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Abstract

Brand advertising is a major objective in digital advertising, yet
most real-time bidding methods are designed for performance cam-
paigns. We propose a lightweight model predictive control frame-
work for brand auction ads that leverages the relatively dense and
timely feedback of upper-funnel objectives. The method estimates
monotone bid-to-spend and bid-to-result responses online using
isotonic regression and uses these models to select bids under bud-
get and cost constraints. The framework is fully online, computa-
tionally lightweight, and easy to deploy. Offline simulations show
improvements over PID and dual online gradient descent, and on-
line budget-split A/B test demonstrates improved budget utilization,
cost efficiency, and bid stability over production baseline.

CCS Concepts

« Information systems — Online advertising; Display adver-
tising.
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1 Introduction

Online advertising has become a cornerstone of modern commerce,
enabling businesses to reach targeted audiences efficiently and at
scale. Digital advertising is also a primary revenue driver for major
online platforms, where advertisers pursue objectives ranging from
brand awareness and user engagement to clicks, conversions, and
sales.

Digital ad impressions are commonly sold through real-time bid-
ding (RTB), where bidding systems evaluate each opportunity and
submit bids within milliseconds. The platform then runs an auction,
selects the winning ad, and charges the advertiser according to the
campaign’s pricing rule, such as CPM, CPC, or CPV. Although RTB
has been extensively studied, most existing bidding methods are
designed for performance ads, which optimize lower-funnel out-
comes such as clicks, conversions, and sales. These campaigns often
face delayed and sparse feedback. Brand ads, by contrast, target
upper-funnel objectives such as impression and video view, where
feedback is typically faster and denser. This difference creates an
opportunity for bidding algorithms tailored to brand auction ads.
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This paper makes three contributions. First, we identify a production-

relevant brand-advertising regime in which dense, timely upper-
funnel feedback enables short-window online response estimation.
Second, we develop a serving-light one-step RHC controller that
estimates monotone bid-to-spend and bid-to-result curves using
isotonic regression and uses them to select bids under budget and
cost constraints, without a separate bid-landscape model-serving
dependency. Third, we validate this design through offline sim-
ulations and a production budget-split A/B test, demonstrating
improvements in budget utilization, cost efficiency and bid stability.

2 Related Work

Early digital advertising systems relied on manual bidding and
throttling-based pacing to avoid premature budget exhaustion or
underdelivery [2, 26]. More recent RTB work studies campaign-level
online optimization under budget and cost constraints, including
controller-based methods such as PID and dual online gradient
descent [5, 6, 9, 11, 13, 16, 17, 21, 23, 27, 28]. Learning-based ap-
proaches formulate constrained bidding as sequential decision prob-
lems [22, 25]. A separate line of work studies platform-level online
allocation and auto-bidding mechanisms [1, 3, 12, 18, 20]. For brand
ads, most prior work focuses on guaranteed delivery or exposure
planning rather than auction-based bidding [10, 14, 15, 19, 24]. Our
work focuses on auction-based brand campaigns and proposes a
lightweight online MPC approach for budget pacing without train-
ing or serving a high-dimensional policy.

3 Lightweight MPC Framework

We present a lightweight MPC framework for brand campaigns
under a simplified second-price auction model. Starting from the
budget-constrained max-delivery problem, we derive the optimal
bidding structure, use online isotonic regression to model the bid
landscape, and extend the framework to multi-constraint settings
such as cost caps. In this framework, MPC updates bids repeatedly
by combining the remaining budget with recent delivery feedback
and short-horizon spend targets.

3.1 Problem Formulation

We formulate the max-delivery problem for a brand advertising cam-
paign (e.g., an awareness or video ad) charged on a per-impression
basis. Let T be the predicted number of auction opportunities in a
day. For the t-th auction, let r; denote the utility, such as r, = 1 for
impression ads or the video play rate (VPR) for video ads. Let ¢; be
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the auction cost per impression. In a simplified second-price eCPM
auction, if the highest competing bid is c°*M, then ¢; = c€*M/1000.
Let x; € {0, 1} indicate whether the campaign wins auction t. The

budget-constrained max delivery problem is
T
max Xt Tt
xr€{0,1} ;

T
s.t. Zx, -¢y < B.
t=1

Under standard regularity conditions, such as i.i.d. ¢; and r;, the
optimal bid per impression takes the form [5, 17]

1

bl imp = ;—’ =b"-r, @)
where A* is the Lagrangian dual variable for the budget constraint
and b* = 1/A" is the optimal campaign-level bid per result. For
impression ads, each impression can be treated as a result. When
sufficient supply exists and the budget constraint is binding, the
optimal bid is chosen to exhaust the budget in expectation by cam-
paign end, motivating a target spend rate based on the remaining
budget and predicted auction opportunities. PID controllers and
dual online gradient descent methods use this idea by adjusting bids
or dual variables according to the gap between actual and target
spend rates.

In practice, bids are usually updated in batches rather than at
every auction. The bid multiplier, or equivalently the dual variable
A, is updated every At, and the bid remains fixed within each pac-
ing cycle. The interval At is typically chosen from a few seconds
to several minutes to balance update frequency and variance of
realized signals such as spend-rate.

3.2 General RHC Formulation and One-Step
MPC
Suppose the campaign is divided into K pacing cycles. Let A;

denote the auction opportunities in cycle j. If bid multiplier b; is
held fixed during that cycle, its realized spend and results are

Si(by) = D" ed{bm > e}, 3)
teA;

Vi(bj) = ). rifbyr = ek @
teA;

These responses are unknown in advance and must be estimated
online.

Atcycle k, an H-step RHC controller plans bid multipliers {bkm k }f:ko_ ! ,

where by,(|x denotes the bid for cycle k + £ computed using infor-
mation available at cycle k, and Hy = min{H, K — k}. Let §k+,|k(b)
and X7k+g| x(b) denote the corresponding predicted spend and result
responses. The controller solves

Hi—1

max Z Vi el (Drseli)
(Breselic} s =0
Het )

s.t. Z Skeii (br+ej) < BE,
=0

0 < bpyeik < by, €=0,...,H—1,
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where b, is the bid upper bound and
Y™ Nieeel

K-13
j=k Njik

B, = By (6)
allocates the remaining budget By to the horizon in proportion to
predicted auction supply. Because predicted spend is nonnegative
and B, < By, the budget-state recursion and nonnegativity con-
straints are implicit in (5). Only b

K|k
observes delivery, updates its predictions, and re-solves at cycle

k+1.

Upper-funnel brand signals are generally denser and faster than
deep-funnel conversions, motivating a locally stationary approx-
imation over a recent fitting window. We therefore set H = 1
in production to reduce serving complexity while retaining the
receding-horizon update: the controller predicts delivery for the
next interval, applies the resulting bid, and re-optimizes after ob-
serving new feedback. When H = 1, the RHC problem reduces to
choosing a single bid multiplier for the next pacing interval. The
target spend for the next pacing interval is

is applied; the controller then

j\\]klk

TS = B ——k
255 Niik

™)
Although the action horizon is one interval, TSy is lifetime-aware
because it depends on the remaining budget and predicted supply
over the remaining campaign. The one-step RHC problem becomes

max Vk\k(b)
0<b<by, (8)

s.t. §k|k(b) < TSk.

Since both expected spend and expected result are monotone non-
decreasing in the bid, the solution to (8) is the largest bid whose
predicted spend does not exceed the target spend:

bt = sup{b € [0,by] = Seie(b) < TSk}. )

In the rest of this paper, we implement the one-step rule in
(9). The next subsection describes how the predicted bid-to-spend
response §k|k(b) is estimated online using lightweight isotonic
regression.

3.3 Lightweight Bid-to-X Modeling

We construct one-step bid-to-X response models using isotonic
regression [7], where X may denote spend, impressions, or video
plays over a fixed pacing interval. We use spend to illustrate the
method; the other signals are handled analogously.

At pacing cycle k, we collect up to the N most recent completed
bid-spend observations {(b;, s;) }, where b; is fixed throughout in-
terval i and s; = S;(b;) is its realized spend. During warm-up, when
fewer than N observations are available, we use all available data
points. Before fitting, observations with identical bids are collapsed
by averaging their realized spends. We assume that auction sup-
ply and market composition remain sufficiently stable over this
recent window and the next interval. If supply varies materially,
the response can instead be estimated using spend per auction op-
portunity and rescaled by the predicted next-interval supply. Under
this local-stationarity assumption, the latent conditional mean

Sk(b) =E[s; | b; = b]
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Algorithm 1 Pool Adjacent Violators Algorithm (PAVA)

Algorithm 2 MPC-Based Max-Delivery Bid Update

1. Input: {(b, si)};_,. sorted by bid

2: Output: {(by, $¢)};_,, where §; < --- < §,

3: Initialize each observation as a block (Lg, Rk, Wk, k)
(k,k, 1, s¢)

4: Scan adjacent blocks from left to right

s: while two adjacent blocks satisfy y; > pj41 do

6: Merge them and set

Willi + Wir1Hi+1
w

W — w; + Wiy, H <

7: Recheck the preceding block
s: end while

9: for each final block (L, R, w, i) do
10: Set§y «— pforallk =L,...,R
11: end for

12: return {(bg, S},

is nondecreasing in b: for a fixed auction population, increasing the
bid can only expand the set of won auctions. Individual interval
observations are nevertheless affected by stochastic auction arrivals,
competing bids, and opportunity composition, and therefore are
not expected to be monotone. Isotonic regression estimates this
latent monotone response from the noisy observations; we denote
the resulting next-interval prediction by §k|k (b).
After ordering the observations by bid, isotonic regression solves
N
. 2
. min ;(si - z)".
PAVA [4, 8] solves this problem in O(N) time. In implementation,
the moving window is maintained in bid order, with each insertion
and deletion requiring O(log N) time, thus avoiding a complete
re-sort at every cycle.

We linearly interpolate between the fitted points to construct
§k‘k(b). Below the observed range, we interpolate between the
structural anchor (0, 0) and the first fitted point, since a zero bid
induces zero spend. Above the observed range, we extrapolate
from the last fitted point using a predefined positive slope pext. This
permits exploration beyond the observed bid range during cold start,
with pext controlling the exploration aggressiveness. Algorithms 1
and 2 summarize the fitting and bid-update procedures.

3.4 Extension

We extend the framework to cost-cap bidding, which maximizes
results subject to budget and average cost constraints [17]:

T
max X1y
xr€{0,1} ;
T
s.t. Zx,ct <B, (10)
t=1

where C is the advertiser-specified cost cap. Under standard reg-
ularity conditions, the optimal impression-level bid retains the

N
i=1°

bid; remaining budget By; predicted supply {ﬁ il k}ﬁi’kl ; bid up-

1: Input: recent bid-spend observations {(b;,s;)}.,, sorted by

per bound b,,; extrapolation slope pext > 0
: Output: Bid multiplier b

N}

3 if B <0 or 5! Njjx < 0 then
4: return 0

5. end if

6:

TSk — Bkﬁ#
j=k Nj|k
7. Apply Algorithm 1 to obtain {(b;, §,»)}f.‘i1
8: if TSy < §; then > interpolate from (0, 0)
by by ok
S1
10: else if TSy > Sy then > extrapolate above observed range
11:
b/t — min {by, bx + pext (TSk — $n)}

12: else > interpolate within observed range
13: Find the largest i < N such that §; < TSk

14:

TSk — S

bz —bi+ ~—~l(bi+1 - b;)

Si+1 — Si
15: end if
16: return by
multiplicative form

. _1+pcC

timp — Q1+ u* e = b*r[’
where A* and p* are the dual variables associated with the budget
and cost constraints.

At pacing cycle k, let NC denote the results accumulated so
far. If the controller spends the remaining budget By, satisfying the
lifetime cost cap requires

B
— <
NC + NCE™

where N C;fm denotes the additional results delivered over the re-
maining campaign. Thus,

>

B
NCE™ 2 = = NCi.
Define the residual result requirement

p¢=2_nc
k_c k-

When D,f > 0, the maximum affordable average cost per additional

result is B B
k k

TCp = —% = ——————, 11

7 DC T B/C- NG (11)

If Df < 0, sufficient results have already been accumulated to

satisfy the lifetime cap after spending the remaining budget, so the

cost constraint is inactive.
The next-interval target spend TSk is computed as in (7). Using
recent interval-level observations, we fit the predicted bid-to-spend
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and bid-to-result responses §k| x(b) and 6k| (D), respectively. When
the cost constraint is active, the predicted cost per result is

- Skk(®) 4
hk|k(b) = Al s Gk|k(b) > 0.
Grk (b)
The resulting one-step cost-cap problem is
G (b
oax. ik (b)
s.t. §k|k(b) < TSk, (12)
Sk (b -
Sak® e Gre(b) >0, ifDC >0,
Gk (b)

The cost constraint is omitted when D,f < 0. Although §k| x(b) and
6k|k(b) are nondecreasing, their ratio need not be monotone, so we
search over a bid grid. A bid with zero predicted results is infeasible
when the cost constraint is active. If no positive bid is predicted
feasible, the controller returns zero; in production, a configurable
low fallback bid may instead be used under conservative spend
safeguards to maintain limited delivery and refresh the response
estimates.

4 Evaluation

We evaluate the proposed MPC framework through offline sim-
ulations against PID and dual online gradient descent baselines,
followed by a large-scale online A/B test on TikTok brand auction
ads.

4.1 Offline Simulations

We run simulations to quantitatively evaluate the performance of
our proposed bidding algorithms.

4.1.1 Benchmarks. We compare our lightweight MPC against two
industry-standard pacing strategies.

PID. Following [28], at each pacing interval starting at 7 we com-
pute the normalized error

AS;
er=1-——,

TS,
where AS; is the actual spend and TS; is the target spend in that
interval. The bid is then adjusted based on the PID controller update
rule proposed in [28].
Dual Online Gradient Descent (DOGD). Following [17], at each
pacing interval 7 we update the dual variable A via

AS;/NR;
B/T |

where AS; is the actual spend, NR; is the number of auctions, B

is the total budget, T is the total predicted auction opportunities,

and ¢, is the learning rate. The bid per result is then set to 1/
according to (2).

/1(—/1—6,-(1 -

4.1.2  Experiment Set-up. We simulate a max-delivery video cam-
paign with B = 100 and T = 50,000 auction opportunities, updating
bids every 20 auctions. We sample r; = min{LogNorm(—1.4,0.6), 0.8}
and ¢; = max{LogNorm(—4,4), 1075}, where the log-normal pa-
rameters are fitted from internal production auction data. Bids are
initialized at 10™%, bounded by b, = 10, and rate-limited to +10%
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Algorithm 3 MPC-Based Cost-Cap Bid Update

1: Input: total budget B; cost cap C; remaining budget By; ac-
cumulated results NCy; predicted supply {Nj k}ﬁ‘:kl; recent
bid-spend and bid-result observations; bid upper bound b,;
grid step Ab

2: Output: bid multiplier by

K-1
N —~
Dk — Z lek
Jj=k

4 if By < OorDljj < Oorﬁk‘k < 0 then
5 return 0
6: end if
7: .
Nk
TSk — Bk_N
Dy
8:
c B
Dy « = = NG

C
9 if D{ > 0 then
10: TCy < Bi/Df
11: CostActive « true
12: else
13: TCy « 4
14: CostActive « false
15: end if
16: Construct §;<|k(b) and Ek\k(b) using PAVA and the interpola-
tion/extrapolation rules in Section 3.3
17: Initialize b; « 0
18: for b « Ab to b, with step Ab do
19: _ _
s < S (b), g < Grir(b)
20: if s < TS, and (~CostActive or (g > 0 and s/g < TCy))
then

21: bz —b
22: end if
23: end for

24: return by > 0 if no positive bid is feasible

per update. MPC uses N = 100 intervals and upper extrapolation
slope 0.2; PID uses gains (0.1, 0.001, 0.05), and DOGD uses initial
learning rate 0.3 with inverse-round decay. All simulations use
random seed 314.

For each bidding algorithm, each simulation episode continues
until either the campaign budget is fully depleted or all auction op-
portunities are exhausted. We run 100 episodes for each algorithm
and report the average of metrics to assess performance.

4.1.3 Result Analysis. Several evaluation metrics are computed,
including the budget utilization rate (BUR) to measure pacing effi-
ciency, the cost per video view (CPV) to evaluate return on invest-
ment (ROI) for advertisers, and the bid variance (BV) to assess the
stability of pacing dynamics.

The BUR is defined as the ratio of the delivered budget to the
total allocated budget. To compute CPV, we approximate the total
number of video views by summing the sampled VPR values across
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Table 1: Performance Comparison of Max Delivery

Algorithm BUR (%) #Impressions CPV BV

PID 99.9 23,759 0.01360  0.0860
DOGD 99.9 22,754 0.01422 0.1653
MPC 99.8 24,582 0.01319  0.0346
Oracle 99.9 24,584 0.01318  0.00

Bidding Dynamics Across Algorithms (Rescaled)

—— ORACLE

—— DOGD

| m M 4 U mMI u’:,

Rescaled Bid (b,)

4 10000 20000 30000 40000 50000
Auction Round (t)

Figure 1: Illustrative bid trajectories from one simulation
episode, with bids rescaled to [0, 1].

all winning auction opportunities. The BV is defined as:

BV = y b’
= ? Z (l — E) 5
1=1
where b, is the bid at time ¢, and by, is the average bid during the
pacing day. A lower BV indicates more stable bidding behavior,
leading to smoother budget pacing and delivery.

We first perform a hindsight grid search over constant bid mul-
tipliers using the realized auction sequence and report the best-
performing value as the oracle constant-bid benchmark. The result
is optimal within the searched constant-bid class, up to grid resolu-
tion. We then fine-tune the PID controller (by adjusting the control
gains) and the DOGD algorithm (by tuning the learning rate) to
identify their optimal configurations. The simulation results are
summarized in Table 1. All tuned algorithms achieve near-full bud-
get utilization. MPC approaches the oracle constant-bid result and
attains lower CPV than the tested PID and DOGD baselines. This
improvement is partially due to its reduction of bid variance, which
helps stabilize the bid dynamics.

To further validate our hypothesis, we plot a sampled path of
bid(rescaled to [0, 1]) to illustrate the pacing dynamics of each
algorithm in Figure 1. The proposed controller produces smoother
bid updates. PID and DOGD update their bid or dual variable from
realized pacing errors, whereas our controller maps a lifetime-aware
target spend directly to a bid through the learned bid-to-spend
model. This model-based update is consistent with the lower bid
variance reported in Table 1.

We also test robustness to cold-start bid initialization by varying
the initial bid from 0.0001 to 1.0. As shown in Figure 2, MPC remains
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Robustness of Algorithms: CPV vs. Initial Bid

0.0325 { —®— ORACLE
PID
—e— DOGD

0.0300 1
—e— MPC

0.0275 4

0.0250 -

0.0225 4

Average CPV

0.0200 -

0.0175 4

0.0150 -

0.0125 4

T T T T T T T
0.0001 0.001 0.01 0.1 0.2 0.5 1.0
Initial Bid Value

Figure 2: CPV versus initial bid value for each algorithm.
MPC is robust to initialization, while PID and DOGD suffer
as the cold-start bid deviates from oracle constant bid.

Table 2: Relative lift of the proposed controller over the pro-
duction PID-type controller in the seven-day budget-split
experiment. All entries are individually statistically signifi-
cant at p < 0.05. Positive lift is better for BUR; negative lift is
better for CPM, CPV and bid variance.

Metric Max Delivery Cost Cap
Budget Utilization Rate +0.22% +1.13%
CPM -0.17% -0.37%
CPV -0.80% -2.97%
Bid variance -2.10% -1.99%

close to the oracle constant-bid CPV across the tested initializations,
whereas PID and DOGD are more sensitive to initialization.

4.2 Large-Scale Online Budget-Split A/B Test

We evaluated the proposed controller in a seven-day online experi-
ment on TikTok brand auction campaigns using the platform’s stan-
dard within-campaign budget-split framework. For each campaign,
the budget was divided equally between treatment and control,
forming two equal-budget demand cohorts. Eligible supply traffic
was randomly assigned between the two cohorts with equal proba-
bility. All other production configurations, including targeting and
ranking models, were held fixed; the only difference was the bid-
ding controller. The treatment used the proposed MPC controller,
whereas the control used the production PID-type controller. The
experiment included max-delivery and cost-cap campaigns with
awareness and video-view objectives. We omit the absolute cam-
paign count for business-confidentiality reasons.

Table 2 reports the relative lift of treatment over control. Met-
rics are aggregated over the seven-day period for each campaign
cohort, and significance is assessed using two-sided paired ¢-tests
on the within-campaign treatment-control differences. All reported
effects are significant at the 5% level, with 95% confidence intervals
excluding zero.
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5 Remarks

The unique attributes of brand auction ads make this lightweight
framework particularly effective. The framework only requires
recent bid-response pairs and fits low-dimensional monotone bid-
to-spend and bid-to-result curves online. Compared with heavy ML-
based landscape models or high-dimensional auction simulators,
this design is easier to deploy, debug, and stabilize in production.
It also avoids introducing a separate model-serving dependency
into the bidding loop, which is important for real-time advertising
systems.

In this paper, we focus mainly on upper-funnel brand objectives
with relatively fast feedback. In practice, brand campaigns may
optimize different billing or optimization events, such as impres-
sions, 2-second views, 5-second views, or 15-second views. Longer
video-view objectives introduce additional feedback delay, but in
online experiments we find that such impact is relatively small on
performance, even for 15-second video ads.

Extending the same framework to deep-funnel performance ads
is more challenging. Clicks and conversions are delayed, sparse,
and noisier than upper-funnel brand signals. As a result, the recent
pacing-interval feedback used to estimate the bid-response mod-
els becomes less reliable. Applying this approach to performance
campaigns would require additional components for prediction
calibration, delayed-feedback correction, attribution, and variance
reduction.

6 Conclusion

This work presented a lightweight MPC-based bidding framework
for brand auction ads. By learning monotone bid-response models
online, the method provides an interpretable and low-overhead way
to control budget pacing and cost efficiency. Offline simulations and
large-scale online A/B testing validate its practical effectiveness,
while extending the approach to delayed and sparse performance-ad
feedback remains future work.
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