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Abstract
Bid-floor optimization for publishers in mobile ad auctions is diffi-
cult: bids are heavy-tailed, user-level signals are sparse, and publish-
ers observe only partial auction feedback. Mediation infrastructure
also supports auction retry paths, where an auction that fails to fill
at one floor can be attempted again at a lower floor. These retry
paths complicate floor setting, but also create an opportunity: pub-
lishers can target high-value demand while preserving a low-floor
safety path.

We study this problem through FloorGym, a publisher-side
simulator calibrated on production data. We show that single-level
bid floors often perform poorly under heavy-tailed first-price bids:
floors high enough to extract price also lose enough fill to cancel
out the gains. We show using simulations that a cascaded bid-
floor policy can mitigate this trade-off by attempting an aggressive
learned primary floor first and, if it does not fill, reissuing the
auction opportunity at a near-zero safety floor.

We evaluate this cascaded bid-floor design in production through
a seven-day A/B test on 44 mobile games from the portfolio of Game
District, a large mobile-game publisher, covering approximately 5
million daily active users. Treatment increased average revenue
per daily active user (ARPDAU) by +13.2% relative to incumbent
floor strategies. The effect was primarily price-led: revenue per
impression increased by +9.3%, while impressions per daily active
user (ImpDAU) increased by +3.7%.
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• Information systems→ Computational advertising.
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1 Introduction
In-game advertising has become a large advertising channel. Free-
to-play titles dominate this market, monetizing a large share of
their traffic through in-app advertising. An impression is a single
opportunity to show an ad to a user. These impressions are sold
through mediation platforms such as AppLovin MAX [2] and Lev-
elPlay [24] which run per-impression auctions across many demand
sources. For game publishers, the main price-control lever is the bid

floor, hereafter also called the floor: a minimum acceptable price per
impression, below which an auction attempt fails. Bid floors create
a price/fill-rate trade-off. Raising the floor can increase revenue
when bidders have high willingness-to-pay, but can also cause the
auction to fail when no bidder clears the bid floor.

Mobile mediation auctions are typically first-price: the highest
bidder wins and pays its own bid. In such auctions, bidders generally
shade, meaning they bid below their private value; the amount of
shading depends on demand, pacing, competition, and auction
context [21, 25]. Publishers observe only partial auction telemetry:
winning bids, no-bid events, clearing networks, and user/context
features, but not the full vector of losing bids or bidder values. At
the same time, bids are heavy-tailed: most impressions clear at low
prices, while a small fraction command very high prices. A single
learned floor is therefore fragile. Set too low, it leaves surplus in the
upper tail; set too high, and fill loss in the body of the distribution
can erase the price gains.

We study this problem using FloorGym 1, a publisher-side sim-
ulator for bid-floor optimization. FloorGym is calibrated to rep-
resentative production games and models the problem faced by a
publisher setting floors in mobile mediation auctions. We use it to
compare single-level and high/low bid-floor policies under repeated
auctions with bidder shading and heavy-tails.

In our simulator, we find that a cascaded bid-floor policy is effec-
tive at increasing revenue: an auction is first offered at a primary
floor and, conditional on no fill, retried at a lower fallback floor.
This strategy lets the publisher aim into the upper tail of the bid
distribution without converting most failed primary attempts into
lost impressions.

For the production experiment in this paper, we deploy the cas-
caded bid-floor system on 44 mobile games from a customer Game
District covering approximately 5 million daily active users. Treat-
ment increased ARPDAU by +13.2% relative to the games’ incum-
bent bid-floor strategies. The effect is primarily price-led: CPM,
defined as publisher revenue per thousand impressions, increased
by +9.3%, while impressions per user increased by +3.7%. This pat-
tern is consistent with the intended operating regime: higher prices
with little fill loss.

Contributions.

1https://github.com/meticalabs/floor-gym

https://github.com/meticalabs/floor-gym
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• We formulate the publisher-side bid-floor optimization prob-
lem for heavy-tailed first-price mobile ad auctions with bid
shading and retry paths.

• We introduce FloorGym, a calibrated publisher-side simu-
lator for evaluating bid-floor policies under bidder shading
and heavy-tailed CPMs, and show empirically that single-
level floors fail in this regime, while high/low redraw poli-
cies can extract upper-tail value while preserving fill.

• We report production evidence from an A/B test conducted
on 44 mobile games from Game District’s portfolio, cover-
ing approximately 5 million daily active users.

2 Related Work
Our work sits at the intersection of reserve-price learning, first-
price bidder behavior, simulation and online experimentation.

Waterfall mediation. Mobile mediation has historically used wa-
terfalls: an impression is offered to ad networks in sequence, with
price cutoffs, until one fills. Prior work studies waterfall order and
floor optimization [10], online waterfall learning [18], abort deci-
sions that truncate unprofitable descents [23] and reserve-price
failure risk [14]. Our cascade differs from this literature: it repeats
the auction opportunity at different bid-floor levels, rather than rout-
ing the impression through a sequence of networks with network-
specific price cutoffs.

First-price auctions and bidder response. Display and mediation
auctions are now commonly first-price [4, 7]. In first-price auc-
tions, bidders shade relative to value [9, 21, 25], and autobidding
and pacing systems create an adaptive bid landscape for publish-
ers setting floors [3, 6, 11, 13, 17]. FloorGym uses shading and
non-adaptive bidders to examine the effect of publisher-side floor
setting; the production system operates in a richer environment
with heterogeneous adaptive bidders.

Reserve prices in online auctions. Revenue-optimal reserves are
classical [19, 22]. Much subsequent reserve-learning work was de-
veloped for second-price advertising auctions, where the reserve
problem is often framed as bid prediction, contextual pricing, or
personalised reserve selection. In second price auctions the winning
bid pays the second highest price. This includes repeated-auction
reserve learning [5, 16], and contextual or personalised reserves
[12, 20]. A key difference between first and second price auctions
is that in first price auctions bidders shade their true value whereas
in second price auction shading is not always necessary.

Reserve optimization in first-price auctions. First-price floor op-
timization has been studied directly. The shared difficulty is that
floors censor losing bids, bidder strategies respond to floor changes,
and the resulting revenue objective is nonconvex and only partially
observed. Proposed approaches include stochastic gradient ascent
on logged revenue with a demand/bid-response decomposition
for variance reduction [8], parametric per-buyer-type bid CDFs
plugged into a first-price revenue objective with explicit shading
correction [1], and a multi-task neural network that uses both filled
and unfilled impressions to predict a conservative lower bound
on the top bid, which is then used as the reserve [15]. These ap-
proaches set a single floor per impression. Our deployed system

is a cascaded bid-floor policy: a learned primary floor followed
by a near-zero safety floor on a retry attempt so there can be up
to two auctions rather than only one. The benefit is the cascade
can target upper-tail value while preserving fallback fill, whereas a
single-level floor often cannot.

3 FloorGym: Simulator and Mechanism
FloorGym is an open-source publisher-side simulator for bid-floor
optimization in mobile ad mediation. It simulates auctions against
a parametric bidder population calibrated to production media-
tion data. Below, we describe the bidder model, auction mechanics,
policies, and metrics; results follow in §4.

3.1 Bidder model and auction mechanics
Each simulated impression is indexed by 𝑖 . At the start of the im-
pression we draw a context

𝑥𝑖 = (𝑐𝑖 , ℎ𝑖 , 𝑎𝑖 ),
where 𝑐𝑖 is the country tier, ℎ𝑖 is the hour bucket, and 𝑎𝑖 is the ad
format. The context is held fixed across all auction attempts for the
same impression.

For each auction attempt, the impression is exposed to a popula-
tion of 𝐾 contextual buyers. Let ℓ ∈ {1, 2} index the auction level
or attempt. Buyer 𝑗 participates in attempt ℓ independently with
probability 𝑝 . Conditional on participation, bidder 𝑗 has private
valuation
𝑣𝑖ℓ 𝑗 = exp

(
𝜇0 + 𝜏𝑐𝑖 + 𝜂ℎ𝑖 + 𝜁𝑎𝑖 + 𝜎𝜀𝑖ℓ 𝑗

)
, 𝜀𝑖ℓ 𝑗 ∼ N(0, 1). (1)

Here 𝜇0 sets the global log-CPM scale, 𝜏𝑐𝑖 is the country-tier effect,
𝜂ℎ𝑖 is the hour-of-day effect, and 𝜁𝑎𝑖 is the ad-format effect. The pa-
rameter 𝜎 controls unobserved bidder variation: larger 𝜎 produces
more dispersion across bidders within the same observed context,
and hence a heavier upper tail of valuations.

We model bidder behavior in two steps. First, absent a binding
floor, bidders use a common linear-shading rule: bidder 𝑗 with pri-
vate value 𝑣𝑖ℓ 𝑗 submits the shaded bid 𝑠𝑣𝑖ℓ 𝑗 , where 𝑠 ∈ (0, 1] is the
shading factor. Linear shading is a common reduced-form approxi-
mation in first-price auctions: it is easy to interpret, captures the
practical fact that bidders often bid below value, and gives a single
parameter controlling the gap between values and submitted bids. It
is also easier to reason about analytically than a fully heterogeneous
or dynamically learned shading model.

Second, we specify how bidders respond when the seller imposes
a floor 𝑓 . We use a perfect-response model. To simplify notation,
Eq. (2) suppresses the impression, attempt, and bidder indices. Under
this response model, the bidder keeps its shaded bid when the floor
does not bind; raises its bid to the floor when doing so is sufficient
to clear the floor without exceeding its value; and drops out when
the floor exceeds its value:

𝑏 (𝑓 ) =

𝑠𝑣, if 𝑓 ≤ 𝑠𝑣 (floor does not bind),
𝑓 , if 𝑠𝑣 < 𝑓 ≤ 𝑣 (bid lifts to floor),
0, if 𝑓 > 𝑣 (bidder drops out).

(2)

Both parts of this model are simplifications. The common linear-
shading rule abstracts from bidder-specific shading. The perfect-
response rule is also idealised: real demand sources may respond
imperfectly to reserves, may update only after observing repeated
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floor changes, and may sometimes bid above the minimum required
to clear the floor. We therefore use Eq. (2) as a mechanism model
and report sensitivity to the shading factor and prediction noise
rather than relying on a single calibrated value of 𝑠 .

An auction attempt fills if at least one participating bidder sub-
mits a bid satisfying 𝑏𝑖ℓ 𝑗 (𝑓 ) ≥ 𝑓 . Conditional on fill, the bidder
with the highest submitted bid wins and pays that bid.

We evaluate three auction regimes.
• Single-level floor. The seller runs one auction attempt

at floor 𝑓 . If no bidder clears the floor, the impression is
unfilled.

• Repeated identical floor. The seller runs up to two auc-
tion attempts at the same floor 𝑓 . If the first attempt does
not fill, the second attempt uses the same impression con-
text 𝑥𝑖 but a fresh draw of bidder participation and valuation
noise.

• High/low redraw cascade. The seller chooses an ordered
pair (𝑓1, 𝑓2) with 𝑓1 > 𝑓2. The primary auction runs first at
floor 𝑓1. If it does not fill, the safety auction runs at floor 𝑓2
using the same impression context 𝑥𝑖 but a fresh draw of
bidder participation and valuation noise.

The simulator parameters are fitted from 21.9M production im-
pressions. Experiments use 𝐾 = 8 buyers and bidder participation
probability 𝑝 = 0.53. The fitted valuation model has 𝜇0 = 0.63,
𝜎 = 1.19, tier effects (+2.49,−0.48,−0.18), and small hour and for-
mat effects (|𝜂 |, |𝜁 | ≤ 0.21).

3.2 Policies and metrics
Baselines and learned policies. FloorGym includes baseline poli-

cies, learned policies, and simulator upper bounds. No Floor sets
𝑓 = 0 and preserves fill without attempting price extraction. Fixed
policies use constant floors independent of context.

The full-information oracle observes the actual drawn valua-
tions {𝑣 𝑗 } for the impression and chooses the revenue-maximising
floor for that realisation. It is a strict per-impression upper bound.
The CPM predictor is a weaker, context-conditional oracle: it
observes only E[CPM | 𝑥] and sets the primary floor to

𝑓1 =𝑚 E[CPM | 𝑥],
where𝑚 is a multiplier tuned by grid search. To test robustness to
prediction error, we also evaluate an imperfect CPM predictor

𝑐 (𝑥) = E[CPM | 𝑥] (1 + 𝜖), 𝜖 ∼ N(0, 𝜎2
pred),

with floor 𝑓1 =𝑚𝑐 (𝑥).

4 Simulator Results
4.1 Effect of bidder shading on floor strategies
Figure 1 compares three regimes across bidder shading levels: a
single-level floor, a repeated same-floor policy, and a high/low
cascade. Each is evaluated with a perfect CPM predictor and an
imperfect CPM predictor with 𝜎pred = 0.5, corresponding to MAPE
0.39 against the true conditional mean CPM.

The single-level policy only improves on No Floor under very
strong shading (𝑠 ≲ 0.5), where there is a large gap between shaded
bids and private values. The reason is that a floor only helps in the
binding interval (𝑠𝑣 𝑗 , 𝑣 𝑗 ]: below this interval the floor has no effect,
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Figure 1: Revenue lift for different floor strategies as a func-
tion of bidder shading

and above it the bidder drops out. In our calibrated environment,
floors high enough to bind on valuable impressions lose too much
fill on ordinary impressions.

A repeated identical floor policy gives failed impressions a second
chance to fill, and therefore improves on a single attempt. However,
because both attempts use the same floor, it still cannot target the
upper tail aggressively without making both attempts miss. It adds
redundancy, but it does not change the core price/fill trade-off.

The high/low cascade changes this trade-off by separating the
two roles. The primary floor targets high-value demand, while
the near-zero safety floor preserves fill when the primary attempt
misses. This is why the cascade outperforms both single-level floors
and repeated identical floors across a wide range of shading levels.
Prediction noise reduces lift, but preserves the same ordering.

The cascade also delivers lift when there is little or no bid shading,
because the two auction attempts expose the impression to different
bidder draws. Thus, even when bidders do not strategically respond
to the floor, the high/low structure can still create value by pairing
an aggressive first attempt with a low-risk fallback.

4.2 Sensitivity to unobserved bidder variation
Figure 2 shows revenue lift as a function of the unobserved bidder
variation 𝜎 in Eq. (1), with shading held fixed at 𝑠 = 0.8.

As 𝜎 increases, the upper tail of the maximum valuation distribu-
tion becomes heavier, giving the cascade more opportunity to target
high-value impressions so lift increases. The cascade consistently
outperforms repeated identical floors.

Single-shot floor lift quickly shrinks towards zero as unobserved
bidder variation increases. In this regime, the binding corridor
becomes too narrow relative to the dispersion in bidder values,
making a single floor increasingly fragile.

4.3 Predictors with high/low cascade
We report revenue per impression (RPI), high-slot fill rate (Hi-Fill),
and revenue lift over the No Floor baseline. Hi-Fill is the fraction
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Figure 2: Revenue lift over No Floor as a function of unob-
served bidder variation 𝜎 , with shading 𝑠 = 0.8. Perfect CPM
predictor (𝜎pred = 0) and imperfect CPM predictor (𝜎pred = 0.5)
shown in three regimes: single-slot, 2L cascade with 𝑓2 = 0
safety, and 2L identical (two shots at the same floor). Primary
multiplier𝑚 tuned per cell.

Table 1: High/low redraw cascade benchmark with indepen-
dent redraw on the calibrated first-price and shading model.
Lift is over the No Floor baseline.

Strategy RPI Hi-Fill Lift

Full-information oracle 48.35 0.41 +53.19%
Perfect CPM predictor (𝑚∗ = 1.2) 43.21 0.33 +36.91%
Perfect CPM predictor (misspecified𝑚 = 1.5) 42.96 0.25 +36.11%
Perfect CPM predictor (misspecified𝑚 = 1.0) 42.90 0.41 +35.92%
Fixed [$110, $0] 41.78 0.10 +32.38%
Fixed [$120, $0] 41.75 0.09 +32.28%
Fixed [$100, $0] 41.36 0.11 +31.06%
Imperfect CPM predictor, 𝜎 = 0.5 (𝑚∗ = 1.5) 41.34 0.32 +31.00%

No Floor 31.56 1.00 −

of impressions filled by the primary high-floor attempt; remaining
filled impressions are served through the low-floor safety path.

Table 1 compares predictors for the primary floor in a high/low
cascade with shading factor 𝑠 = 0.8.𝑚∗ is the lift-optimal multiplier
from a grid sweep; “misspecified𝑚” marks a deliberately off-optimal
setting. The perfect CPM predictor at𝑚∗ reaches +36.9% lift, about
0.69 of the full-information oracle’s upper bound, and beats the
best single fixed primary cascade floor ($110, +32.4%) by about 4.5
percentage points.

The cascade is forgiving of misspecified multipliers. Moving the
predictor off its optimum to𝑚 = 1.0 or𝑚 = 1.5 costs only about
1 percentage point of lift, and the 𝜎 = 0.5 imperfect predictor still
delivers +31% lift despite substantial multiplicative error in every
floor. The safety floor absorbs the cost of bad primary picks.
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Figure 3: Redraw cascade (2L [𝑚, 0]) revenue lift over No Floor
on the calibrated bidder model, by primary multiplier 𝑚
and added prediction error 𝜎𝑝𝑟𝑒𝑑 . The dashed line is the log-
normal closed form 𝐿(𝑓 ) (Eq. 3) with 𝑠 = 0.8 and residual-
variation fit 𝜇 = 1.66, 𝜎 = 0.90.

4.4 Choosing the optimal multiplier for a CPM
predictor

To further investigate sensitivity to prediction error, we start from a
perfect predictor of CPM and plot the revenue uplift as the primary
floor multiplier changes. Figure 3 reports the resulting revenue lift
as a function of𝑚 and prediction-error level 𝜎 .

The cascade remains profitable even with substantial prediction
error. As 𝜎 increases, the peak lift falls. The choice of multiplier
matters: setting𝑚 too high is more costly than setting it too low.

4.5 Optimal primary floor multiplier
The simulated lift curve is well explained by a simple log-normal
approximation. First approximate the max bidder valuation 𝑉 =

max𝑗 𝑣 𝑗 by a single log-normal with log𝑉 ∼ N(𝜇, 𝜎2) and write
𝜇𝑉 := E[𝑉 ] = 𝑒𝜇+𝜎

2/2, 𝑧 (𝑥) := (log𝑥 − 𝜇)/𝜎 . Under the bidder-
response model of Eq. (2) with shading factor 𝑠 , the cascade lift over
the no-floor baseline is

𝐿(𝑓 ) = Φ
(
𝑧 (𝑓 )

)
−Φ

(
𝑧 (𝑓 /𝑠)−𝜎

)
+ 𝑓

𝑠𝜇𝑉

[
Φ
(
𝑧 (𝑓 /𝑠)

)
−Φ

(
𝑧 (𝑓 )

) ]
, (3)

and the optimal primary floor 𝑓 ∗ is the unique root of the first-order
condition

𝜙 (𝑧∗) 𝑓
∗ − 𝑠𝜇𝑉
𝜎 𝑓 ∗

= Φ(𝑧∗+𝜏) −Φ(𝑧∗), 𝑧∗ := 𝑧 (𝑓 ∗), 𝜏 := − log 𝑠/𝜎,
(4)

a one-dimensional root-find.
Fitting 𝜇 = 1.66 and 𝜎 = 0.90 from residual bidder variation in

log𝑉 in the simulator, and using the simulation shading setting
𝑠 = 0.8, gives 𝑓 ∗ = 8.02, or equivalently𝑚∗ = 𝑓 ∗/(𝑠𝜇𝑉 ) = 1.26 on
the predictor-multiplier axis, with peak lift +36%. This matches
the simulator’s perfect-predictor cascade in Figure 3 to within ∼1
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percentage point; residual gap arises from the single-log-normal
approximation of the max-of-𝐾 distribution.

This closed-form approximation is practically useful because it
gives a principled default value for the production multiplier 𝑚,
reducing the need for expensive per-game multiplier sweeps.

5 Production System
The simulator results motivate two production design principles:
avoid single floor policies and separate price extraction from fill
protection with a high/low cascade. We now describe how these
principles become the deployed system.

5.1 Strategy portfolio
Each production strategy proposes the high floor in a two-level
high/low policy. Strategy selection is performed per (game, seg-
ment), depending on the amount of available data, game type, and
ad format. Depending on the mediation integration, this may be
implemented as a sequential retry or through parallel auctions.

The strategy portfolio contains two families. The first is a pre-
dictive CPM model: a model trained on logged context and revenue
tuples predicts the expected CPM 𝑐 (𝑥) for an auction opportunity,
and the primary floor is set to𝑚𝑐 (𝑥) for some multiplier𝑚. The
second is an off-policy reward model: a model trained on logged
context, bid floor, and revenue tuples predicts the expected revenue
of candidate floors, and chooses the floor with the highest predicted
revenue. This second approach is useful when sufficient exploration
data is available; however typically the CPM predictor generates
more lift.

Strategies are not a single per-game choice: they can be deployed
at finer granularity — different segments of users within the same
game (e.g., country, device tier, user-value cohort) can run different
strategies. Selection is driven by A/B testing lift on a rolling window
per (game, segment).

5.2 Architecture and Deployment
The service is deployed through a lightweight SDK integrated into
each mobile game. The SDK observes request-time signals, includ-
ing coarse geographic context, device type, ad format, and session
context, and sends them to our servers.

The servers enrich these signals with aggregated user, game, and
market features, including recent engagement, recent ad revenue,
historical impression behavior, and country-level price signals. The
resulting feature vector is routed to the deployed floor-settingmodel
for the active game segment.

Models are trained offline on logged auction and outcome data
and updated periodically. At serving time, the inference server re-
turns a primary bid floor, which is passed to the mediation platform
and applied to the relevant ad unit or auction request.

5.3 Simulation-to-Production Gap
In production, depending on the integration, the high- and low-floor
opportunities may be issued sequentially or in parallel, and some
systems include additional timeout or fallback logic. These choices
affect realized latency, fill dynamics, and the exact magnitude of lift,
but not the central mechanism studied here: pairing an aggressive
high-floor opportunity with a low-floor safety path.

Table 2: Per-format revenue-weighted lift, 2026-04-23 to 2026-
04-29

Format ARPDAU 95% CI CPM Imp/DAU

Portfolio +13.2% [+10.5, +15.2] +9.3% +3.7%
Interstitial +10.5% [+8.3, +12.3] +8.0% +2.5%
Rewarded +20.5% [+14.3, +25.2] +13.0% +6.9%

Some integrations also restrict floors to a discrete set of precon-
figured values, rather than allowing a continuous request-time floor.
We treat this as an implementation constraint rather than a change
to the underlying policy class: the learned floor is mapped to the
nearest feasible configured floor.

6 Production Results
We evaluated the system using within-game A/B tests. Assignment
is deterministic and persistent: a stable device-level identifier is
hashed to a fixed arm, so no device crosses between treatment and
holdout during the window. Traffic was split approximately 80/20
treatment/holdout, covering roughly 4 and 1 million daily active
users per arm. Treatment traffic used the cascaded bid-floor system,
while holdout traffic continued to use each game’s incumbent floor
strategy; these incumbent strategies were game-specific, but were
typically either no floor or repeated fixed floors.

Over the seven-day window from 2026-04-23 to 2026-04-29, we
ran a within-game A/B test on 44 mobile games from Game Dis-
trict’s portfolio. These games covered approximately 5 million daily
active users. Aggregating over the full window, treatment increased
ARPDAU by +13.2% relative to holdout. Computed day by day, the
revenue-weighted ARPDAU lift averaged +13.4%, with a standard
deviation of 0.9 percentage points and a range of +11.9% to +14.4%.

Uncertainty quantification. To quantify uncertainty we use a
non parametric game-level bootstrap: at each of 10,000 replications
we resample the 44 game cells with replacement and recompute
the revenue-weighted mean ARPDAU lift. This treats each game
as the unit of analysis, the appropriate level given that users are
randomised within game and lifts are aggregated per game and
makes no distributional assumption on the (heavy-tailed) per-game
lift. The resulting 95% percentile interval for the portfolio ARPDAU
lift is [+10.5%, +15.2%] around the point estimate of +13.2%. Per-
format bootstrap intervals are reported in Table 2.

Format split. Ads are served in different formats, including re-
warded and interstitial. Splitting the same production window by
ad format (Table 2), interstitial inventory had +10.5% revenue lift,
while rewarded inventory had +20.5% revenue lift. Interstitial ac-
counts for the larger share of the experiment’s holdout traffic and
thus most of the absolute lift. The difference between formats
reflects differences in auction composition, bid shading, and ad-
request frequency.

Decomposing ARPDAU into price and volume. Across the port-
folio the CPM lift is +9.3% and the ImpDAU lift is +3.7%. The
decomposition is informative: the bulk of the lift comes from price
the floors successfully extract surplus revenue from shaded bidders
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Figure 4: Production serving architecture for cascaded bid-floor selection.

while a smaller residual comes from volume, the safety floor pre-
vents unfilled-impression rates from rising even with an aggressive
primary floor.

7 Conclusion and Future Work
We studied publisher-side bid-floor optimization in heavy-tailed
first-price mobile mediation auctions with partial feedback and
retry paths. Using FloorGym, we showed that single-level floors
are fragile: floors high enough to raise prices can lose enough fill
to cancel the gains. A high/low cascade changes this trade-off by
pairing an aggressive primary floor with a near-zero safety floor. In
production, across 44 mobile games from Game District’s portfolio
covering approximately 5 million daily active users, treatment in-
creased ARPDAU by +13.2% relative to incumbent floor strategies
in a seven-day holdout window.

Future work could model production mediation more directly, in-
cluding parallel calls, discrete preconfigured floors, latency cutoffs,
overlapping bidder sets, and adaptive bidder shading.
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