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Abstract. Real-time bidding (RTB) in sponsored search advertising has
been extensively studied, yet a critical gap remains: how should adver-
tisers set optimal bids in Manual Targeting (MT) campaigns where bids
must be specified upfront without real-time adjustment? Unlike Auto-
mated Targeting campaigns that dynamically modify bids based on auc-
tion context, MT campaigns, which account for nearly 30% of advertisers
on major e-commerce platforms, require advertisers to commit to fixed
keyword-level bids offline. We present OPTIMUS, a novel algorithm
for optimal offline bid recommendation in MT campaigns. We formulate
the problem as constrained optimization over sales maximization subject
to budget constraints, and prove that at optimality, the marginal return
on ad spend must be equalized across all targeting clauses. This insight
yields an efficient Lagrangian-based algorithm that leverages bid land-
scape forecasting, click-through rate, and conversion rate models trained
on historical auction logs. We establish theoretical guarantees for opti-
mality and demonstrate that OPTIMUS scales to millions of campaigns.
Extensive experiments on a major e-commerce advertising platform show
that OPTIMUS achieves 2–6% improvements in sales, units sold,
and click volume over production baselines in online A/B tests,
while also improving end-user experience through higher CTR and CVR
by preferentially bidding on more relevant query-product pairs.

Keywords: Real-time bidding · Bid optimization · Display advertising
· Manual targeting · Constrained optimization

1 Introduction

Online advertising has fundamentally transformed how businesses reach con-
sumers and how users discover products and services on the web [?,?,?]. Spon-
sored search [?], where paid advertisements appear alongside organic search re-
sults, has emerged as a cornerstone of this ecosystem. For e-commerce platforms,
sponsored search serves a dual purpose: it generates substantial advertising rev-
enue while enabling sellers to increase the visibility of their products to poten-
tial buyers. The mechanism underlying sponsored search is Real-Time Bidding
(RTB) [?], where advertisers compete in auctions for ad placements each time
a user submits a search query. The winning ads are displayed to the user, and
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Fig. 1. Comparison of bidding mechanisms in online advertising. In Automated Tar-
geting (AT), the platform dynamically adjusts bids per impression based on real-time
signals. In Manual Targeting (MT), advertisers specify a single offline bid per keyword,
used uniformly across all matched queries, creating a challenging offline optimization
problem.

advertisers are typically charged when their ad is clicked (pay-per-click). The
bid an advertiser places directly influences both their probability of winning the
auction and the cost they incur, making bid optimization a critical challenge.

Advertising campaigns on major platforms can be broadly classified into
two categories based on how bids are determined. In Automated Targeting
(AT) campaigns, the advertising platform dynamically adjusts bids in real-time
based on contextual signals such as user demographics, device type, time of day,
and predicted conversion likelihood. In contrast, Manual Targeting (MT)
campaigns require advertisers to specify their bids upfront at the keyword level,
without the ability to modify them based on real-time auction context. Figure 1
illustrates this fundamental distinction: while AT campaigns benefit from per-
query optimization with real-time feedback, MT campaigns must use a single
fixed bid across all queries matching a keyword, creating a challenging offline
optimization problem.

Despite the growing sophistication of automated bidding systems, MT cam-
paigns remain prevalent. On major e-commerce advertising platforms, nearly
30% of advertisers use MT campaigns, often because they prefer direct control
over their bidding strategy or operate in domains where automated systems lack
sufficient historical data. For these advertisers, the question of how to set op-
timal offline bids (bids that maximize their key performance indicators such as
sales, Return on Ad Spend, or click volume) is of paramount importance.

While the literature on online bid optimization in RTB is extensive [?,?,?],
the problem of setting optimal offline bids for MT campaigns has received sur-
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prisingly little attention. The seminal work of Zhang et al. [?] established that
in second-price auctions, the optimal bid for each impression should be pro-
portional to its expected value. However, this result assumes the ability to set
different bids for each impression opportunity, a capability that MT campaigns
fundamentally lack. In MT campaigns, a single bid must be specified for each
targeting clause (product-keyword-match type tuple), and this same bid is used
across all queries that match that keyword. This constraint renders existing on-
line bidding strategies inapplicable.

To address this gap, we propose OPTIMUS (Optimal Offline Bidding
Strategy for Manual Targeting Advertising Campaigns), a novel algorithm for
recommending optimal offline bids in MT campaigns. Our key insight is that at
the optimal bid allocation, the marginal return on ad spend (the incremental
sales generated per incremental dollar of advertising cost) must be equalized
across all targeting clauses. This principle, derived from Lagrangian optimization
theory, enables us to develop an efficient algorithm that finds the globally optimal
bid configuration.

Contributions. This paper makes the following contributions:

1. Problem Formulation. We formally define the offline bid optimization
problem for MT campaigns and establish its distinction from online bid op-
timization (Section 3.4). We prove that sales maximization subject to budget
constraints and ROAS maximization subject to minimum sales constraints
are equivalent formulations (Section 3).

2. Optimal Algorithm. We derive OPTIMUS , a theoretically optimal algo-
rithm for offline bid recommendation based on equalizing marginal returns
across targeting clauses (Section 4). The algorithm leverages bid landscape
forecasting, click-through rate (CTR), and conversion rate (CVR) models
trained on historical auction logs, and scales efficiently to millions of cam-
paigns.

3. Empirical Validation. We demonstrate the efficacy of OPTIMUS through
extensive experiments on a major e-commerce advertising platform (Sec-
tion 5). In online A/B tests, OPTIMUS achieves 2–6% improvements in
sales, units sold, and click volume over production baselines. Offline exper-
iments on auction logs show consistent outperformance against value-based
and relevance-based bidding strategies.

2 Related Work

Optimal Bidding in RTB. Zhang et al. [?] established that in second-price auc-
tions, the optimal bid for an impression with expected value ui is b∗i = ui/λ,
where λ enforces budget constraints. This foundational result assumes adver-
tisers can set per-impression bids, a capability unavailable in Manual Targeting
campaigns, where a single bid must apply uniformly across all matched queries.
This constraint motivates our work.
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Dynamic Bidding Strategies. Dynamic approaches adapt bids in real-time using
control-theoretic methods [?] or, more recently, Reinforcement Learning [?,?,?,?].
RL-based methods model bidding as an MDP where states encode auction char-
acteristics, actions adjust bids, and rewards reflect advertiser KPIs. While pow-
erful, these methods require real-time inference, which is unavailable in MT
campaigns where bids are fixed at campaign creation. OPTIMUS addresses the
complementary problem of setting optimal static bids.

Bid Landscape Forecasting. Predicting competitor bid distributions is essential
for bid optimization. Approaches range from parametric models (Gaussian, Log-
Normal, Gamma distributions) [?,?,?,?] to non-parametric deep learning meth-
ods like Deep Landscape Forecasting [?]. OPTIMUS is model-agnostic; we use
a classification-based approach [?] that estimates the CDF of competitor bids
for efficient win probability and CPC computation.

Response Prediction. CTR and CVR prediction has evolved from logistic regres-
sion and Factorization Machines [?,?] to deep learning approaches. DeepFM [?]
combines factorization machines with neural networks for strong industrial per-
formance. OPTIMUS uses DeepFM-based models with temperature calibration
to ensure well-calibrated probability estimates for aggregate optimization.

Positioning. To our knowledge, OPTIMUS is the first to address optimal of-
fline bid setting for Manual Targeting campaigns. Unlike online methods that
optimize per-impression bids, our key insight is that optimal offline bids must
equalize marginal returns across targeting clauses, a different optimality condi-
tion derived from Lagrangian optimization applied to historical auction logs.

3 Problem Formulation

We formalize the offline bid optimization problem for Manual Targeting (MT)
campaigns. We first establish notation and the problem setup, then present the
optimization objectives and prove key structural properties that enable our so-
lution.

3.1 Notation and Setup

Consider an MT advertising campaign M consisting of m targeting clauses T =
{t1, t2, . . . , tm}. Each targeting clause ti is a tuple (Ai, ki, τi) comprising a prod-
uct Ai with price Vi, a keyword ki, and a match type τi ∈ {exact, phrase, broad}.
The advertiser assigns a bid bi ∈ R>0 to each targeting clause. Table 1 summa-
rizes our notation.

When a user submits query q, the advertising platform matches it to targeting
clauses based on keyword relevance and match type. Let Qi = {q(i)1 , q

(i)
2 , . . . , q

(i)
ni }

denote the set of historical queries matched to targeting clause ti, with n =∑m
i=1 ni total impression opportunities.
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Table 1. Summary of notation.

Symbol Description

T = {t1, . . . , tm} Set of m targeting clauses
ti = (Ai, ki, τi) Product, keyword, match type for clause i

Vi Price of product Ai

bi Offline bid for targeting clause ti
Qi Set of queries matched to clause ti
ctr(q,Ai) Click-through rate for query q, product Ai

cvr(q,Ai) Conversion rate (given click)
w(q, bi) Auction win probability at bid bi
cpc(q, bi) Expected cost-per-click at bid bi
B Campaign budget constraint

For each matched query, the campaign participates in a real-time auction.
We assume a second-price auction mechanism [?], where the winner pays the
second-highest bid. Let Zq denote the random variable representing the max-
imum competitor bid for query q. The auction win probability and expected
cost-per-click are:

w(q, b) = Pr[Zq < b] =

∫ b

0

pq(z) dz (1)

cpc(q, b) = E[Zq | Zq < b] =

∫ b

0
z · pq(z) dz∫ b

0
pq(z) dz

(2)

where pq(z) is the probability density of competitor bids for query q.

3.2 Expected Sales and Cost

For a query q ∈ Qi matched to targeting clause ti, a sale occurs through the
following sequence: (1) the ad wins the auction with probability w(q, bi); (2)
the user clicks the ad with probability ctr(q, Ai); (3) the user purchases with
probability cvr(q, Ai), generating revenue Vi. The advertiser incurs cost cpc(q, bi)
upon click.

The expected sales and cost for a single query-clause match are:

E[S(q, ti)] = w(q, bi) · ctr(q, Ai) · cvr(q, Ai) · Vi (3)
E[C(q, ti)] = w(q, bi) · ctr(q, Ai) · cpc(q, bi) (4)
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Aggregating over all queries and targeting clauses, the total expected sales
and cost for campaign M are:

E[S(b)] =
m∑
i=1

∑
q∈Qi

w(q, bi) · ctr(q, Ai) · cvr(q, Ai) · Vi (5)

E[C(b)] =

m∑
i=1

∑
q∈Qi

w(q, bi) · ctr(q, Ai) · cpc(q, bi) (6)

where b = (b1, b2, . . . , bm) is the vector of bids.

3.3 Optimization Objectives

Advertisers typically seek to maximize sales subject to a budget constraint, or
maximize return on ad spend (ROAS) subject to minimum sales requirements.
We formalize both objectives.

Sales Maximization. Given budget B > 0:

max
b∈Rm

>0

E[S(b)] subject to E[C(b)] ≤ B (7)

ROAS Maximization. Given budget B > 0 and minimum sales target Smin > 0:

max
b∈Rm

>0

E[S(b)]
E[C(b)]

subject to E[C(b)] ≤ B, E[S(b)] ≥ Smin (8)

We now establish that these two formulations are equivalent under appropri-
ate parameter choices. We suppress the expectations for brevity of notations.

Lemma 1 (Diminishing Returns). The marginal return on cost is positive
and decreasing: dS

dC > 0 and d2S
dC2 < 0.

Proof. Using the chain rule, dS
dC = ∂S/∂b

∂C/∂b . From Equations (1)–(2) and the fun-
damental theorem of calculus:

∂w

∂b
= pq(b),

∂(w · cpc)
∂b

= b · pq(b)

Thus ∂S
∂b ∝ ctr · cvr · V · pq(b) and ∂C

∂b ∝ ctr · b · pq(b), yielding:

dS

dC
∝ cvr · V

b
> 0

Since dS
dC decreases in b and C is monotonically increasing in b, we have d2S

dC2 < 0.

Theorem 1 (Equivalence of Objectives). Let (b∗
1, S

∗
1 , C

∗
1 ) be the optimal

solution to (7) and (b∗
2, S

∗
2 , C

∗
2 ) be the optimal solution to (8). If Smin = S∗

1 ,
then b∗

1 = b∗
2, S∗

1 = S∗
2 , and C∗

1 = C∗
2 = B.
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Proof. Since S is increasing in C (Lemma 1), the budget constraint in (7) is
tight at optimality: C∗

1 = B.
For (8), diminishing returns implies S/C is decreasing in C. Thus, ROAS is

maximized at the minimum feasible cost, which occurs when S = Smin. Setting
Smin = S∗

1 yields S∗
2 = S∗

1 . Since S is monotonic in C, equal sales implies equal
costs: C∗

2 = C∗
1 = B.

This equivalence allows us to focus on the sales maximization formulation (7)
without loss of generality.

3.4 Distinction from Online Bid Optimization

The offline bid optimization problem differs fundamentally from online RTB
optimization. In online settings, Zhang et al. [?] showed that the optimal bid for
impression j with expected value uj = ctrj · cvrj · Vj is:

b∗j =
uj

λ
(9)

where λ is a Lagrange multiplier enforcing the budget constraint.
This result requires setting different bids for each impression. In MT cam-

paigns, we face a stricter constraint: a single bid bi must be used for all queries
q ∈ Qi matched to targeting clause ti. The queries in Qi are heterogeneous: they
have different CTRs, CVRs, and competitor bid distributions, yet must share a
common bid.

This constraint fundamentally changes the optimization landscape. Rather
than optimizing per-impression bids, we must find bids that perform well in
aggregate across the query distribution for each targeting clause. In Section 4,
we derive the optimality conditions for this setting and present an efficient al-
gorithm.

4 Optimization Algorithm

We now derive an efficient algorithm for solving the offline bid optimization
problem (7). Our approach is grounded in Lagrangian duality theory [?] and
exploits the separable structure of the objective function. Figure 2 provides an
overview of the complete OPTIMUS framework.

4.1 Key Insight: Marginal Return Equalization

By Theorem 1, we focus on the sales maximization formulation. Let Si(bi) and
Ci(bi) denote the expected sales and cost for targeting clause ti as functions of
bid bi. The optimization problem can be written compactly as:

max
b∈Rm

>0

m∑
i=1

Si(bi) subject to
m∑
i=1

Ci(bi) ≤ B (10)
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Fig. 2. OPTIMUS pipeline: auction logs feed bid landscape, CTR, and CVR models to
compute sales/cost curves per targeting clause. Binary search over λ equalizes marginal
returns and satisfies the budget constraint.

The key insight underlying OPTIMUS is that at optimality, the marginal
return on ad spend must be equalized across all targeting clauses. Intuitively,
if one targeting clause offers a higher marginal return than another, we could
improve total sales by reallocating budget from the lower-return clause to the
higher-return one. For instance, if dS1

dC1
= 2 and dS2

dC2
= 3, shifting $1 from t1 to

t2 gains $1 in sales at zero net cost change, so the original allocation cannot be
optimal.

This intuition is formalized in the following theorem.

Theorem 2 (Optimality Conditions). The optimization problem (10) ad-
mits a unique solution b∗ = (b∗1, . . . , b

∗
m) satisfying:

1. Equal Marginal Returns: There exists λ∗ > 0 such that for all i ∈
{1, . . . ,m}:

dSi

dCi

∣∣∣∣
bi=b∗i

= λ∗ (11)

2. Budget Exhaustion: The budget constraint is tight:
∑m

i=1 Ci(b
∗
i ) = B.

Proof. Since both Si and Ci are strictly increasing in bi (higher bids win more
auctions), we can apply the Implicit Function Theorem to express Si as a func-
tion of Ci. The optimization becomes:

max
C1,...,Cm

m∑
i=1

Si(Ci) s.t.
m∑
i=1

Ci ≤ B (12)
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Fig. 3. Illustration of the optimality condition for a campaign with four targeting
clauses {t0, t1, t2, t3}. Each curve shows the sales-cost relationship Si(Ci) for one clause.
At the optimum (marked points), all marginal returns dSi

dCi
are equal to λ∗, and the

total cost equals the budget B.

The Lagrangian is L =
∑m

i=1 Si(Ci) − λ (
∑m

i=1 Ci −B), where λ ≥ 0 is
the Lagrange multiplier. The first-order optimality conditions (KKT conditions)
require:

∂L
∂Ci

=
dSi

dCi
− λ = 0 ⇒ dSi

dCi
= λ ∀i (13)

By Lemma 1, Si(Ci) is strictly concave, ensuring uniqueness. Since dSi

dCi
> 0

(positive marginal returns), we have λ∗ > 0, implying the budget constraint is
active by complementary slackness.

4.2 Algorithm Design

Theorem 2 provides a constructive approach to finding optimal bids. The equal
marginal return condition (11) implies that for any candidate λ, we can deter-
mine the corresponding bid bi(λ) for each targeting clause by solving dSi

dCi

∣∣
bi
= λ.

The budget exhaustion condition then determines the correct value of λ∗.
The algorithm proceeds in two phases:

Phase 1: Precomputation. For each targeting clause ti, we discretize the bid space
[bmin, bmax] into L values and compute the corresponding (Si, Ci) pairs using the
CTR, CVR, and bid landscape models. We then compute the marginal return

g
(l)
i =

S
(l)
i −S

(l−1)
i

C
(l)
i −C

(l−1)
i

for each bid level.

Phase 2: Binary Search over λ. By Lemma 1, the marginal return dSi

dCi
is mono-

tonically decreasing in bi. This monotonicity enables binary search: for a given
λ, we find the bid bi(λ) where the marginal return equals λ, compute the total
cost C(λ) =

∑
i Ci(bi(λ)), and adjust λ accordingly until C(λ) = B.

Algorithm 4 presents the complete procedure.

4.3 Complexity Analysis

Let n denote the total number of historical impressions across all targeting
clauses, m the number of targeting clauses, and L the bid discretization granu-
larity.
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Algorithm 1: OPTIMUS : Optimal Offline Bid Optimization

Input: Targeting clauses {t1, . . . , tm}, budget B, bid range [bmin, bmax], tolerance
ϵ
Output: Optimal bids b∗ = (b∗1, . . . , b

∗
m)

// Phase 1: Precomputation
for i = 1 to m do

Discretize bids: Bi = {bmin, bmin + δ, . . . , bmax}
for each b ∈ Bi do

Compute Si(b) and Ci(b) using Eqs. (5)–(6)
Compute marginal returns gi(b) =

∆Si
∆Ci

for each bid level
// Phase 2: Binary Search over λ
Initialize λlo ← 0, λhi ← maxi gi(bmin)
while λhi − λlo > ϵ do

λ← (λlo + λhi)/2
for i = 1 to m do

bi(λ)← argminb∈Bi |gi(b)− λ|
Ctotal ←

∑m
i=1 Ci(bi(λ))

if Ctotal < B then λhi ← λ
else λlo ← λ

return b∗ = (b1(λ), . . . , bm(λ))

Fig. 4. The OPTIMUS algorithm for optimal offline bid optimization.

Precomputation (Phase 1): Computing (Si, Ci) for each bid level requires eval-
uating CTR, CVR, and bid landscape models over all queries in Qi. This takes
O(n · L) time across all clauses.

Binary Search (Phase 2): Each iteration requires O(m · logL) time to find bids
matching the target λ (using binary search within each clause). With O(log(1/ϵ))
iterations for convergence, the total is O(m · logL · log(1/ϵ)).

Overall: The dominant cost is precomputation, yielding O(n · L) complexity.
Since L is typically small (a few hundred bid levels), OPTIMUS scales lin-
early with the number of impressions and can efficiently handle campaigns with
millions of historical queries.

4.4 Component Models

Algorithm 4 requires three predictive models trained on historical auction logs.
Importantly, OPTIMUS is model-agnostic: any improvements in these compo-
nent models directly translate to better bid recommendations.

The bid landscape model estimates the CDF of competitor bids Pq(b) =
Pr[Zq < b] using a classification-based approach [?], enabling computation of
win probability w(q, b) = Pq(b) and expected CPC via integration by parts.
For CTR and CVR prediction, we employ DeepFM [?], a factorization-machine
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Table 2. Dataset statistics for offline evaluation.

Attribute Value

Total ad requests ∼4 billion
Time period 7 days
Training set Days 1–4
Test set Days 5–7
Campaigns evaluated 10,000+
Avg. targeting clauses per campaign 50–200

based neural network that captures both low-order and high-order feature inter-
actions from query, product, and contextual features. Both models are calibrated
using temperature scaling [?] to ensure well-calibrated probability estimates for
aggregate optimization.

5 Experiments

We evaluate OPTIMUS through both offline counterfactual analysis on histori-
cal auction logs and online A/B experiments on live traffic. This dual evaluation
strategy validates both the theoretical soundness of our approach and its prac-
tical effectiveness in production environments.

5.1 Experimental Setup

Dataset Description. We collected historical auction logs from a major e-
commerce advertising platform over a 7-day period. Table 2 summarizes the
dataset characteristics.

Each auction log record contains query information (user search query and
timestamp), auction participants (all competing ads and their submitted bids,
including non-winners), model predictions (pre-computed CTR and CVR esti-
mates for each query-ad pair), and outcome labels (click and conversion indica-
tors for winning impressions). The exhaustive recording of all participant bids
(not just winners) enables counterfactual evaluation: given any bid value b, we
can determine whether the ad would have won and at what cost.

Evaluation Metrics. We measure performance using Sales (total attributed
sales value in millions), Units (number of units sold in thousands), Clicks (to-
tal clicks received in millions), Impressions (total ad impressions served), and
CTR/CVR (click-through and conversion rates). For A/B experiments, we re-
port percentage improvement of Treatment over Control. Statistical significance
is assessed using two-sample t-tests with p < 0.01 threshold.
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Table 3. Offline performance comparison (Sales in $M, Units in K, Clicks in M).

Method Sales Units Clicks

OPTIMUS 6.81 59.7 0.391
VBB 6.23 56.1 0.359
RBB 6.18 55.2 0.349

OPTIMUS vs VBB +9.3% +6.4% +8.9%
OPTIMUS vs RBB +10.2% +8.2% +12.0%

Baseline Methods. Since limited prior work addresses offline bid optimization
for MT campaigns, we developed two competitive baselines:

Value-Based Bidding (VBB) [?]: Extends real-time bidding theory to
the offline setting. The optimal per-impression bid is ui/λ where ui = ctr(q, Ai) ·
cvr(q,Ai) · Vi. Since MT requires a single bid per targeting clause, we average
across matched queries:

bi =
1

|Qi|
∑
q∈Qi

uq

λ
(14)

The Lagrange multiplier λ is tuned via line search to satisfy the budget con-
straint.

Relevance-Based Bidding (RBB) [?]: Assigns higher bids to targeting
clauses with stronger query-product relevance:

bi =
1

|Qi|
∑
q∈Qi

rel(q, Ai)

λ
(15)

where rel(q,Ai) is a learned relevance score. The multiplier λ is determined via
cross-validation.

The key distinction is that VBB and RBB use averaged signals to set bids,
while OPTIMUS optimizes based on marginal returns, a fundamentally different
criterion derived from our theoretical analysis.

5.2 Offline Evaluation

Counterfactual Simulation. Using the logged auction data, we simulate cam-
paign performance under different bidding strategies. For each targeting clause
bid bi, we replay all historical auctions to compute win rate (fraction of auctions
won), expected cost (sum of CPCs for won auctions), and expected sales (at-
tributed conversions × product values). This counterfactual approach answers:
“What would have happened if we had bid b instead of the observed bid?”

Results. Table 3 presents the offline evaluation results.
OPTIMUS achieves 9–10% higher sales than both baselines while operating

under identical budget constraints. The improvement stems from the marginal
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Table 4. Online A/B results: % improvement of OPTIMUS over Control (p < 0.01
for all).

Exp. Sales Units Impr. Clicks

E1 +2.85 +2.48 +2.37 +2.10
E2 +3.21 +3.28 +1.26 +1.20
E3 +6.24 +5.89 +3.79 +2.74
E4 +1.97 +1.38 +2.83 +3.79

Average +3.57 +3.26 +2.56 +2.46

return equalization principle: OPTIMUS reallocates budget from low-efficiency
targeting clauses to high-efficiency ones, whereas VBB and RBB distribute bud-
get based on average (not marginal) value signals.

5.3 Online A/B Experiments

Experimental Design. We conducted four A/B experiments on live traffic:
MT campaigns were randomly assigned to Treatment (OPTIMUS ) or Control
(expert-set bids), with the objective of maximizing sales subject to advertiser-
specified budget. Experiments ran for 2–4 weeks each. Campaign segments E1, E2

represent mature campaigns (tenure >30 days), while E3, E4 represent new cam-
paigns (tenure <30 days).

Results. Table 4 summarizes the A/B experiment results.
Key observations: OPTIMUS consistently outperforms expert-set bids across

all experiments and metrics. Larger gains on newer campaigns (E3: +6.24% sales)
suggest OPTIMUS is particularly effective when historical performance data is
limited. All improvements are statistically significant (p < 0.01).

5.4 Analysis and Insights

Bid Reallocation Behavior. Figure 5 visualizes how OPTIMUS modifies
bids relative to initial values. Each point represents a targeting clause; the x-
axis shows the marginal cost-to-sales ratio dC/dS at the initial bid.

The pattern confirms our theoretical prediction: OPTIMUS increases bids
for targeting clauses with low marginal cost (high efficiency) and decreases bids
for those with high marginal cost (low efficiency), driving toward the equilibrium
where all marginal returns are equalized.

Impact on User Experience. An unexpected benefit of OPTIMUS is im-
proved CTR and CVR in live traffic. By bidding higher on targeting clauses with
strong query-product relevance (which correlates with high CVR), OPTIMUS
preferentially wins auctions for highly relevant ads. This creates a virtuous cycle:
better ad relevance → higher CTR/CVR → improved user experience.
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Fig. 5. Bid adjustments by OPTIMUS . Targeting clauses with high dC/dS (ineffi-
cient) have bids reduced; those with low dC/dS (efficient) have bids increased.

Computational Efficiency. In production, OPTIMUS processes campaigns
with 50–200 targeting clauses and millions of historical impressions. The two-
phase algorithm (Section 4.2) enables efficient optimization: Phase 1 (precompu-
tation) is parallelizable across targeting clauses, while Phase 2 (binary search)
converges in O(log(1/ϵ)) iterations. End-to-end bid optimization completes in
under 10 seconds per campaign on commodity hardware.

6 Conclusion

We introduced OPTIMUS , the first algorithm for optimal offline bid recom-
mendation in Manual Targeting (MT) campaigns, a setting that governs nearly
30% of advertisers yet has been largely overlooked by the real-time bidding lit-
erature. Our central result is a characterization of optimality: at the optimal
allocation, the marginal return on ad spend is equalized across all targeting
clauses. This condition yields a provably optimal two-phase algorithm that runs
in O(n · r +m log(1/ϵ)) time and scales to millions of campaigns. Across offline
auction-log experiments and online A/B tests on a major e-commerce platform,
OPTIMUS delivers 9–10% offline and 2–6% online (p < 0.01) gains in sales
over production baselines, while raising CTR and CVR by shifting spend to-
ward more relevant query–product pairs, an outcome that benefits advertisers
and users alike.

Two assumptions bound these results: stationary market conditions and the
use of point estimates from the component bid-landscape, CTR, and CVR mod-
els. Relaxing them motivates our future work on robust optimization under
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model uncertainty and adaptation to non-stationary environments. We also see
promising directions in modeling cross-targeting-clause dependencies and ex-
tending the framework to multi-objective settings beyond sales maximization.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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