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WHEN SILOED MARKETING TEAMS RAISE ACQUISITION COSTS: 
THE PRICE OF ANARCHY INSIDE A SINGLE ADVERTISER

Igor Ivitskiy1

Abstract. Firms that divide customer acquisition among product, regional or channel teams can see the total cost 
per lead rise even when each team meets its own target. The subject of the study is the customer acquisition system 
of a single advertiser whose teams draw leads from a shared pool of prospects, and the gap between the equilibrium 
reached by independent teams and the cost-minimizing allocation. The purpose of the paper is to specify when this 
situation forms a congestion game, to quantify its coordination cost and to translate the known remedies of such 
games into advertising management. Methodology. The study applies the theory of atomic splittable congestion 
games. The model assumes homogeneous, deduplicated leads and fixed quotas, with the volume of each team 
raising the cost of comparable leads for the others; because Google Ads keeps campaigns within one account from 
bidding each other up, the cost increase comes from depleting the shared pool rather than from auction prices. A 
closed-form benchmark is derived analytically and checked by numerical simulation, and two conditional extensions 
draw on Braess's paradox and on the bullwhip effect. Results. The paper introduces the Funnel Coordination Gap, 
the share of acquisition cost that coordination can avoid. A single team produces no gap and each additional team 
widens it: in the benchmark, ten teams spend 22% more than a coordinated firm, the avoidable share approaches 
25% as teams multiply, and independent teams take up to twice the cost-minimizing volume from the shared pool. 
Known bounds for this class of games cap the avoidable share at one quarter for identical teams and at one third 
for teams with different quotas. A personal internal charge per lead, an established toll mechanism, makes the cost-
minimizing allocation an equilibrium. Under stated conditions, a costless link between funnel stages can raise total 
cost by one third, and lower bounds on lead variance multiply across stages unless end-customer conversion data 
are shared. Conclusions. The internal team structure of an advertiser is a measurable source of acquisition cost, and 
its size depends on the number of teams and on how sharply the cost of the shared pool rises with volume. Practical 
implications. Managers obtain a diagnostic of team structure, an internal price for shared sources, a holdout test for 
channel removal and a controlled experiment that could falsify the central assumption. Value / originality. The paper 
contributes the conditions under which acquisition inside a firm is a congestion game, a closed-form advertising 
benchmark placed against exact bounds, and a translation of known pricing mechanisms into management 
instruments. 
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1. Introduction
Advertisers rarely buy customers through 

a single decision maker. Budgets are split among 
product lines, regions, channels and agencies, 
and each unit is judged by whether it delivers its 
quota of leads at an acceptable cost per lead. The 
units often draw on the same stock of potential 
customers, who search for the category, see 

the brand on the same platforms and submit 
a form only once. When one unit converts such 
a prospect, the next comparable lead becomes 
more expensive for everyone, so every unit can 
meet its target while the firm pays for coordination 
it lacks. In the digital economy this loss takes a plain 
form: advertising spend that buys no additional  
customers.
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Research on efficiency in online advertising 
addresses two other settings. The first is 
competition between advertisers whose automated 
bidding agents meet in auctions (Aggarwal et al., 
2019; Aggarwal et al., 2023). The second is a single 
advertiser who controls several channels through 
per-channel levers, where optimizing only return-
on-investment targets can be arbitrarily worse than 
the global optimum while per-channel budgets 
suffice to reach it (Deng et al., 2023). Coordination 
between functions inside the firm has been 
modelled for marketing and operations (Liu et al., 
2015), and the loss caused by independent users of 
congestible resources is the subject of congestion 
game theory (Roughgarden & Tardos, 2002; 
Cominetti et al., 2009). What has not been set out 
is when customer acquisition inside one advertiser 
belongs to this class and what the known results 
mean for its management. Preliminary reports 
by the author applied the bound for nonatomic 
routing to funnel teams by analogy (Ivitskiy, 
2026a, 2026b, 2026c); the novelty of the present 
paper is a model built from the costs of the teams 
themselves, which shows which bound applies to 
which team structure.

The aim of the paper is to specify the conditions 
under which the acquisition system of a single 
advertiser forms an atomic splittable congestion 
game, to quantify the coordination cost of 
independent teams and to translate known 
remedies into management instruments. The tasks 
are to formulate the model and the mechanism 
through which one team raises the costs of another, 
to derive a closed-form benchmark and compare 
it with known bounds, and to interpret the toll 
mechanism as an internal price of leads, adding 
two conditional extensions. The methodology is 
theoretical modelling with analytical derivation 
and numerical verification. The analysis is 
static, assumes locally affine costs, contains no 
empirical estimates and claims no new theorems. 
Section  2 presents the theoretical basis and the 
model, Section 3 the results and Section 4 the 
discussion, followed by the conclusions.

 

2. Theoretical Basis and Model
A congestion game describes players who share 

resources whose cost grows with the total load 
placed on them; its inefficiency is measured by 
the price of anarchy, the ratio between the total 
cost of the worst equilibrium and the minimum 

achievable cost. With affine costs the price of 
anarchy is at most 4/3 when each player controls 
an infinitesimal share of the load (Roughgarden 
& Tardos, 2002). In the atomic splittable version 
each player controls a fixed, divisible volume 
(Orda et al., 1993) and bears only part of the 
congestion it creates. For K symmetric players 
with affine costs the price of anarchy is at most  
4K²/((K + 1)(3K − 1)), a tight bound that 
tends to 4/3, while for K players of general form 
the upper bound is (3K + 1)/(2K + 2), which 
exceeds 4/3 once K is larger than five (Cominetti 
et al., 2009); the limit 3/2 is the exact worst 
case (Roughgarden & Schoppmann, 2015). 
If a coordinator may charge different prices to 
different players, charging each player the part 
of the marginal cost that it does not bear makes 
the cost-minimizing allocation an equilibrium 
(Cominetti et al., 2009), and anonymous tolls 
with the same effect exist (Swamy, 2012; Yang 
& Zhang, 2008). Losses from decentralized 
decisions have also been quantified in supply 
chains (Perakis & Roels, 2007), and budget 
allocation based on attribution carries caveats that 
can mislead the decision maker (Danaher & van 
Heerde, 2018).

A firm acquires a volume of comparable leads 
during a period, normalized to one, through K 
teams; team i must deliver a quota d_i, and the 
quotas sum to one. Leads come from sources  
e = 1, …, m, such as a pool of prospects reached 
through several campaigns or an alternative channel 
that other teams do not use. Let x_ie be the volume 
that team i obtains from source e and f_e the total 
volume that all teams obtain from it. The average 
cost of a comparable lead is

ce(fe) = ae fe + be,                            (1)

where ae ≥ 0 is the sensitivity of the cost to the 
total volume taken from source e and be ≥ 0 is the 
cost at negligible volume. The cost reported by 
team i and the total cost of the firm are
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where ∑exie = di, xie ≥ 0 and fe = ∑i xie. An allocation 
in which no team can lower its own cost by moving 
part of its quota is a Nash equilibrium xNE, and the 
allocation that minimizes C is xOPT. The Funnel 
Coordination Gap is the share of the cost of the firm 
under independent teams that coordination can 
avoid:
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where PoA=C(xNE)/C(xOPT) is the price of 
anarchy of the team structure of the firm.

The model rests on four assumptions. First, leads 
are homogeneous and deduplicated: a prospect 
converts once, for whichever team reaches it 
first, and no team can restrict itself to prospects 
that others have not approached. Second, the 
average cost of a comparable lead rises with the 
total volume the firm has already taken from the 
shared pool. Diminishing response to advertising, 
with a mean short-term elasticity of 0.12 across 
751 estimates (Sethuraman et al., 2011), makes this 
plausible for total volume, but that evidence does 
not establish the cross-team part of the assumption, 
which Section 4 proposes to test. Third, quotas are 
fixed for the period and costs are locally affine. 
Fourth, each team minimizes its own cost. The 
interaction does not run through auction prices 
inside one account, because Google Ads gives 
priority to the campaign with the highest Ad Rank, 
so that campaigns in the same account do not bid 
each other up (Google, n.d.); if the audiences of 
the teams do not overlap, the game disappears. 
Under these assumptions the acquisition system is 
an atomic splittable congestion game (Orda et al., 
1993; Cominetti et al., 2009).

 

3. Results

3.1 Closed-form benchmark
Consider two sources: a shared pool with cost 

cS(F)=aF+bS, where a>0, and an alternative channel 
with constant cost b>bS, used by K symmetric 
teams with quotas 1/K. Let F be the volume the 
firm takes from the pool, s = (b - bS)/a the price 
advantage of the pool in units of its price sensitivity 
and β =b/a the scaled cost of the alternative 
channel, with 0<s≤1 and β ≥ s. The cost of team i is  
xi(aF + bS)+(1/K - xi)b; its derivative is 
a(F + xi - s) and its second derivative is 2a>0, so 
in a symmetric equilibrium xi = s/(K+1). The cost 
of the firm, a(F2 - sF + β), is minimized at half the 
price advantage, hence

F
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K
F

sNE OPT�
�

�
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, ,��                   (4)

where FNE and FOPT are the volumes taken 
from the pool at the equilibrium and at the cost-

minimizing allocation. Substituting (4) into the 
cost of the firm and using (3) gives
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where G(K; s, β) is the share of acquisition cost 
that coordination can avoid.

A single team produces no gap, because  
K/(K+1)2 =1/4 at K=1. The gap widens with 
every additional team and tends to s2/(4β), which 
equals 25% when the pool has no base cost and 
s=1; independent teams take 2K/(K+1) times 
the cost-minimizing volume from the pool. For 
s=β=1, two teams leave a gap of 3.6%, five teams 
12.9%, ten teams 18.2%, which means 22.3% 
more spending than under coordination, and 
fifty teams 23.5%. Against the exact bound for 
symmetric teams, the benchmark reaches 56% 
of the permitted excess cost at K=2 and 88% at 
K=10. Best-response dynamics reproduced (5) 
to within 10-4, and among 400 random symmetric 
games with affine costs the largest price of anarchy 
was 1.210.

3.2 Bounds and internal charge
Table 1 converts the known bounds into the 

largest possible gap for any configuration that 
satisfies the assumptions of the model.

The bound for teams of general form is an upper 
limit for finite K and is not claimed to be attained. 
The gap arises because a team that takes one more 
lead from source e raises the cost of the fe - xie leads 
of the other teams by ae each. Applying the price 
discrimination mechanism of the congestion game 
literature (Cominetti et al., 2009), the internal 
charge per lead is

τie = ae(fe
OPT - xie

OPT),                        (6)

where xie
OPT is the volume assigned to team i from 

source e in a cost-minimizing allocation and fe
OPT is 

the total volume from that source. With this charge 
the marginal cost of a team at the optimum equals 
the marginal cost of the firm, 2ae fe

OPT + be, so the 
optimum satisfies the equilibrium condition of 
every team; in 100 random games the equilibrium 
under the charges matched the optimum to within 
10-12. For symmetric teams the charge equals 
(b  -  bS)(K - 1)/(2K) in the benchmark, which is 
45% of the price advantage of the pool with ten 
teams. Setting budgets by source from the centre 
reaches the same allocation, consistent with the 
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Figure 1. Funnel Coordination Gap by the number of symmetric teams K for s = 1, 0.5 
and 0.25 with β = s, and the exact upper bound for symmetric teams with affine costs 
(dash-dot line); the dotted line marks 25%.

Table 1
Upper bounds on the price of anarchy and on the Funnel Coordination Gap, affine costs

Team structure Bound on PoA Largest G for K = 2 / 5 / 10 / unlimited
Single team 1 0 / 0 / 0 / 0
Symmetric teams 4K2/((K+1)(3K-1)) 6.3% / 16.0% / 20.3% / 25.0%
Teams of general form (3K+1)/(2K+2) 14.3% / 25.0% / 29.0% / 33.3%

Source: compiled from bounds in the literature (Cominetti et al., 2009; Roughgarden & Schoppmann, 2015)

finding that per-channel budgets suffice for the 
global optimum (Deng et al., 2023).

 

3.3 Conditional extensions
If many small independent optimizers, such 

as campaign-level bidding algorithms, route 
prospects through funnel stages, the nonatomic 
limit applies. Let one unit of prospects move from 
the pool to conversion through stage A, with step 
costs x and 1, or stage B, with step costs 1 and x, 
where x is the volume on the step. The flow splits 
equally at a cost of 1.5 per unit. Adding a costless 
link from A to B, for example retargeting that 
moves prospects from the awareness activity 
of one team into the consideration activity of 
another, draws all flow onto the path through A and 
B, and every path then costs 2.0, one third more 
(Braess, 1968). Under reasonable assumptions 
such a paradox is about as likely to occur as not 
(Steinberg & Zangwill, 1983), and detecting it 
in a general network is NP-hard (Roughgarden, 

2006), so the effect of a chosen change should 
be computed within the model and checked with 
a holdout test.

If each stage forecasts with a moving average over 
p periods of the requests it receives from the stage 
closer to the customer and sets its own request 
with an order-up-to rule after a processing lag 
L, variance travels from sales toward advertising 
(Lee et al., 1997). Requests are treated as planning 
quantities in units of end-customer demand and, 
as in the source model, may be negative (Chen 
et al., 1999). For one stage facing autoregressive 
demand
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2 2
1

2

2 � ,         (7)

where q is the request of the stage, D the demand 
it observes and ρ the autocorrelation of demand 
(Chen et al., 2000). For uncorrelated demand and k 
stages with lags Lj, the Lead Variance Amplification 
LVAk=Var(qk)/Var(D) satisfies
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when each stage forecasts from the requests of its 
neighbour, and
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when every stage forecasts from end-customer 
demand (Chen et al., 1999). With p = 4 and  
L = 1 the bound for five stages is 11.331 under (8) 
and 6.625 under (9): shared data slow the growth 
of variance but do not remove amplification.

4. Discussion
The model does not apply where a central  

planner already fixes how much each team takes 
from each source, or where the audiences of the 
teams do not overlap; the size of the overlap 
is the first quantity a manager has to measure. 
Decentralization also has benefits, since 
independent teams test sources that a planner 
would not try and limit the damage of central 
errors, and coordination has its own costs. The 
Funnel Coordination Gap is therefore an upper 
limit on what coordination can recover, and 
coordination pays only when that limit exceeds its 
cost. The same externality can be read as overuse 
of a common-pool resource or as a problem of 
team incentives; the congestion game formulation 
is used because it provides exact bounds and 
a pricing mechanism with known properties.

Three boundary conditions apply. The 
interaction runs through depletion of a shared 
pool, not through auction prices. Leads must 
be of comparable quality, since a team that 
systematically attracts better prospects breaks the 
common cost structure. The game is static and 
costs are affine only locally, so the parameters 
a and b drift in repeated auctions with learning 
bidding algorithms, and (5) holds only while the 
linear approximation is adequate.

The central assumption can be tested directly. In 
a controlled experiment the firm raises the volume 
of team j by a fixed proportion in randomly 
assigned periods or regions, keeps the budget 
and targets of team i unchanged, and measures 
the cost of a deduplicated, quality-matched lead 
for team i. The test should fix in advance the 
smallest cost increase that matters for the firm: an 

estimate whose confidence interval excludes that 
effect rejects the practically relevant version of the 
assumption for the pool, while an interval wide 
enough to include both zero and that effect leaves 
the question open. Where the assumption holds, 
a manager can estimate the audience overlap, the 
slope a from the relation between volume and 
lead cost, and the number of teams, and then 
compute the gap from (5), or numerically when 
quotas differ, and the internal charge from (6). All 
of these steps require conversion data that are not 
corrupted.

5. Conclusions
The paper established the conditions under 

which customer acquisition inside a single 
advertiser forms an atomic splittable congestion 
game: homogeneous, deduplicated leads drawn 
from a shared pool, fixed quotas and a cost of 
comparable leads that rises with the total volume 
taken by all teams. Under these conditions the 
known results for this class of games apply to 
the organization of the firm itself. For symmetric 
teams choosing between a shared pool and an 
uncontested channel the Funnel Coordination 
Gap has a closed form: it is zero for one team, 
grows with every additional team, reaches 18.2% 
for ten teams in the benchmark, which is 22.3% 
more spending, and approaches 25%, while 
known bounds cap the avoidable share at one 
quarter for symmetric teams and one third for 
teams of general form. A personal internal charge 
per lead makes the cost-minimizing allocation an 
equilibrium without central control of campaigns. 
Under additional conditions, adding a costless 
link between funnel stages can raise total cost 
by one third, and lower bounds on lead variance 
multiply across stages unless end-customer data 
are shared.

Further research should test the central 
assumption in controlled experiments, estimate 
the gap on data from firms with several 
acquisition teams, extend the model to repeated 
auctions with learning bidding algorithms, and 
allow for teams that differ in lead quality and 
access to sources.
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