard means that when both
upstream and downstream parties have uncontractible actions, leading to the underprovision of the uncontractible
actions in both upstream and downstream.

8Marvel (1982), Spiegel (1994), Segal and Whinston (2000), Chao and Tan (2013), Asker and Bar-Issac (2014) are
literatures discussing the anticompetitive effect. Chao and Tan (2013) provide the motive from capacity constraint,
Segal and Whinston (2000) explain it from scale of economies, and Asker and Bar-Issac (2014) argue the anticompet-
itive effect in a situation when upstream entrants needs downstream accommodation. In contrast, Ide et al. (2015)
cast doubt on the exclusivity effect because all-units discounts induce the exclusivity ex-post once buyers’ purchasing
decisions are made but not ex-ante when contracts are signed.

9Mortimer and Conlin (2014) study the environment with single downstream firm.
10Weyl (2010), Rochet and Tirole (2003, 2006), Armstrong (2006), Bedre-Defolie and Calvano(2013).
11See Levin (2012).
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one structure of contract. With regard to the platforms charging a royalty rate on revenue, my

study also shows that rebates effectively ameliorate the double marginalization problem caused by

the royalty rate.

This paper is structured as follows. Section 2 presents a simple model to illustrate how rebates

induce downstream firms to produce revenue. Section 3 introduces the institutional background

of the market studied and provides a description of the data. Section 4 displays the reduced form

evidence of sellers’ dynamic pricing behavior. Section 5 presents the model, sections 6 describes

the estimation procedure and computational method; section 7 and 8 displays estimation and

counterfactual results; and section 9 concludes.

2 A Simple Model

The literature has argued that rebates can give the downstream retailers incentives to reduce price

and produce sales, which ameliorate double marginalization (Cachon and Lariviere (2005), Taylor

(2002)). However, when there are many heterogeneous retailers, the rebate may not be effective for

every retailer. If the rebate threshold is accumulated over a period, uncertainty during the contract

period can strengthen the effectiveness of rebates. To understand these points, this section describes

a simple model of N downstream retailers’ pricing decisions under a rebate contract. I use examples

to illustrate how the rebate contract induces retailers to reduce prices and produce revenue.

Based on Rey and Tirole(1986), I consider a two-period environment. Suppose there is no

competition, and each retailer faces the demand function as d(pt) = θt − αpt, where t = 1, 2. In

period one, all retailers have the same demand, θ1. In period two, ω portion of retailers have a

high demand θ2 = θH , and 1− ω retailers have a low demand θ2 = θL, where ω ∈ (0, 1).

Consider the rebate contract (γ, r̄, η) where the royalty rate is γ, the rebate payment is η and

the rebate revenue threshold is r̄. Retailers bear all of the cost, take (1− γ) portion of revenue and

receive a rebate η if their revenue over the two periods is higher than r̄.

With no rebates, the contract becomes pure revenue sharing γ. In this case, retailers choose
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each period’s prices to maximize per-period profit. The per-period maximization problem is

max
pt

((1− γ)pt − ct)(θt − αpt) (1)

The optimal price and profit are

pstatt (θt) =
θt
2α

+
ct

2(1− γ)
(2)

πstatt (θt) =
((1− γ)θt − αct)2

4α(1− γ)
(3)

Equation 2 and 3 indicates that price increases with the royalty rate, and retailers’ profit and

revenue decreases with the royalty rate.

Next, consider the case with rebates. In this case, each retailer set prices to maximize the

total profit and rebate payment in these two periods. The pricing decision is dynamic because

revenue in the first period affects whether the retailer want to reach the threshold in period two.

Thus the information about the two periods’ demand can affect price decisions. Now I consider two

information structure. First, retailers only know current period’s demand but not the next period’s,

and the distribution of demand is common knowledge. This means that retailers in period one face

uncertainty in period two’s demand. Second, retailers know both periods’ demand in period one.

Given the information structure, I solve retailers’ price decisions.

Consider the first information structure where retailers face uncertain demand. To determine

the optimal prices, I start with the problem in period two and solve backwards. In period two,

retailers are willing to reach the threshold as long as the rebate η is higher than the profit loss from

setting the price which results in enough revenue to reach the threshold. If it is not the case, then

the second period’s optimal price and profit are the same as defined in 2 and 3. Denote period

t = 1’s revenue is R1, and suppose the retailer at θ2 wants to reach the threshold. The optimal
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“threshold” price and profit are

pth2 (θ2, R1) =
1

2α

(
θ2 +

√
θ2 − 4α(r̄ −R1)

)
(4)

πth2 (θ2, R1) =
(1− γ)(r̄ −R1)

α
− c

2α

(
θ2 −

√
θ2

2 − 4α(r̄ −R1)

)
(5)

Equation 4 means that the optimal price to receive the rebate is to set a price just low enough to

exactly hit the revenue threshold.

Given this, the total payoff in period two is the sum of per-period profit and the rebate: V reach
2 =

πth2 (θ2, R1) + η. When retailers instead set a static price, whether or not they reach the threshold

depends on the realization of θ2.

V not
2 = πstat2 (θ2) + η × 1{Rstat2 (θ2) ≥ r̄ −R1} (6)

Retailers then choose a price depending on the relative value of profits under static pricing

versus the value of profits under “threshold” pricing.

p2(θ2, R1) =

. p
stat
2 (θ2), if V reach

2 < V not
2

pth2 (θ2, R1), otherwise
, (7)

and V2(θ2, R1) = max{V reach
2 , V not

2 }.

At period t = 1, each retailer maximizes the total profits and rebate gains in these two periods

based on her information set in period one. Each retailer’s period one’s problem is

max
p1

((1− γ)p1 − c1)d(θ1, p1)︸ ︷︷ ︸
Period 1’s Profit

+ωV2(θL, R1) + (1− ω)V2(θH , R1)︸ ︷︷ ︸
Exp. Prof in Period 2

(8)

The equation above shows that reaching the threshold depends on the expected rebate gains and

the expected profit losses required to reach the revenue threshold. Also, the distribution of the

second period’s demand affects the trade-off and thus affects the optimal price. It is possible to set

a proper threshold such that retailers are induced to set period one’s price lower than the static

7



price.

Now consider the second information structure. Suppose retailers know both period demand.

Retailers’ period two’s optimal price does not change. But in period one, retailers’ optimal price

decisions changes to

max
p1

((1− γ)p1 − c1)d(θ1, p1)︸ ︷︷ ︸
Period 1’s Profit

+V2(θ2, R1) (9)

where θ2 = θH for ω measure of retailers who have high demand in period two, and θ2 = θL for

1 − ω measure of retailers who have low demand in period two. In this case, a rebate with one

threshold may not give both retailers incentives to set prices lower than the static.

Next I compare the price under the three cases: without rebates, with rebates and retailers

know period two’s demand, and with rebates and retailers do not know period two’s demand. I

use a numerical example to illustrate that how effective are rebates in reducing price depends on

the distribution of retailers and their information about future revenue. In this example, the total

number of retailers is N = 1. The demand and cost parameters in the examples are θ1 = 10, α =

0.5, θL = 6, θH = 7, ω = 0.5 and c1 = c2 = 5, and contract terms are r̄ = 60, η = 1, γ = 0.2. The

optimal price is shown in table 4.

Suppose retailers know period two’s demand. For retailers with θ2 = θL, the optimal price is to

set “threshold” prices and receive the rebate. To see this, compare the value of setting “threshold”

and static prices in the two periods. The sum of the two periods’ revenue at the static prices is

below the threshold, but the sum of profit is higher than that at the “threshold” price. This is to

say, compared to the static price, setting “threshold” prices lead to more rebate gain than profit

loss. Therefore, retailers with θ2 = θL will reduce price lower than the static price to just reach the

threshold. However, for retailers with the high demand state θ2 = θH , the two periods’ revenue at

the static prices is higher than the threshold, meaning that the setting static price is better than

the “threshold” price.

Now consider the case when retailers do not know θ2 but only know its distribution, ω = 0.5.

In this case, retailers perceive ω possibilities to arrive at the low demand state, in which setting

the “threshold” price is more profitable, and 1−ω possibilities to arrive at the high demand state,

8



in which setting the static price is more profitable. Their period one’s price thus depends on the

distribution of period two’s state and the gain and loss at these two states. In this example, when

retailers do not know where they will be in period two, all retailers prefer to set a price lower than

static as table 4 shows.

The example above illustrates that when retailers have perfect information, rebates only affect

ω portion of retailers who are at the marginal state θL but not the 1−ω portion of retailers at the

non-marginal high demand state θH . So when there are heterogeneous retailers, a rebate with one

threshold cannot be effective for everyone. But when retailers have imperfect information, rebates

induce all retailers to reduce price in period one. This is because in this case retailers do not know

where they will be in the future. The uncertainty strengthens the effectiveness of rebates.

In conclusion, how effective are the rebate contract in inducing low price is an empirical question.

It depends on the distribution of retailers and the information during the contract period. 12 In the

rest of the paper, I will empirically investigate the rebate contract between Alibaba’s Tmall and its

independent sellers. I extend the simple model to a 12-month contract period taking into account

more sources of uncertainty in both demand and cost. Sellers’ information structure about future

demand and cost are between the above two extreme cases. I allow sellers face persistent demand

and cost shocks. With more persistence, sellers are closer to the full information case. With less

persistence, sellers are closer to the other case. Additionally, I allow interactions among sellers,

which means that sellers face one more source of uncertainty from competitors. Using the model,

I compute a counterfactual analysis to measure the effect of rebates on price, industry revenue,

profit and consumer surplus.

3 Data Description

The reminder of this paper will investigate a rebate-based contract between the online platform,

Alibaba’s Tmall, and its independent sellers. the goal of this empirical exercise will be to establish

whether and to what extent rebates encourage lower price.

Alibaba is a Chinese Internet company that provides consumer-to-consumer, business-to-consumer

12The result under uncertain demand also applies to uncertain cost.
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and business-to-business sales services. In September 2014, Alibaba went public as the largest IPO

in history with $25 billion, and its expansion still continues. In fiscal year 2016, Alibaba achieved

$455.6 billion gross transaction volume (GMV) with an increase of 39% from the previous year.13

As a comparison, in 2015, Ebay announced $78.1 billion GMV, and Amazon Marketplace reached

over $100 billion in sales.14 Tmall is the open B2C marketplace of the Alibaba group, which does

not sell products by itself. Similar to Amazon Marketplace, it is launched for professional merchants

who are either brand owners or authorized distributors. Sellers include some e-commerce platforms

(e.g., Amazon and Dangdang) and well-known brands (e.g., Costco and Adidas). Many different

products are sold on Tmall, including clothing, shoes, cosmetics, electronics, home appliance, cars

and so on.15

Tmall’s contract is a combination of a royalty rate and an upfront payment, with the opportunity

to earn some or all of the upfront payment back in the form of a rebate. The contract requirements

vary by the types of products a seller offers. In this paper, I will only focus on one product

category, tablets.16 The fixed upfront payment under tablets is $5,000, and the royalty rate is

2%. The contract terms do not differ with the timing of sellers’ entry or the number of listings.

Sellers are returned 50% (100%) of the upfront payment at the end of the year if their accumulative

revenue exceeds $60,000 ($200,000) by the end of the year and their average rating score is higher

than 4.6. The average rating score is the mean of consumers-provided reviews for all of the seller’s

listings. Similar to Amazon Marketplace, the rating score is scaled from 0 to 5. Sellers are able

to sell several products under one primary category, for example, “electronics”, which include

computers, cameras and tablets. Sellers whose products cover several product categories have to

pay the highest fixed fee across these categories. However, the rebate’s revenue threshold is based

on the product category with the highest sales volume.17

13Fiscal year 2016 starts from April 2015 and ends in March 2016.
14Data are from the companies’ financial reports.
15An example of categories and subcategories is listed in table 1 in the Appendix A.1.
16A detailed fee schedule can be found at http://about.tmall.com/tmall/fee_schedule. I list a few categories’

contract terms in the appendix.
17As an example, hats/scarves and women’s clothing are two subcategories with the upfront payment as $10k

(RMB 60k) and $5k (RMB 30k), respectively, and with the revenue threshold for 50% rebates as $30k (RMB 180k)
and $60k (RMB 360k), respectively. If one seller wants to sell both hats and women’s jeans, she has to pay $10k
(RMB 60k) of women’s clothing instead of $5k (RMB 30k) of hats/scarves. If the annual revenue of hats is higher
than the revenue of women’s jeans, she has to sell more than $30k (RMB 180k) hats in order to have $5k refunded.
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The data used in this study include all the listings of tablets on Tmall from January 2015 to

December 2015. To collect the data, I scraped the Tmall website every two weeks from September

2014 to May 2015 and every week from June 2015 until February 2016. Importantly, I observed each

listing’s price and quantity in the last 30 days at the scraped date. I used the per-30-day quantity

data and created an average monthly price from the per-week scraped prices. 18 Each listing

includes product characteristics, such as screen size (inches), hard drive memory (GB), operating

system, Internet access and the number of years the tablet has been on the market. The data also

contains seller characteristics, including average rating score, the number of ratings, the number

of characters and pictures in the product description, a dummy of the variable indicating whether

there was a video description, and the percentage of positive consumer comments.

In total, there are 34,864 tablets listed from 686 sellers over the 12 month sample period.

To construct my sample, I drop the 14,705 observations with zero sales and the 38 observations

with prices lower than $15.8 (RMB100). Additionally, I drop the 46 sellers who only appear on

“singles’ day”, China’s large online shopping festival that occurs on November 11th. As I only have

information about the sales of tablets, I want to restrict my sample to sellers who are likely to react

to the rebate threshold for this category. Therefore, I restrict the sample to “electronics retailers”

and regard all other retailers who sell tablets as the “outside option”.19 However, electronics

retailers may also sell computers, laptop, cameras, MP3s/MP4s and electronics accessories. Because

I do not have any information about which product category has the highest revenue for the retailers,

I assume that all electronic retailers react to the threshold for tablets.

Table 2 shows the product characteristics of the electronics sellers on Tmall. The average

tablet has an 8.57 inch screen, 24.59 GB of memory and has been on the market for 10 months.

Additionally, 24.59% of the tablets have Internet access through a cellular network. The average

price is $234, and the standard deviation is $222. Sales are concentrated in a few brands, such as

Apple, Samsung and some local Chinese brands. The most popular four brands account for over

50% market share, among which, Apple is ranked as 3rd with 13.73% market share, Samsung is

18The average and median number of days between price changes is 23 and 9 days respectively, based on the
information of daily listing price from a price tracking website.

19Some examples of those sellers’ categories in data are cellphones, cars and video games. A total of 3,421 obser-
vations are from those sellers.
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ranked as 9th with 2.94% market share and one local Chinese brand, Huawei, is ranked as 5th with

6.63% market share.

Most sellers on Tmall are multi-products sellers, with the average number of different tablets

listed per month being six and the percentage of sellers selling more than one product being 71%.

However, the revenue threshold is the summation of all the revenue from the sale of tablets, meaning

that multi-product sellers have the same incentive from the rebate contract as single product sellers

do. Thus, for simplification, I aggregate the seller-tablet-month level data into seller-month level

data. To do this, I create a seller-month level product and price by calculating the weighted average

of tablet characteristics, where the weights are based on the proportion of sales that month from

each tablet. I create a seller-month level quantity by adding up the monthly sales across all tablets

for an individual seller. Overall, there are 3,049 seller-month level observations from 470 sellers in

12 months. Table 3 displays statistics of the data after this aggregation. As the table shows, there

are large variations in the tablet and seller characteristics. This means that it is a heterogeneous

product market, where sellers are differentiated in their tablets characteristics and descriptions of

their tablets.

The average seller sells 298 tablets with $59k revenue in one month, but this varies substantially

across sellers. The average seller is above the second rebate revenue threshold, but the median seller

is below the first one. Specifically, 12.55% of sellers are above the first revenue threshold but below

the second, and 19.79% of sellers above the second revenue threshold. This suggests that sellers

are affected by the revenue threshold. However, the average rating score, 4.78, is higher than the

rebate’s requirement of 4.6, and 99.33% of sellers are above this mark in each month. This suggests

that the rebate rating score threshold is not binding.

4 Evidence of Dynamic Pricing

Since the rebate contract has discontinuous rewards at the revenue thresholds, sellers may want

to accumulate revenue by dynamically setting prices considering the revenue left to the threshold.

Specifically, they may decrease price to cross the revenue threshold when their cumulative revenue
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approaches it. In this section, I test for this dynamic pricing behavior.20 To do so, I estimate the

relationship between sellers’ price and their revenue gap to the two thresholds using the following

regression specification.

log(pst) = θ0 + θtDit + xstθx + χs + χt + εst, (10)

where Dit = r̄i − CRst−1 is the revenue left to threshold r̄i, i = 1, 2, and CR =
∑t−1

τ=1Rsτ is the

cumulative revenue from January to month t−1. I run this regression on two different sets of data.

In the first, I keep only the sellers who are below the first threshold, and in the second I keep only

the sellers who are above the first and below the second. In both regressions, I include time-varying

seller/tablet characteristics, xst, a seller level fixed effect, χs, and time dummies, χt.

The vector of seller and tablet characteristics includes screen size, hard drive memory, Internet

access, operating system, product age (in years), 15 brand dummies, the number of products,

rating score, the number of ratings, the number of pictures and characters for product description,

a dummy of video description and the percentage of positive comments generated by previous

consumers, and χs and χt are seller-level and time-level fixed effect, respectively.21

The results of eight different specifications are presented in table 5, with (1)-(4) including only

sellers who are below the first threshold and (5)-(8) only including sellers who are between the

first and the second. When I do not control seasonality, the effects of the threshold are significant

and negative in columns (1) and (5), meaning that prices decrease as the cumulative revenue

approaches either threshold. In columns (2) and (6), I control for seasonality, and the coefficients

become insignificant. This is because the effect of threshold may differ over time. The thresholds

possibly have greater effects on sellers’ price decisions when the rebate deadline closes. In order

to test the heterogeneous effect over time, I look into the coefficient of revenue distance in each

period. Specifically, I include interactions between Dit and month dummies in columns (3) and

(7) and include interactions with quarterly dummies in columns (4) and (8). As every seller starts

20As table 3 shows, a rating score of 4.6 is not an effective criteria for sellers but the two revenue thresholds are.
Therefore, from this section, I only consider the effect of the revenue thresholds of the rebate contract.

21Since I use the weighted averaged product, the brand dummies are the brand-level shares among seller s’s products
at time t, for ∀s, t, which range from 0 to 1.
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with $0 revenue in January, I omit the January dummy in the monthly regressions.

The result shows a significant price reduction from August to November when the first threshold

is approaching and, the same price pattern in October and November when the second is approach-

ing. This demonstrates that sellers have more incentives to lower price at later months when the

deadline closes. The coefficients for interactions with quarterly dummies also verify this effect.

It may be the case that the pricing reductions are not linearly related to the cumulative revenue.

For example, an increase of $100 in revenue surely has a different effect for a seller who is very

far from the threshold compared to one who is very close. Because of this, I run additional price

regressions, but instead of a continuous measure of the distance to the thresholds, I use four groups

indicators, where the groups are defined based on their distance to the threshold. The groups are

given by [0, 0.5r̄1), [0.5r̄1, 0.5r̄2), [0.5r̄2, r̄2) and [r̄2,∞), where the the first group includes sellers who

are far from both thresholds, the second group includes sellers who are around the first threshold,

the third group includes sellers who are above the first threshold and close to the second threshold,

and the fourth group includes sellers who have already passed the second threshold. The regression

specification is as follows:

log(pst) = θ0 + θct1{c ≤ CRst−1 < c̄} × 1{Month t}+ xstθx + χs + χt + εst, (11)

where c and c̄ are lower bound and upper bound of the revenue groups, and xst, χs and χt are

the same covariates defined previously. I use the fourth group in each month as a control group

because they have passed the second threshold and thus are not incentivized by the rebate.

Since group 2 and 3 sellers are closer to thresholds than group 1 sellers, group 2 and 3 sellers

should set lower prices in the same month. Also, the difference should increases over time. The

results presented in table 6 demonstrate that the group indicators are significant and negative for

group 2 and 3 sellers, but not significant for group 1 sellers. The prices of the second and third

groups are at least 4% lower than the first group, and this difference intensifies as the deadline

approaches, specifically, 7% and 10% in October and November, respectively.
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5 Model

In this section, I specify a model of demand and supply on Tmall. The primary goal of the model

is to capture the downstream sellers’ pricing behavior and its relationship to the rebate contract.

In the model, I assume that consumers make a one-time decision to purchase a tablet and that

sellers dynamically set their prices for time periods t = 1, . . . , T . The platform’s contract term is

given by (fc, γ, r̄1, r̄2, η1, η2), where fc is the upfront fixed fee, γ is the royalty rate, r̄1 and r̄2 are

two revenue thresholds for rebates, and η1 and η2 are the rebate rate on the fixed fee for these two

thresholds.

Before go to the model, I provide a summary of the timing of the decision-making process

for buyers and sellers. Specifically, I assume that consumers and sellers behave according to the

following timeline:

• Within each period t = 1, . . . , T ,

1 Nt potential consumers arrive at the platform, where St ∈ S sellers exogenously list their

tablets on the platform.22

2 Seller s ∈ St observes period t’s demand and cost forms a belief on competitors’ be-

haviors. With the information, each seller sets a price considering expectations on the

potential of receiving a rebate at the end of the contract period.

3 Consumers observe all sellers’ tablet characteristics and choose to purchase a tablet from

one of the St sellers or take the outside option.

4 Sellers s’s revenue is realized and she pays γ percent of it to the platform.

• At period T + 1, seller s ∈ S receives the rebate η1 × fc (η2 × fc) if her cumulative revenue

exceeds r̄1 (r̄2).

22Since I aggregate data into seller-time level, St is also the product set at period t.
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5.1 Demand

In period t, consumers observe St sellers and tablet characteristics including the retail price on the

platform. Consumer i’s utility of purchasing a tablet from seller s is

uist = xstαx + αp log(pst) + ξs + ξt + ∆ξst︸ ︷︷ ︸
δst

+εist, (12)

where xst is a vector of seller and tablet characteristics. Because I aggregate the data to the

seller level, each seller sells her weighted average tablet, meaning choosing a seller is equivalent

to choosing a tablet. The seller’s characteristics include the average rating score, the number of

ratings, the number of products, the number of pictures and characters for products’ description, a

dummy variable indicating whether there is a video description, the percentage of positive comments

generated by previous purchasers, and 20 brand dummies. The characteristics of the sellers’ tablets

include the weighted average screen size (inches), hard drive memory (GB), two dummies of Android

and Windows operating system, and a dummy of wireless Internet access. The price is given by

pst, and ξs, ξt and ∆ξst are seller level, time level and seller-time-level demand shocks, respectively.

In the empirical work, ξs and ξt will be captured by seller-level fixed effect and time dummies,

respectively.23 The idiosyncratic demand shock, εist, is assumed by the i.i.d. extreme value and the

mean utility of the outside option is normalized to 0: ui0t = εi0t.

Consumer i chooses the seller which maximizes her utility, meaning the probablity that she

chooses seller s is given by:

Prist = Prob(uist ≥ uis′t, ∀s 6= s′) (13)

Since consumers are homogeneous in their preferences, seller s’s market share at period t is

shst(δst) =
exp(δst)

1 + exp(δst) +
∑

s′ 6=s exp(δs′t)
(14)

23The log assumption of price in utility mimics the Cobb-Douglas utility specification in Berry, Levinsohn and
Pakes (1995). What is different is that they assume consumers evaluate price heterogeneously depending on income.
However, I assume constant income across consumers, and all consumers’ heterogeneity is attributed to idiosyncratic
shocks.
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It is important to point out that I assume that consumers are static, meaning they do not anticipate

future price changes due to the rebate-based contract. To test for this assumption, I calculate the

correlation between the current period’s sales with previous periods’ price. A high correlation

suggests that there exists strategic consumers who wait for future periods’ price markdown. Table

7 shows the regression of each month’s sales on the last three months’ price, where all price lag

terms’ coefficients are below 0.1 and insignificant. Thus, there is no significant evidence for strategic

consumers.

5.2 Sellers’ Information Structure

As the results of the toy model suggest, the expectations on future periods’ demand and cost have

impacts on sellers’ pricing decisions. Therefore, in what follows, I describe how sellers form belief

on future periods’ demand and cost when making their pricing decisions.

In terms of sellers’ demand, there are four variables, {ξs, ξt, xst,∆ξst}, where ξs is a seller-level

demand shock, ξt is a time-invariant seller quality, xst is a vector of seller-time level observables and

∆ξst is a seller-time level unobservable. Each seller knows ξs and {ξt}Tt=1 when she first arrives to

the market. I assume that sellers care about an utility measure of all characteristics, Xst = xstαx,

implying that different sets of characteristics may lead to the same utility level. I use the utility

measure instead of tracking each characteristic because the dynamic problem is simplified with

fewer state variables. I also assume that the seller has only a limited ability to predict future Xst.

That is, she perceives that the mean utility measure follows a AR(1) process:

Xst = θXst−1 + υst (15)

υst ∼ N(0, σ2
υ), (16)

where θ is the serial correlation of the tablet and seller observables. I assume that the tablet

characteristics are correlated but vary over time because consumers’ tastes are consistent over

time, but the product set changes over time. For example, new versions of tablets have smaller

screen sizes and larger memories, but consumers taste for screen size and memory likely do not
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change. The process means that sellers cannot perfectly predict a new product’s demand and

consumer-generated feedback but ensures that the seller is correct on average.

Also, the unobservable ∆ξst is independent.

∆ξst ∼ N(0, σ2
ξ ), (17)

where σ2
ξ is a parameter to be estimated. The demand shock includes seller and tablet unpredictable

factors which are not included in observables, such as randomness affecting the sellers’ service (e.g.,

shipping delays).

Following Berry, Levinsohn and Pakes (1995), I assume that the seller has a constant marginal

cost that is a log linear function of observed cost characteristics and an unobserved component.

I assume that the unobserved component consists of a serially correlated cost process and an

independent cost shock.

cst = exp(wstβ + ζst + ωst), (18)

where wst is a vector of cost shifters, β is a vector of parameters on cost shifters, ζst is a serially

correlated cost component, and ωst is an i.i.d. cost shock. I use the seller-level time-invariant quality

ξs as the cost shifter. High quality sellers provide better consumer service and faster shipping, which

increases their marginal cost for each transaction. A few examples of the correlated cost component

are wholesale prices, advertising and shipping cost.

Similar to the demand side, the serially correlated component follows an AR(1) process with

correlation ρ and variance σ2
ς . Then, the two cost unobserved components evolve as follows,

ζst = ρζst−1 + ςst (19)

ωst ∼ N(0, σ2
ω), (20)

where ςst ∼ N(0, σ2
ς ). When the seller first arrives at the platform, ζsts1 is drawn from an initial

distribution, ζsts1 ∼ N(0, σ2
ζ ), where ts1 denotes the first period that seller s’s tablets appear on

the platform. The serially correlated cost process affects all the future period’s cost, while the

18



independent cost shock only affects the current period’s cost, but does not affect cost in the future

periods. Then the parameters ρ, σ2
ς in the dynamic cost process affects the persistence of price over

time, while, σ2
ω only affects the dispersion of price within one period.

Besides the demand and cost in the future, I also consider the effect of market competition on

sellers’ price decisions. It is important to capture this effect, as marginal sellers’ price reduction

intensifies price competition, which may amplify the effect of the rebate. To model this effect, I

use the inclusive value of choosing a tablet from seller s’s competitors to capture competitors’ state

and actions:

Γst = log

∑
s′ 6=s

exp(δs′t)

 , (21)

where δs′t is the mean utility of seller s′ and her tablet characteristics including price. This as-

sumption means that sellers respond to an aggregation of all competitors instead of responding to

each individual competitor, which is reasonable because each seller is small compared to the entire

market. With this assumption, the heterogeneous oligopoly game becomes a single-agent problem

as in Bawark and Pathak (2015) and Gowrisankaran and Rysman (2012).

Following Barwick and Pathak (2015), I assume that sellers cannot predict this period’s com-

petition intensity, Γst, but only observe last period’s realization. They form a belief of this period’s

state based on its transition. Similar to the above two papers, I assume sellers’ perception about

the competition intensity transition P̃t(Γst+1|Γst) is the actual empirical density fitted to a linear

autoregressive specification:

Γst = λ0Γst−1 + λt1{Period t}+ νst (22)

where νst ∼ N(0, σ2
ν), λ0, λt and σ2

ν are parameters to be estimated. This assumption can be

thought of as sellers having incomplete information on competitors’ shocks. Suppose each seller

knows her own demand/cost, but does not know her competitor’s, then the seller cannot predict

competitors’ revenue levels, price decisions and thus the market competition intensity. The equi-

librium concept under this assumption is the oblivious equilibrium from Weintraub et al (2008a),

where players respond to an industry state which evolves deterministically. Ifrach and Weintraub

19



(2014) also formalize the Markov moment equilibrium of such a model capturing competition by

an aggregated statistic.

The inclusive value affects sellers’ pricing decisions through the realization of their market share

and revenue. When many sellers want to accumulate revenue above the threshold, the decline in

their prices will intensify the market competition and thus make sellers earn lower revenue at the

same price level. This exacerbates the all sellers’ incentive to reduce price.

5.3 State Variables

Given the above, the dynamic price decisions are based on five state variables (CRst−1,Γst−1, ξs, δ̃st, ζst).

The state which captures the incentive from the rebate threshold is the cumulative revenue, CRst−1,

which evolves as revenue is accumulated. The aggregate state Γst−1 captures the market competi-

tion intensity, which evolves as equation 22. The time-invariant seller quality ξs captures sellers’

heterogeneity.

The time varying component of demand, δ̃st, and the time varying component in marginal cost,

ζst, are included to capture sellers’ information on future periods’ demand and cost. The dynamic

component of demand, δst, is the combination of the demand observables and unobservable, namely,

δ̃st = Xst + ∆ξst (23)

Based on the assumption that Xst evoles as an AR(1) process (equation 15) and ∆ξst is independent

(equation 17), the seller-specific demand variable, δ̃st, evolves as an AR(1) process:

δ̃st = Xst + ∆ξst = θXst−1 + υst + ∆ξst = θ (Xst−1 + ξst−1)︸ ︷︷ ︸
δ̃st−1

+ υst + ∆ξst − θξst−1︸ ︷︷ ︸
εst

(24)

where εst is an independent shock that follows a normal distribution with the variance of σ2
δ̃

=

(1 + θ2)σ2
ξ + σ2

υ. Parameters θ and σ2
δ̃

are to be estimated. The dynamic component of cost, ζst, is

the only unobserved state for econometricians, and it evolves as an AR(1) process in equation 19.
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5.4 Seller’s Dynamic Pricing

In what follows, I define each seller’s dynamic pricing problem. Since the problem becomes a

single-agent problem, I omit the seller subscript s below.

The expected per-period profit is

E[πt] = EΓt

[
((1− γ)pt − ct)sht(δ̃t, pt,Γt)

∣∣∣Γt−1

]
, (25)

where γ is the royalty rate and ct is the period t’s marginal cost given by 18. The expectation

is taken on the current period’s market competition, Γt. Taking use of the assumption on its

distribution, as equation 22 shows, the expected value on the per-period profit function has a

closed form:

E[πt(Γt)|Γt−1] = ((1− γ)pt − ct)shetHt, (26)

where

shet =
exp(ξ + δ̃t + αppt)

exp(ξ + δ̃t + αppt) + exp(λ0Γt−1 + λt + σ2
ν/2)

(27)

Ht =
(

1 +
(
eσ̃

2
t − 1

)
(1− sh0 − shet )

2
)

(28)

and λ0, λt, σν are parameters in the competition intensity transition defined in equation (22).24

Based on the state variables st = (Γt−1, ξ, δ̃t, ζt) and the realized value of ωt, each seller max-

imizes the total value of current period’s profit and the expected rebate. The total value at the

final period T is given by

ṼT (CRT−1, sT , ω) =

max
p
E
[
πT (sT , p, ω) + fc× η1I1{CRT−1 +RT (p)}+ fc× η2I2{CRT−1 +RT (p)}

]
, (29)

where the expectation is taken on ΓT , I1 = 1{r̄1 ≤ CRT−1 +RT (p,ΓT ) < r̄2} is the index that the

seller’s cumulative revenue over the whole year exceeds the first threshold but below the second

24A detailed calculation is shown in appendix A.2.
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threshold, and I2 = 1{CRT−1+RT (p,ΓT ) ≥ r̄2} is the index that exceeds the second. The two index

functions depend on period T ’s price, state, and the realization of market competition intensity.

For period t < T , the seller maximizes the total value of profits from the current period until

period T , including the expected rebates, which is given by

Ṽt(CRt−1, st, ωt) = max
pt

E[πt(st, pt, ωt)] + E[Vt+1(CRt +Rt(pt), st+1)], (30)

where the first expectation is taken on market competition intensity, and the second expectation

is taken on state transition including the competition intensity. The ex-ante value function before

the realization of cost shock, ωt, is

Vt(st) = Eωt

{
Ṽt(st, ωt, p

∗(CRt−1, st, ωt))
}
, (31)

where p∗(CRt−1, st, ωt) is the optimal price set at state (CRt−1, st, ωt), and Ṽt is defined in equation

30 and 29.

Given all of these pieces, the equilibrium of this game is defined as a set of market shares

{shst}∀s,t, optimal prices, {pst}∀s,t, and sellers’ beliefs on the aggregated state transition,
{
P̃t(Γst+1|Γst)

}
∀t

,

such that

• Given price and state, sh∗st = sh(~pt, ~st) is defined by equation 12 for all s and t.

• Given consumers’ preferences and the transition belief at period t, each seller s follows the

policy function p∗st = p(CRst−1, sst, ωst) that maximizes the value function in equation 31.

• Sellers’ expectations are rational such that market competition transition belief corresponds

to optimal actions: Pt(Γst+1|Γst;σst) = P̃t(Γst+1|Γst) for all s and t.

5.5 Implications of the Model

For sellers at period t = T , the optimal price pT needs to maximize the final period’s profit and

the expected rebates.

∂EπT
∂pT

+ fcη1 ×
∂EI1

∂pT
+ fcη2 ×

∂EI2

∂pT
= 0, (32)
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where EI1 = Prob(r̄1 ≤ R(pT ) + CRT−1 < r̄2) and EI2 = Prob(R(pT ) + CRT−1 ≥ r̄2) are the

probabilities to reach the first and the second threshold.

For the seller at period t < T , the optimal price pt satisfies the dynamic first order condition:

EΓt

[
(1− γ)

∂Rt
∂pt
− ct

∂sht
∂pt

]
︸ ︷︷ ︸

per-period marginal profit

= Est+1

[(
−∂Vt+1

∂CRt

)(
∂Rt
∂pt

) ∣∣∣∣∣CRt < r̄2

]
︸ ︷︷ ︸

incentive

(33)

The left hand side is the per-period marginal profit where the expectation is taken on Γt, and

the right hand side is the marginal dis-utility of not getting closer to the threshold, where the

expectation is taken on state transition. This equation indicates that sellers’ price has to balance

the trade-off between per-period marginal profit and revenue accumulation for rebates. If a seller

sets a price to maximize per-period profit, she has to face a lower possibility of receiving rebates in

the future.

As the right hand side of the equation above shows, the incentive from rebates is affected by the

state in all of future periods, including sellers’ own demand, cost state and the market competition

intensity. When sellers perceive high demand/low cost/non-intensive market competition leading

to some possibilities of reaching the threshold in the future, they have incentives to reduce the

current period’s price. However, when the possibility is too low or too high, the incentive to reduce

price is weak. The incentive becomes zero when sellers have passed the second threshold, meaning

that they will only maximize per-period profit.

This equation also shows that three effects can affect the incentives to reduce price: the distance

to the threshold, the ability to predict future periods’ revenue, along with the effect of competition.

Sellers are more likely to reduce price and accumulate revenue in order to pass the threshold when

the rebate threshold approaches. However, to what extent sellers would like to reduce price is also

affected by their expectation on future periods’ revenue. With more persistent demand/cost shocks,

sellers are more likely to set prices in order to exactly reach the threshold. With less persistence,

more sellers are induced to reduce price but may be randomly below or above the threshold. The

transition of the competition intensity also affect sellers’ pricing decisions. If sellers perceive an

intensified competition at the end of year, they prefer to reduce price more and earlier. These
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factors together determines when and to what extent sellers are willing to reduce price.

To understand how rebates ameliorate double marginalization, I rewrite equation 33 as

EΓt

[(
sht + pt

∂sht
∂pt

)(
1− γ +

∂E[Vt+1|CRt < r̄2]

∂CRt

)]
= EΓt

[
ct
∂sht
∂pt

]
(34)

As the left hand side of equation 34 shows, the royalty rate decreases sellers’ marginal revenue,

making sellers face 1−γ portion of the total revenue. However, sellers face the total portion of cost,

as the equation’s right hand side indicates. Sellers who maximize their own profits thus tend to set

a higher price than the integrated firm’s choice, which is known as double marginalization. Rebates

can ameliorate this problem, as rebates subsidize sellers’ loss in revenue. As the right hand side of

this equation shows, with rebates, sellers face 1− γ + E[∂Vt+1/∂CRt] portion of total revenue.

6 Estimation

There are three groups of parameters: (1) demand tastes (αx, αp) and demand transition (θ, σ2
δ̃
),

(2) aggregate state transition belief (λ0, λt, σ̃
2
ν), and (3) cost parameters β and cost transition

(ρ, σ2
ς , σ

2
ω, σ

2
ζ ). The first two groups of parameters could be estimated with sales data and realized

states, and the cost side parameters are estimated via solving the dynamic pricing problem. I will

explain the procedure in two steps.

6.1 Demand Preference and State Transition

This subsection explains the estimation of the first two group parameters: demand states, (αx, αp),

demand transition (θ, σ2
δ̃
) and aggregate state transition (λ0, λt, σ

2
ν). Remember that demand is

characterized by a multinomial discrete choice model in equation 12. Invert the market share

defined in equation 14 to obtain the mean utility as

log(shst)− log(sh0) = δst = xstαx + αp log(pst) + ξs + ξt + ∆ξst, (35)
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where xst is a vector of seller s’s observed characteristics, pst is the retail price, ξt is a time dummy,

ξs is the seller-level fixed effect, and ∆ξst is the seller-time level unobservable. I difference out seller-

level fixed effect and estimate taste parameters with the assumption E[∆̃ξstz̃st] = 0 as Berry (1994),

where ∆̃ξst is the after-differenced ∆ξst, and zst is the instrument for the endogenous price.25

I use the average price for the same product listed by small sellers in the last year as an

instrument, where a product is a combination of brand, screen size and memory. This instrument

is an approximation of wholesale prices. I choose small sellers’ prices because they have little

market power, and thus set prices close to wholesale prices.26 Also, I take the average price over

the whole year of 2014, meaning that the instrument does not contain 2014’s seasonal demand shock.

Therefore, 2014’s prices are correlated with 2015’s prices through marginal costs but not correlated

with 2015’s seller-time specific demand shocks. However, there are new products which do not

exist in 2014. As they have no instruments, I drop these observations in the demand estimation.27

I aggregate the instruments into the seller-time level in the same manner as before.28 Then, the

instrument’s variation across sellers and time comes from the variations in sellers’ product sets.

Since I have linear instruments in the model, I use two-stage least square for estimation. That is,

(αx, αp) = (XZ ′(ZZ ′)−1ZX ′)−1XZ ′(ZZ ′)−1Y, (36)

where X = (x̃st, p̃st, ξ̃t), ξt are 11 month dummies, and Y = ˜log(shst)− log(sh0).

Having obtained the preference parameters, I am able to recover the seller-level fixed effect ξs

and the mean utility of characteristics δ̃st and the market competition intensity Γst as equation 23

and equation 22, respectively.29 The next step is to estimate parameters in demand transition and

market competition transition. I use the maximum likelihood estimation. Denote ŝst =
ˆ̃
δst or Γ̂st,

(θ̂, σ̂2
δ̃
) / (λ̂0, λ̂t, σ̂

2
ν) = arg max

∑
s,t

−1

2
log(2π)− 1

2
log(V (ŝst))−

ŝst − E[ŝst]

2V [ŝst]
, (37)

25I difference out the fixed effect as the fixed effect method used in Stata.
26The small sellers are defined as those with yearly quantities below the 30th percentile among all sellers.
27New products account for 0.9% of observations.
28That is to say, zst =

qjst∑
j qjst

zjst, where j denotes a product and zjst is the 2014’s average price for product j.
29The seller-level fixed effect is recovered as ξ̂s = Y s −Xsα̂, where α̂ = (α̂x, α̂p), Y s = 1

#t
Yst and Xs = 1

#t
Xst
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where E[
ˆ̃
δst] = θ

ˆ̃
δst−1, V [

ˆ̃
δst] = σ2

δ̃
, and E[Γ̂st] = λ0Γ̂st−1+λt, V [Γ̂st] = σ2

ν . The normal distribution

is the model assumptions described in section 5.2.

6.2 Cost Parameters

The second step is to identify the parameters in cost shifters and cost transition (β, ρ, σ2
ς , σ

2
ω, σ

2
ζ )

from the seller’s single-agent dynamic pricing problem. First, I solve the ex-ante value function

backwards from period T to period 1. Then, given price data and the derivative of the next

period’s value function, I solve the corresponding independent cost shock through the seller’s first

order conditions for all periods, {ωt}Tt=1. Finally, I use the independent assumption between i.i.d.

cost shock and sellers’ observed characteristics.

The computation of value function will be explained in section 6.4. Now suppose I already have

the value function over all periods. I will explain how to calculate the independent cost shock from

the price data. First, from the dynamic first order condition, marginal cost is a function of price,

state, the derivative of next period’s value function and parameters. I rewrite 33 as

ct =

(
∂E[sht]

∂pt

)−1

EΓt

[
(1− γ)

(
sht + pt

∂sht
∂pt

)
+ E

[
∂Vt+1

∂pt

∣∣∣CRt < r̄2

]]
, (38)

where the first expectation is taken on the aggregated state, and the second expectation is taken

on the rest of the state variables. The derivative of the next period’s value function is calculated

numerically, which I will explain later in section 6.4. From the cost function defined in 18, the

independent cost shock conditional on state could be inverted as

ωt = log(ct(pt, st, Vt+1; θc))− wstβ − ζt, (39)

where ct is defined in 38, wst is a vector of cost shifters, and ζt is the state of this period’s serially

correlated cost process.

I assume that the independent cost shock is uncorrelated with seller’s observed characteristics,

E[ωtxt] = 0, where xt is seller and tablet characteristics. However, the independent cost shock is

conditional on the state of the correlated cost process. To deal with the unobserved state variable,
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I integrate the moment condition over the serially correlated cost process from period t to the first

period when the seller comes to the market. That is, the moment condition used for estimation is

E

[∫
. . .

∫
ωtxtP (ζt|ζt−1) . . . P (ζt1)

]
= 0, (40)

where ωt is defined in 39, ζt1 is the first period when the seller comes to the market.30 The

distribution of correlated shock is defined in section 5.2. I estimate the parameters by a generalized

method of moment as

θ̂c = arg max
θ

(
1

#s#t

∑
s,t

mst(θ
c; pst, sst, V

d
st+1)

)′
W

(
1

#s#t

∑
s,t

mst(θ
c; pst, sst, V

d
st+1)

)
, (41)

where

mst(θ
c; pst, sst, V

d
st+1) =

∫
. . .

∫
ωst(θ

c; pst, sst, V
d
st+1)xstP (ζst) . . . P (ζsts1) (42)

and ω(.) is defined in equation 39, and W is a weighting matrix. I use the two-step GMM, where

the weighting matrix is an identity matrix at the first step and is replaced by the inverse matrix of

the estimated variance at the second step.

6.3 Identificaton

Taste parameters, demand and aggregate state transition are identified from the sales data and

the empirical transitions in the data. Here I explain how cost parameters and cost transition are

identified from the price data. Cost shifters coefficients, β, is identified by the correlation of price

and cost observables. Parameters, ρ, σ2
ς , σ

2
ω, are identified by price distribution within one period

and the evolution of price distribution over time, where ρ, σ2
ς are parameters in the dynamic process

in cost and σ2
ω is the parameter in the independent cost shock. The realization of the dynamic cost

process affects the current period and all future periods’ cost distributions. Then, ρ and σ2
ς are

30In the empirical work, I drop sellers with zero sales in one month. So it is possible that some sellers disappear
in one month and show up in the next month; for example, one seller is on the market in January and March, but
not in February. For those sellers, I assume the correlated shock transit successively even though the seller does not
exist in the data successively. In this example, that is to say the shock transits twice, from January to February and
from February to March.
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identified by the evolution of price distribution over time. Specifically, ρ affects the correlation of

price and the dispersion of price, and σ2
ς only affects the dispersion of price within one period. The

variance of the independent cost shock σ2
ω is also identified by the dispersion of price data within

one period. These two cost variances can be separately identified because of the existence of sellers

above the threshold and those below it. Sellers above the threshold set static price independent of

the future period’s cost, while, sellers who are below the threshold set dynamic price dependent

of cost transitions in future periods. Then, taking expectation on ζst, static-pricing sellers’ price

variation is totally explained by the independent cost shock, but dynamic-pricing sellers’ price

variation can be explained by both the independent cost shock and the serially correlated cost

state. Then, σ2
ω is identified by the variation of static sellers price in one month, ρ is identified

by the correlation of price over time, and σ2
ς is identified by the variation of dynamic sellers’ price

relative to static sellers’ within one month. Finally, σ2
ζ is the variance of the initial distribution

of the serially correlated cost process. It is identified by the distribution of dynamic sellers’ price

variation at the time they first arrive to the marketplace.

6.4 Computation

This subsection explains how I computationally solve the model. I discretize all five state variables.

I discretize the seller quality, ξs, into 15 bins and pick up the mid point of each bin as a grid point.

For each bin of seller quality, I take 15 bins of δ̃st and 5 bins for Γst, respectively. Descriptive

statistics for these three state variables are displayed in table 9. The fourth state variable, the

cumulative revenue state CRst−1, has a wide range, going from 0 to $200k. Since the rebate

incentive intensifies as the revenue thresholds approach, I use 50 grid points with more points

around the two thresholds. To estimate the continuous AR(1) process of cost shock, I follow the

method from Tauchen (1987). Specifically, I use five grid points to approximate the continuous

process.
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With discrete state space, state transitions are approximated by transition matrices. That is,

Ṽt(st, CRt−1, ω) = Eπ(st, ω) + EV (st+1, CRt|st, CRt−1, p
∗
t ) (43)

= Eπ(st, ω) +
∑

st+1,CRt

V (st+1, CRt)Π(st+1, CRt|st, CRt−1, p(ω; st, CRt−1, θ)),

where Π(st+1, CRt|st, CRt−1, p
∗
t ) is the state transition matrix over the discrete state space given

the optimal price p(ω; st, CRt−1, θ). To know the value function at any cumulative revenue level,

V (st+1, CRt), I use piecewise cubic Hermite interpolation. Specifically, for each combination of the

discrete state variables, (Γst, δ̃st, ξs, ζst), I use one-dimensional interpolation over the grid points of

the cumulative revenue, CRt−1.31

Given the above, the moment condition in 41 is approximated as

mst(θ
c)
.
=

∑
ζt∈{ζ(i)}5i=1

. . .
∑

ζτ∈{ζ(i)}5i=1

{ω(θc; pst, sst, Vst+1, ζt)xst}Π(ζτ |ζτ−1; θc) . . .Π(ζts1 ; θc), (44)

where ω(.) is i.i.d. cost shock defined in 39, {ζ(i)}5i=1 are five discrete points of the Markov chain,

and Π(ζτ |ζτ−1; θc) is the transition matrix.

Next, I explain how I solve the ex-ante value function from period t = T until t = 2. Given the

state and parameters, I need to compute

Vt(CRt−1, st; θ) =

∫
ω
Ṽt{CRt−1, st, p(ω;CRt−1, st, θ)}fω(ω; θ)dω, (45)

where Ṽt is a known function on the state (CRt−1, st), cost shock ω, and optimal price p∗t =

p(ω;CRt−1, st, θ) at the state and cost shock given parameters, which is shown in equation 43, and

fω is known as a normal distribution by equation 39. However, computing the optimal action as a

function of state variables and shock is hard because price non-linearly enters the value function. In

my case, solving period T ’s optimal price on 10,000 grids for one shock takes more than one hour.

Solving the optimal decision for period t < T consumes even more time because the interpolation

31The reason to use cubic Hermite interpolation is to preserve the monotonicity of the value function with respect
to the state of cumulative revenue.
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of the next period’s value function takes time. Then, calculating one objective function for a “one-

year problem” will cost at least six hours. Then, one estimation with 100 iterations will cost 25

days.

To improve the speed of estimation and preserve the accuracy, I propose a new method for

value function integration taking advantage of the inverse mapping of optimal price. Although

solving p as a function of (ω,CRt−1, st, θ) is hard, computing the inverse c of the function p as a

function of ω is relatively straightforward, as I demonstrated above in section 6, equation 38. More

clearly, the method is to use first order conditions to derive the distribution of optimal price from

the distribution of cost shock and then change the integration over the distribution of cost shock

to the integration over the distribution of optimal price.

I rewrite (45) as

∫
p
Ṽt{CR, s, c(p;CRt−1, st, θ), p}f∗p (p;CRt−1, st, θ)dp, (46)

where f∗p is the density of optimal prices. It is easy to prove that optimal price is monotone with the

independent cost shock. Therefore, given the correlated cost state, the optimal price is monotone

with the marginal cost. Then I approximate the c.d.f. of the optimal price as

F ∗p (p;CR, s, θ) = Fc(c(p;CR, s, θ)), (47)

where c(p;CR, s, θ) is defined in equation 38. Note that solving the marginal cost from the first

order conditions needs the derivative of value function. To obtain the derivative, I use the first-

order difference.32 I then discretize the action space {pi}npi=1 and approximate the density of the

optimal price over the discrete action space as

f∗p (pi;CR, s, θ) = Fc(c(p
i;CR, s, θ))− Fc(c(pi−1;CR, s, θ)), (48)

32That is, with a price point, I can calculate the next period’s cumulative revenue and then obtain the next period’s
value function from interpolation. The derivative of value function can be calculated numerically with a small change
in the price. Specifically, to calculate the derivative at the price grid points, I take the difference between two
successive grid points. To calculate the derivative at the price data, I use a small change of $1.3 (RMB10) in price.
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where pi are price grid points, pi > pi−1 for i = 2, . . . , np. Then the ex-ante value function is

approximated as

Vt(CR, s; θ) =
∑
pi

Ṽt{CR, s, c(pi;CR, s, θ), pi}f∗p (pi;CR, s, θ) (49)

In summary, I solve the ex-ante value function, {Vt(CR, s; θ)}Tt=2, as follows. Start from the final

period t = T . I solve the marginal cost from this static problem. With the marginal cost, I calculate

the distribution of optimal price (as equation 48) and the ex-ante value function (as equation 49).

Next, move to one period before. At period t = T − 1, I numerically calculate the derivative of

the next period’s value function through interpoaltion and finite-difference. With the derivative,

I calculate the marginal cost (as equation 38), the distribution of optimal price (as equation 48),

and then ex-ante value function (as equation 49). Continue this procedure until period t = 2.

7 Results

The estimates of the preference parameters are in table 8 and statistics summarizing the distribution

of price elasticity are in table 9. The distribution of price elasticity displays little variation with a

mean of -11.85 and a standard deviation of 0.12. The estimated seller quality ranges between -6.16

and 9.63, the mean utility of sellers’ characteristics ranges from 68 to 85, and the aggregated state

has a mean of 1.35 and a standard deviation of 0.28. The parameters of the cost function and the

cost evolution process are displayed in table 10, where the correlation ρ is 0.46, the variance σ2
ς

is 1.04, and the variance of initial distribution is 5.17. This suggests that the distribution of cost

shock becomes more condensed over time.

To better understand how these results translate to pricing behavior, I provide an example of an

ex-ante policy function with respect to different levels of cumulative revenue. To isolate the effect

of the rebate, I assume all the other states are δ̃st = 73.3084, ξs = −5.1414, ζst = 0.33 As figure

1 shows, the model predicts a V-shape in prices as the seller approaches each threshold, which

33In the example, the competition intensity varies over time 1.3945, 1.1779, 0.9915 and 0.7061 from September to
December.
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indicates a greater incentive to lower the price to receive the rebate. Also, this shape becomes

deeper as the December deadline approaches, implying that the incentive to lower prices becomes

even greater as the deadline approaches.

To give insights for the trade-off between profits and revenue accumulation, I display an example

of ex-ante per-period profit loss in figure 2. I keep all the other states the same as before. As the

figure shows, the willingness to pay for the rebate increases as the rebate threshold approaches,

around $200 close to the second threshold. This indicates a larger incentive to accumulate revenue

when the threshold is closer. However, the trend is not significant in the early months. For

example, in September, profit loss has a small variation at different revenue level. Also, note

that the willingness to pay in November is larger than that in other months because of the online

shopping festival on November 11, which leads to more listings with high mean utility and high

seller-level fixed effects.

To better understand sellers’ willingness to pay for the rebate, I calculate the ex-ante per-period

profit loss and the expected future gains relative to a static environment as follows:

∆Eπt =
1

#CRt−1, st

st∑
CRt−1

(
Eπt(st)− Eπstatt (st)

)
(50)

where Eπt(st) is the ex-ante per-period profits at state st with the rebates, and Eπstatt is the

expected static profits at state st without the rebate. The gains from future periods are calculated

in the same way:

∆EVt+1 =
1

#CRt−1, st

st∑
CRt−1

(
EVt+1(CRt, st+1)−

T∑
τ=t+1

Eπstatτ (st+1)

)
, (51)

where the expectation on value function is taken on state transition, and
∑T

τ=t+1Eπ
stat
τ (st) repre-

sents the expected static profits in future periods. 34

The results in table 11 display the trade-off for two groups of cumulative revenue intervals.

The first group includes the sellers whose cumulative revenue level between 80% and 100% of each

34I calculate the Eπt(CRt−1, st) and EVt+1(CRt−1, st) in the same way of calculating ex-ante value function in
section 6.4, for example, Eπt(st) = 1

#pi

∑
pi Eπt(p

i, CRt−1, st)f
∗
p (pi, CRt−1, st)
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threshold, and the second group includes that between 50% and 80% level of each threshold. The

table shows that the willingness to pay for the rebate enlarges from $34 to $402 in August to

November but shrinks to $73 in December. This is because sellers are better to predict the possi-

bility of reaching the threshold in December, thus, those who are still far from the threshold tend

to give up accumulating revenue. The expected gains from rebates decrease over time from $4,293

to $3,328 because the possibility of reaching the threshold decreases as less time left. Compared to

the first group, sellers in the second group are willing to pay more for the rebate from August to

November ($45 to $439), but pay less in December ($36). This indicates that sellers look forward

to receive the rebate when setting their current period’s price. In early months, sellers who are

far from the threshold have more incentive to accumulate revenue than those who are close to the

threshold, but vice versa in later months when the deadline closes.

8 Counterfactual

In this section, I use the estimated parameters and conduct a counterfactual analysis to quantify how

effective the rebate contract induce sellers to reduce price and produce revenue for the platform, and

to what extent the contract improves industry profits and consumer welfare. I do this by eliminating

rebates. The contract thus becomes the same as pure royalty rate contract at the observed level,

(γ). Under the pure royalty rate contract, sellers’ prices become static as they do not have to look

forward rebates gains. I then solve sellers’ optimal prices under the pure royalty rate contract,

and compare total revenue, profit and consumer surplus with the observed values. Note that I

compute these counterfactual outcomes under the royalty rate employed on by Tmall, which is not

necessarily the optimal rate without the rebate. Therefore, I compute the counterfactual outcomes

under alternative royalty rates for robustness. Before discussing the results, I explain how to solve

sellers’ optimal price decisions under the adjusted environment.
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8.1 Methodology

In the counterfactual, I assume sellers observe the revenue sharing contract, γ. With the contract,

sellers want to maximize the expected profit over the whole year, i.e.

max
pt

EΓ

[∑
t

((1− γ)pt − ct)shet (pt,Γt)

]
, (52)

where shet is defined in equation 27, and the expectation is taken on the market competition intensity

with the first period’s information. The equation above shows that sellers price decisions are affected

by the expected competition intensity. In equilibrium, sellers’ expectation on competition intensity

should correspond to their optimal price decisions. Thus, to solve sellers’ optimal price, I need to

obtain the new transition process of Γst. This state variable is endogenous. It is determined by all

competitors’ price decisions. In the estimation, I obtain its transition from the data. However, in

the counterfactual, I need to solve a new transition that is consistent with the new pay-off function

in the adjusted environment.

The methodology that I use to solve for the equilibrium is nested fixed point algorithm. Specifi-

cally, I simulate a number of values for the unobserved correlated cost. Given these costs, I solve for

sellers’ optimal prices and corresponding transition parameters under a guess of the transition pa-

rameters. I then iterate over this process until the transition parameters converge. The procedure

is as follows:

1 Guess parameters θ = (γ0, γt, σ̃
2
t ) for all periods t = 1, . . . , T

2 Solve optimal dynamic pricing problem for each seller, calculate the aggregated state, Γt =∑
s exp(δst(pst(θ))) for all periods t = 1, . . . , T

3 Calculate the new parameters in aggregate state transition belief:

θ′ = arg max
θ

∑
s,t

log

(
1

σ̃t
φ

(
Γt − (γ1Γt−1 + γt)

σ̃t

))
(53)

4 Check convergence:
|
∑
k θ
′
k−θk|

1e−4+|
∑
k θ
′
k+θk|/2

< τ , if not, update parameters and go back to step 1.
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8.2 The Effect of Rebates

With the procedure proposed above, I am able to quantify the effect of rebates on sellers’ pricing,

revenue, profit and consumer welfare. Note that this exercise is not intended to understand the

optimal contract, as I am ignoring important aspects, such as seller entry. Instead, I aim to quantify

the effect of the observed rebate contract on surplus and profit.

8.2.1 The Effect on Sellers’ Pricing

First, I examine the rebate incentive on sellers’ pricing decisions. Figure 3 shows the average price

path with and without rebates. In the figure, the average price is ascending over time because the

mean utility of tablet increases at later months when new tablets are released on the market.35

The figure shows that there is little difference in the average price with and without rebates at

the beginning of the year. However, this difference becomes apparent in later months, as marginal

sellers try to reach the revenue thresholds by lowering their price. Competition may also lead

non-marginal firms to lower their price as well, further exacerbating this effect. In December, the

difference shrinks because nearly all sellers know whether they are able to pass the threshold. Then,

sellers who know they will not pass the threshold stop reducing price in December.

Also, to understand the effectiveness of the rebate contract over many sellers, I calculate the

distribution of average percentage change in price over sellers’ yearly revenue level as follows:

∆pc =
1

#s, t

∑
s,t

(pst − pstatst )

pstatst

× 1{c ≤ CRsT < c̄}, (54)

where pst is the price with rebates, pstatst is the price without rebates, CRsT =
∑T

t=1Rst is seller s’s

yearly revenue, and c and c̄ are the lower and upper bound of the histogram revenue bins. To see

the rebate outcome, I use the two rebate thresholds as two revenue bins’ edges.

The first subfigure 4a displays the histogram and the distribution of average percentage change

in price. The x-axis is the yearly revenue, the positive part of y-axis is the histogram of sellers’

yearly revenue and the negative part of y-axis is the average percentage reduction in price over the

35The mean utility of the first four months is around 76, and the mean utility becomes 78-79 in the last four
months.
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interval of yearly revenue. As the figure shows, rebates affect 84% of sellers to reduce price by more

than 0.1%. The 3% of sellers with the lowest revenue and the 13% of sellers with the highest revenue

hardly respond to the rebate, and the left 84% of sellers whose yearly revenue ranges from 1% of the

first threshold to 200% of the second threshold all respond to the rebate contract. Rebates affect a

wide range of sellers due to three effects: the incentive to reach the threshold when sellers are close

to the threshold, uncertainty to predict future revenue, and the effect of monopolistic competition.

Although many sellers respond to the rebate contract, only 13.5% of them successfully pass the

threshold. The left 86.5% of those sellers reduce price but do not pass the threshold because they

cannot perfectly predict their future revenue and profits. With the uncertainty in demand, cost and

competition intensity, sellers perceive some possibilities of passing the threshold and thus reduce

price. But, many sellers unfortunately receive low demand or high cost, allocating them below the

threshold. There are also sellers who are above the threshold but also reduce price. Their price

reduction can happen before they pass the threshold, which is caused by uncertainty, and also can

happen after they pass the threshold, which is caused by the effect of competition.

To see the rebate incentives clearly, I show the distribution of price reduction at different

cumulative revenue level in different months. This helps to understand how sellers react to the

rebate when they are at different distance to the threshold. I calculate the average percentage

change in price across sellers in a similar way:

∆pct =
1

#s

∑
s

(pst − pstatst )

pstatst

× 1{c ≤ CRst−1 < c̄} (55)

where CRst−1 is the cumulative revenue at the beginning of period t, i.e. from January to the

period t− 1. To see the incentive change just below and above the threshold, I use the two rebate

thresholds as two revenue bins’ edges. The result is in subfigure 4b and 4c.

The subfigure 4b shows the distribution of sellers’ price reduction in September, October and

November. It shows an intensified price reduction just below both thresholds. This indicates that

sellers have more incentives to reduce price and pass the threshold when they are getting closer

to the threshold. Also, sellers who are far from the threshold are affected because of the effect

of competition and the uncertainty. Sellers who have passed the threshold are only affected by
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competition. As the figure shows, they hardly decrease their prices, meaning that the competition

effect is less than the uncertainty. Most sellers are affected by rebates because the inability to

predict future revenue and profits. Subfigure 4c shows the distribution of sellers’ price reduction

in December. In the final period, only sellers who are close to the threshold have incentives to

accumulate revenue. Sellers who are far from the threshold perceive little possibilities of reaching

the threshold and thus stop reducing price.

8.2.2 The Effect on Revenue, Profit and Consumer Welfare

Now I quantify the effect of the rebate-based contract on total revenue, profit and consumer welfare

by comparing the market outcomes with versus without rebates. As the results in table 12 show,

rebates reduce the average price by $4 (1.7%), and decrease the standard deviation of price by

6%. This leads to a 2.4% increase in total quantity and a 9% increase in total revenue sold on

the marketplace. This indicates that rebates effectively reduce price and smooth price, generating

consistent revenue and quantities sales over the contract year.

The platform, sellers and consumers all benefit from rebates. The platform’s profit increases by

$1.98 million (56%), which consist of a $0.32 million increase in revenue sharing, a $0.57 million

loss in rebate payment and a $2.23 million gain in the fixed fee. The platform loss more rebates

payment than the increased rents from revenue due to the existence of the large sellers. These large

sellers are able to pass the rebate threshold without reducing price, which costs the platform’s

rebates but not increases revenue. However, since the rebate increases the average seller’s profit,

the platform is able to charge a fixed fee. The gain from the fixed fee offsets the platform’s loss

in rebate payment. Thus, the platform still gains with rebates relative to without. Additionally,

consumer surplus increases by 9.5%, and an average seller gain $638 profit with rebates relative to

without.

However, the result above does not consider the optimal royalty rate that the platform may

choose in the environment with pure revenue sharing. Thus, I consider various royalty rates from

1.5% to 2.5% for the robustness check. The result still shows that rebates effectively reduce price

and produce revenue, generating higher surplus for the platform, the average seller and consumers.
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9 Conclusion

In this paper, I examine how effective are rebates in giving downstream firms’ incentives to reduce

price. To do this, I focus on a rebate contract between a dominant real-world online marketplace

and many heterogeneous downstream independent sellers. I specify and estimate a model of the

downstream sellers’ dynamic pricing decisions.

Using the estimates, I quantify the profits and welfare gains of the rebate contract by comparing

observed outcomes to outcomes under a contract without rebate. The results show that rebates

incentivize 84% of sellers to reduce their prices. Within the whole year, rebates lead to a $4

(1.7%) reduction in the average price and a 6% decrease in the standard deviation of prices. Total

quantity sales increases by 2.4%, and total revenue sales increases by 9%. Additionally, consumers,

the platform and sellers are all benefit from rebates. Specifically, the consumer surplus increases

by 9.5%, the average seller’s profit increases by $638 (1.9%), and the platform gains $1.98 million

(56%) surplus.

There are a few extensions of this exercise. This exercise only considers sellers’ pricing decisions

but not their entry decisions. The mechanism design of an optimal contract needs both individual

rationality and incentive comparability. One extension can be to incorporate sellers’ entry decisions.

Also, as rebates shift risk to downstream sellers, the effect of rebates will be different if sellers

are risk averse. The other extension can be taking sellers’ risk aversion into account. Last, I

assume sellers have the same ability to predict future demand, cost and competition intensity. It is

possible that some experienced sellers have more accurate knowledge than others. It is interesting

to estimates sellers’ heterogeneous ability to predict their future revenue, and to understand how

the heterogeneity affects their success.
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A Appendixes

A.1 Tables and Graphs

Table 1: Examples of Categories and Fee policies

Primary Category Royalty Fixed Rebate Revenue Threshold

/Secondary Category Rate Fee 50% 100%

Electronics

Computer 2% 30,000 360,000 1,200,000

Camera 2% 30,000 360,000 1,200,000

MP3/MP4/iPod/Voice Recorder 2% 30,000 360,000 1,200,000

Cellphone 2% 30,000 360,000 1,200,000

PC/Screen/PC Accessories 2% 30,000 360,000 1,200,000

Laptop 2% 30,000 360,000 1,200,000

Electronics Accessories 2% 30,000 360,000 1,200,000

USB/Disk/Flash Card 2% 30,000 360,000 1,200,000

Tablet 2% 30,000 360,000 1,200,000

Office 2% 30,000 360,000 1,200,000

E-Dictionary/E-book 2% 30,000 360,000 1,200,000

Clothings

Accessories/Belts/Hats/Scarves 5% 30,000 180,000 600,000

Women’s Clothing 5% 60,000 360,000 1,200,000

Men’s Clothing 5% 60,000 360,000 1,200,000

1 Fees are measured in Chinese RMB, with the exchange rate of 6.33 to US dollars. Informa-

tion is from Alibaba’s official website, https://rule.tmall.com/tdetail-3263.htm?spm=0.0.0.

0.Tal1Oj&tag=self.
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Table 2: Product Characteristics

Mean Median Standard Compare w.

Deviation Ipad Mini 2

Listing price($) 234.22 164.20 222.07 269

Screen size(Inch) 8.56 8.22 1.50 7.9

Memory(GB) 24.59 15.64 32.72 16

Product Age(Years) 0.88 1.00 0.60 1.66

Cellular Internet Access 0.24 0.01 0.35 0

Market Share(%) Average Price($)

Top Brands(Rank)

Tecalst(Top 1) 16.22 138.43

Onda(Top 2) 16.13 112.31

Apple(Top 3) 13.73 573.03

Cube(Top 4) 11.86 127.67

Huawei(Top 5) 6.63 246.40

Samsung(Top 9) 2.94 340.15

Operating System

Android 48.53 173.74

IOS 13.73 573.03

Windows 47.66 307.28

Observations 20,075

1 Multi-product sellers’ products characteristics are weighted averaged into sin-

gle product. Listed price is converted to US dollars with the exchange rate

equal to 6.33, brands are ranked by total sales(in units).
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Table 3: Sellers Characteristics

Mean Median Standard Deviation

Sales 298.19 25.00 972.39

Revenue($1000) 59.19 4.27 304.46

Listing price($) 234.22 164.20 222.07

Seller Characteristics

No of Products 6.07 3.00 7.17

Rating Score 4.79 4.80 0.11

% ≥ 4.6 0.99 1.00 0.08

Perc. of Positive Reviews 0.58 0.88 0.45

Tablet Characteristics

Screen size(Inches) 8.57 8.22 1.50

Memory(GB) 24.59 15.65 32.72

Product Age(Years) 0.88 1.00 0.60

Cellular Internet Access 0.25 0.01 0.35

No. of Pictures 79.03 77.67 38.11

No. of Characters/1000 0.67 0.26 0.95

Video Description 0.16 0.00 0.31

Observations 3,049

1 One observation is a seller in one month, listed price is converted to US

dollars with the exchange rate equal to 6.33.
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Table 4: Examples of the effect of rebate contracts

No Rebates (γ) Rebates (γ, r̄, η)
Know θ2 Know ω = 0.5

Price (p1, p2)

Marginal State (0, 0) (-, 0) (-, 0)
Non-Marginal State (0, 0) (0, 0) (-, 0)

Cumulative Revenue vs. Threshold

Marginal State < = =
Non-Marginal State > > >

1 Contract terms are r̄ = 60, η = 1, γ = 0.2. Demand and cost parameters are
θ1 = 10, c1 = c2 = 5, and θ2 = (6, 7) happens with probabilities (0.5, 0.5). Price
under the world without rebates is normalized to 0.
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Table 5: Relationship between Price and Revenue Thresholds

to the 1st threshold to the 2nd threshold

(1) (2) (3) (4) (5) (6) (7) (8)

Cumulative Revenue ($Mil)

-1.039*** -0.279 -0.771*** 0.0555
(0.329) (0.464) (0.218) (0.550)

Cross Term: Cumulative Revenue ($Mil) ×

Feb. 1.129 0.319 -0.915 -0.344*
(0.715) (0.490) (1.151) (0.177)

Mar 0.585 0.161
(0.881) (0.445)

Apr 1.184** 0.726 -0.330 -0.184
(0.497) (0.620) (0.710) (0.447)

May 1.554** -0.328
(0.553) (0.642)

Jun -0.0462 0.578
(0.668) (0.565)

Jul 0.432 -0.687 0.361 0.600
(0.373) (0.615) (0.616) (0.469)

Aug -0.750** 1.253*
(0.310) (0.635)

Sep -1.593*** 1.358*
(0.509) (0.677)

Oct -3.588*** -2.240** -0.579 -1.425**
(0.549) (0.773) (0.739) (0.634)

Nov -2.180*** -1.761**
(0.580) (0.751)

Dec 0.772 -0.974
(0.671) (0.604)

Constant 3.117*** 3.160*** 3.165*** 3.036*** 4.139*** 3.588*** 3.981*** 3.760***
(0.446) (0.468) (0.470) (0.431) (0.578) (0.720) (0.970) (0.851)

Time Dummies Yes Yes Yes Yes Yes Yes

Observations 1994 1994 1994 1994 426 426 426 426
R-squared 0.953 0.953 0.953 0.953 0.986 0.986 0.987 0.987

1 Note: All regressions use log of price in US dollars. Standard errors in parentheses are clustered in month, ∗

p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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Table 6: Relationship between price and revenue groups

Cumulative Revenue Group
1 2 3 Month

Month [0, 0.5r̄1) [0.5r̄1, 0.5r̄2] [0.5r̄2, r̄2) Dummy

Feb. -0.0795∗∗∗ -0.0584∗∗∗ -0.0418∗∗∗ 0.0723∗∗∗

(0.0286) (0.0104) (0.0096) (0.0208)
Mar. -0.0376∗ -0.0418∗∗ -0.0251∗∗ 0.0258∗

(0.0288) (0.0192) (0.0121) (0.0197)
Apr. -0.0296 0.0194 -0.0358∗∗∗ -0.0224

(0.0250) (0.0189) (0.0147) (0.0193)
May. 0.0009 0.0433∗∗ -0.0178∗ -0.0486∗∗∗

(0.0283) (0.0201) (0.0134) (0.0198)
Jun. 0.0208 0.0248 0.0232∗∗ -0.0769∗∗∗

(0.0273) (0.0212) (0.0135) (0.0170)
Jul. 0.0119 0.0360∗∗ 0.0265∗ -0.0920∗∗∗

(0.0202) (0.0201) (0.0163) (0.0163)
Aug. -0.0131 -0.0313∗∗ 0.0156 -0.0589∗∗∗

(0.0197) (0.0185) (0.0163) (0.0159)
Sep. 0.0005 -0.0414∗∗∗ -0.0138 -0.0549∗∗∗

(0.0242) (0.0175) (0.0184) (0.0165)
Oct. 0.0027 -0.0755∗∗∗ -0.0667∗∗∗ -0.0426∗∗∗

(0.0164) (0.0191) (0.0159) (0.0141)
Nov. 0.0267∗ 0.0093 -0.1060∗∗∗ -0.0384∗∗∗

(0.0208) (0.0173) (0.0131) (0.0147)
Dec. -0.0077 -0.0032 -0.0188 -0.0978∗∗∗

(0.0231) (0.0214) (0.0209) (0.0129)

1 Note: Standard errors in parentheses are clustered in month, ∗ p <
0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 7: Evidence of Static Consumers

Log of Sales
(1) (2) (3)

Log of Price -0.594∗∗∗ -0.598∗∗∗ -0.594∗∗∗

(0.0873) (0.0876) (0.0880)
Lag Terms of Log of Price

1st Period Lag 0.103 0.0698 0.0697
(0.0873) (0.108) (0.108)

2nd Period Lag 0.0450 0.0733
(0.0877) (0.108)

3rd Period Lag -0.0402
(0.0881)

Constant 6.779∗∗∗ 6.732∗∗∗ 6.785∗∗∗

(0.385) (0.401) (0.413)

Observations 3033 3032 3031
R2 0.031 0.031 0.032

Standard errors in parentheses, ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 8: Demand Estimators

OLS 2SLS
1st Stage 2nd Stage

log of Price -0.366*** 1.26e-5* -11.89**
(0.0993) (5.86e-6) (5.898)

Product Characteristics
Screen Size(Inches) -0.0176 0.228*** 2.717**

(0.0344) (0.006) (1.374)
Memory(GB) 0.0077*** 0.0021*** 0.0299**

(0.0017) (0.0003) (0.013)
Android -0.637*** -0.0405 -0.598

(0.161) (0.0329) (0.485)
Windows -0.201 0.171*** 2.047*

(0.171) (0.0346) (1.095)
Internet Access 0.115 0.181*** 2.181**

(0.090) (0.0166) (1.107)
Product Age(Years) -0.503*** -0.0354** -0.894***

(0.0575) (0.0118) (0.222)
Seller Characteristics

No. of Tablets 0.166*** 0.0031* 0.196***
(0.0069) (0.0012) (0.023)

Rating Score 0.506 -0.0331 -0.0149
(0.305) (0.0570) (0.756)

No. of Ratings 0.0272*** -0.0009 0.012
(0.0077) (0.0016) (0.021)

No. of Pictures 0.000639 6.86e-6 0.0005
(0.0008) (0.0002) (0.002)

Vedio Description 0.372** 0.149*** 2.120**
(0.121) (0.0229) (0.932)

No. of Characters 0.0903* 0.0053 0.156*
(0.0371) (0.0068) (0.091)

%Pos. Comments 1.509*** -0.0242 1.145***
(0.0858) (0.0169) (0.265)

Table Continues on the Next Page
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Continue of Table 8

OLS 2SLS
1st Stage 2nd Stage

Month Dummies
Feb. -0.198** 0.0064 -0.129

(0.0761) (0.0138) (0.179)
Mar. -0.216** -0.0037 -0.261

(0.0758) (0.0138) (0.176)
Apr. -0.331*** -0.0282* -0.654***

(0.0779) (0.0142) (0.242)
May. -0.596*** -0.0379* -0.990***

(0.0805) (0.0149) (0.290)
Jun. -0.264** -0.0528*** -0.870**

(0.0822) (0.0150) (0.363)
Jul. -0.294*** -0.0679*** -1.103**

(0.0852) (0.0158) (0.450)
Aug. -0.536*** -0.0613*** -1.264***

(0.0852) (0.0159) (0.416)
Sep. -0.836*** -0.0558*** -1.544***

(0.0864) (0.0162) (0.397)
Oct. -1.150*** -0.0618*** -1.960***

(0.0872) (0.0166) (0.433)
Nov. -1.410*** -0.0628*** -2.247***

(0.0869) (0.0166) (0.432)
Dec. 0.565*** -0.0891*** -0.795

(0.0982) (0.0182) (0.585)
Constant -7.795*** 5.074*** 43.488**

(1.603) (17.66) (1.85)

Number of Seller FE 470 354 354
Observations 3,034 2,688 2,688

Table 9: Statistics of Estimated Price Elasticities and State Variables

Mean SD p10 p50 p90

Price Elasticity -11.8565 0.1213 -11.8935 -11.8906 -11.8139
State Variables

δ̃st 77.4237 9.2323 68.2060 77.2483 85.4767
xstαx 77.4159 9.3159 68.7670 77.0479 85.3688
∆ξst 0.0078 3.0306 -1.9864 -0.0000 2.0500

ξs 0.0531 8.6896 -6.1592 -0.8566 9.6374
Γst 1.3504 0.2896 0.9942 1.3896 1.5726
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Table 10: Transition Parameters and Cost Parameters

Transition Parameters Cost Parameters

Demand Aggregate State Cost Shifters Cost Transitions
Transition Transition

Constant 3.8031 λt 1.3032 β0 6.8653 σ2
ω 1.4532

(0.3297) (0.0034)
θ 0.9526 λ0 0.0450 β1 0.1599 ρ 0.4661

(0.0042) (0.0026)
log(σ2

δ ) 2.1298 log(σ2
ν) -8.6598 σ2

ς 1.0445
(0.0146) (0.0122) σ2

ζ 5.1729

1 The constant term of aggregate state transition is the mean of the coefficients of 12 time
dummies.

Table 11: Willingness-to-pay for Rebates (US $)

Aug. Sep. Oct. Nov. Dec.

Group 1: CRt−1 ∈ [0.8r̄i, r̄i] for i = 1, 2

∆Ept -1.81 -2.57 -4.82 -6.08 -5.93
%Ept -0.74% -1.06% -1.96% -2.47% -2.33%
∆Eπt -34 -90 -171 -402 -73
∆EVt+1 4,293 4,177 3,972 3,906 3,328

Exp. Rebates 4,233 4,163 4,003 3,824 3,328
Future Profits 60 13 -30 81 0

Group 2: CRt−1 ∈ [0.5r̄i, 0.8r̄i] for i = 1, 2

∆Ept -0.78 -1.35 -2.36 -2.95 -0.61
%Ept -0.32% -0.56% -0.96% -1.20% -0.24%
∆Eπt -45 -103 -196 -439 -36
∆EVt+1 4,053 3,876 3,554 3,410 2,566

Exp. Rebates 3,896 3,788 3,531 3,271 2,566
Future Profits 157 87 23 139 0

1 This table shows the expected price reduction, profit loss and the expected
value gains in future periods. The expected value gains in future periods
is the sum of the expected per-period profit gains in future periods and the
expected rebate gains. The expectation is taken on the current period’s
cost shocks.
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Table 12: Counterfactual: Rebate Contracts’ Efficiency and Profitability

Revenue Sharing(γ) Rebates(γ, fc, r̄i)
Royalty Rate(γ) 1.5% 2% 2.5% 2%

Sellers’ Price
Average Price($) 236.64 237.71 239.02 233.16
S.D. of Price($) 236.75 237.19 238.83 222.66
Average Mark-up($) 23.25 23.12 23.20 18.66

Total Sales 958,434 948,361 938,367 971,905
Total Revenue($Mil) 176.90 176.24 175.03 192.17

Surplus Division($Mil)
Consumer Surplus 0.2924 0.2813 0.2706 0.3080
Platform’s Profit

Total Net Profit 2.65 3.52 4.38 5.50
Royalty Rate 2.65 3.52 4.38 3.84
Fixed Fee 0 0 0 2.23
Rebates 0 0 0 -0.57

Sum of Sellers’ Profit
Total Net Profit 15.72 15.58 15.38 15.88

1 Price, profit and revenue are converted from RMB to US dollars using the exchange rate
of 6.33.
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Figure 1: Ex-ante Policy Function
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Figure 2: Ex-ante Profit Loss
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Figure 3: Price Path with Rebates versus with Revenue Sharing

This figure shows the average price path with pure revenue sharing versus with the rebate contract. The average price
is ascending over time because the mean utility of tablet increases at later months when new tablets are released on
the market.
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Figure 4: The Distribution of Average Price Reduction

(a) Whole Year Revenue

(b) September to November (c) December

This figure shows the histogram of sellers’ revenue and the distribution of percentage change in price with rebates
relative to without. In the subfigure 4a, the x-axis is log transformation of yearly revenue in US dollars, the positive
part of y-axis is the percentage of sellers at each revenue bin, and the negative part of y-axis is the average percentage
change in price. The subfigure 4b and 4c displays the histogram of the cumulative revenue in different months along
with the distribution of percentage change in price with rebates relative to without over the cumulative revenue level.
The x-axis is the cumulative revenue at the beginning of each month, i.e. CRst−1 is the sum of revenue generated
from January to the previous month.
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A.2 Expected Per-period Profit

Denote a =
∑

j((1 − γ)pjst − cjst) exp(δjst), b = 1 +
∑

k exp(δkst), where δj = xjstαx + αppjst +

∆ξst + ξjst, then per-period profit function could be written as

πst =
a

b+ exp(Γt)
(56)

Since Γt ∼ N(µt, σ
2
t ), where µt = γ0t+γ1tΓt−1, exp(Γt) ∼ logN(µt, σ

2
t ). Then b+exp(Γt) follows

a shifted log-normal distribution with support exp(Γt) ∈ (−b,+ inf), b + exp(Γt) ∼ logN(µ̃t, σ̃
2
t ),

where

E[exp(Γt) + b] = E[exp(Γt)] + b (57)

V ar[exp(Γt) + b] = V ar[exp(Γt)] (58)

that is,

eµt+σ
2
t /2 = eµ̃t+σ̃

2
t /2 + b (59)

(eσ
2
t − 1)e2µt+σ2

t = (eσ̃
2
t − 1)e2µ̃t+σ̃2

t (60)

then

eσ̃
2
t =

(eσ
2 − 1)e2µt+σ2

t

(eµt+σ
2
t /2 + b)2

+ 1 eµ̃t =
eµt+σ

2
t + b

eσ̃
2
t /2

(61)

Also, a
b+exp(Γt)

∼ logN(−µ̃t + ln(a), σ̃2
t ), then its expectation is

E

[
a

b+ exp(Γt)

]
=

a

b+ exp(Γt)

(
(eσ

2
t − 1)e2µt+σ2

t

(eµt+σ
2
t /2 + b)

+ 1

)
(62)

= π̄t

(
(eσ

2
t − 1)(1− s0 − s̄)2 + 1

)
= π̄tHt (63)

where π̄t =
∑

j(1− γ)pj − cj)s̄j , s̄ =
∑

j s̄j , and s̄j =
exp(δj)

1+
∑
k exp(δk)+exp(µt+σ2

t /2)
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