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ABSTRACT

Digital platforms operate under a persistent tension between aggressive marketing investment, disciplined
revenue recovery, and strict platform cost control. Marketing attribution pipelines seek to explain which
channels and touchpoints drive incremental performance, while revenue recovery systems concentrate on
detecting leakage, fraud, and uncollectable exposure. At the same time, platform cost optimizers emphasize
infrastructure, bidding, and operational costs that are often invisible to attribution and recovery stakeholders.
In many organizations these three functions are implemented as distinct models, optimized on different
horizons, trained on different samples, and governed by inconsistent constraints. This separation frequently
produces contradictory incentives, unstable budgets, and nontransparent trade-offs. This study examines
ensemble coordination mechanisms that explicitly couple attribution, revenue recovery, and cost optimization
into a single optimization layer. The central idea is to treat each domain model as a base learner whose
outputs are harmonized by a shared coordination variable and a multi-objective linear optimizer. The paper
develops a formal system representation, a linearized objective integrating business and technical constraints,
and a class of distributed algorithms capable of operating with incomplete and delayed information. An
illustrative experimental design is used to discuss how the proposed coordination layer can stabilize budget
allocation, reduce oscillations between aggressive growth and cost cutting, and expose interpretable trade-off
surfaces to decision makers. The overall formulation remains compatible with existing marketing technology
stacks and supports gradual adoption without requiring wholesale system redesign.
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Figure 1: High-level coordination architecture in which a central ensemble coordinator routes shared constraints into three
domain-specific ensembles (marketing attribution, revenue recovery, and platform cost optimization) while synchronizing

their KPIs through a lightweight cross-domain metrics layer.
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Figure 2: Input-to-decision stack where shared representations feed an ensemble router that selectively activates attribution,
recovery, and cost experts; their outputs are fused into a single policy layer that produces coherent bids, budgets, and limits

across the platform.

1 | Introduction

Digital platforms with substantial marketing spend
increasingly rely on algorithmic systems to decide
where to allocate budgets, how to recover revenue at
risk, and how to control platform costs [1]. Marketing
attribution pipelines estimate which campaigns,
channels, or user journeys are responsible for
observable revenue, usually through heuristic rules,
data-driven multi-touch attribution, or incrementality
experiments. In parallel, revenue recovery frameworks
track the portion of booked revenue that is ultimately
realized after cancellations, chargebacks, fraud
adjustments, and collection failures. A third family of
systems focuses on platform cost optimization,
including bidding in auctions, cloud infrastructure
usage, data processing costs, and contractual
obligations to partners [2]. Each system is typically
optimized using its own metrics, data sources, and
time horizons, and each is subject to its own

operational constraints and organizational incentives.
When these three domains are optimized in isolation,
their recommendations may systematically conflict.
Attribution systems can favor highly aggressive
spending in channels that look profitable on a gross
revenue basis but are associated with elevated refund
risk or compliance violations that materialize later [3].
Revenue recovery systems may favor coarse or
conservative controls that reduce risk but mechanically
shrink the addressable demand that attribution
systems perceive as responsive [1]. Cost optimization
components may prioritize infrastructure savings that
increase latency or reduce modeling fidelity, which in
turn distorts both attribution and recovery estimates.
The net effect is a coordination problem in which
locally rational decisions, taken independently by
attribution, recovery, and cost modules, may yield
globally ineflicient outcomes.

A common response to this problem is the introduction
of ad hoc governance processes that manually reconcile
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Figure 3: Multi-objective loss composition where attribution, revenue recovery, and platform cost terms are weighted into
a single joint objective; dashed edges indicate implicit coupling through shared representations and regularizers rather than
direct gradients.

Time Horizon
Short (1-7 days)
Mid (7-90 days)

Objective Focus
Channel contribution
Recapture lost or delayed revenue

Component
Marketing Attribution
Revenue Recovery

Primary Metric
ROAS, CPA, assisted conversions
Recovered GMV, repayment rate

Platform Cost Optimization Efficient infrastructure and media spend  Cost per order, infra cost / GMV Mixed
Customer Experience Sustain user value while optimizing NPS, repeat rate, session depth Mid to long term
Risk & Compliance Guardrails on aggressive optimization Loss rate, dispute rate, policy flags  Continuous

Table 1: Core business components and optimization horizons relevant to coordinated ensemble design.

metrics and impose qualitative rules, such as caps on
channel-level loss rates or infrastructure budgets.
While these processes can reduce extreme
misalignment, they are rarely modeled as an explicit
optimization problem and therefore provide limited
visibility into the implicit trade-offs being made.
Moreover, as systems and traffic scale, manual
coordination becomes difficult to maintain with
sufficient temporal resolution and granularity. There is
thus practical motivation for principled mechanisms
that can coordinate these subsystems through formal
optimization while preserving a modular architecture.
This paper examines ensemble coordination
mechanisms as an architectural pattern for aligning
marketing attribution, revenue recovery, and platform
cost optimization. The key perspective is to regard
each domain-specific model as a base learner in an
ensemble, producing recommendations or valuations
over a shared decision surface, such as channel budgets
or policy thresholds [5]. A coordination layer
aggregates these signals and optimizes a joint objective
that encodes business preferences over growth, risk,
and efficiency, subject to constraints on budget,
operational feasibility, and stability. This yields a
mathematical structure close to multi-objective linear
optimization with consensus constraints across
learners.

The proposed formulation emphasizes linear or

piecewise-linear expressions to maintain compatibility
with large-scale solvers and to permit interpretable
dual variables representing shadow prices on
constraints [6]. A coordination variable ties together
the decisions of the attribution, recovery, and cost
components, while penalty terms and regularizers
control deviation from historical allocations and
smooth abrupt changes. Distributed algorithms,
including variants of primal-dual and augmented
Lagrangian methods, allow each domain model to
retain partial autonomy, with the coordination layer
operating as a negotiation protocol rather than a
centralized replacement.

The remainder of the paper develops this perspective
in several steps. First, it defines the problem setting
and a simplified system overview that abstracts typical
data flows and decision loops encountered in marketing
platforms [7]. Second, it introduces a mathematical
formulation of the ensemble coordination mechanism,
with special attention to linear structures that capture
attribution, recovery, and cost objectives. Third, it
discusses algorithms and implementation
considerations necessary to support deployment under
realistic constraints, including noisy measurements,
delayed feedback, and streaming updates. Fourth, it
presents an illustrative experimental design and
interprets the types of trade-off surfaces and budget
trajectories that can be obtained. The paper concludes
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Figure 4: End-to-end feedback loop in which unified logging feeds offline training, joint metric evaluation, and guarded
deployment; online experiments close the loop by continuously refreshing attribution, recovery, and cost signals for the next

ensemble retraining cycle.
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Figure 5: Cross-stack contract layer that standardizes semantics (events, units, discounting, attribution windows, and re-
covery states) between marketing and finance systems while anchoring them to shared serving and infrastructure constraints.

by summarizing the implications of this approach and
outlining directions for further development [3].

2 | Problem Setting and System Over

Consider a digital platform that operates a portfolio of
marketing channels indexed by a finite set. Each
channel receives a nonnegative spend allocation, and
the platform observes aggregated response metrics
such as clicks, sign-ups, or revenue over discrete time
periods. An attribution system ingests exposure and
response logs and produces estimates of the
contribution of each channel to observed revenue or
other business metrics. These estimates may reflect
different methodologies but can often be represented as
linear transformations of suitable feature aggregates
and auxiliary variables [9] [10].

Let a fixed decision period be given, such as a day or a

week. For each period, the platform decides on a
vector of channel-level spend variables which we
denote by s. The attribution system produces a
cqrresponding vector of attributed revenue estimates,
Y&Wwe denote by y¢, derived from the spend
decisions and historical or experimental data.
Although the underlying models may be nonlinear,
piecewise-linear approximations and local
linearizations are often used for optimization purposes.
In such regimes it is natural to model the attributed
revenue estimates as the output of an affine map
applied to spend and contextual features [11].

In parallel with the attribution system, a revenue
recovery function evaluates the risk that booked
revenue is not fully realized. This risk may be driven
by user behavior, fraud, payment failure, or
downstream supply side cancellations. For the
purposes of optimization it is convenient to aggregate
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Figure 6: Hierarchical coordination of per-channel agents under a global orchestrator that consumes shared attribution and
revenue/cost signal pools while enforcing platform-level budget, margin, and latency constraints through a feedback path.

Mechanism

Shared Value Proxy
Budget Orchestrator
Bid Multiplier Layer

Coordination Signal

Update Frequency

Primary Control Lever

Unified per-event value score
Cross-channel incremental ROI
Auction-time value adjustment

Risk and CX constraint violations
Treatment routing rules

Guardrail Monitor
Experiment Router

Daily to weekly Normalization of labels and targets

Daily Channel-level spend caps and floors
Real-time Multipliers on base bids or reserves
Intra-day Hard limits, throttle factors

Weekly to monthly  Traffic splits across ensemble policies

Table 2: Illustrative coordination mechanisms that connect attribution, recovery, and cost optimization models.

these effects into an expected recovery ratio per
channel, possibly conditioned on additional signals.
Let y" denote the vector of recovered revenue
expectations associated with the same decision period.
The relationship between spend decisions, observed
gross revenue, and recovered revenue can again be
approximated linearly over short horizons, despite
underlying nonlinearities and discrete events [12].

The third subsystem tracks the cost of operating the
platform. This cost includes cloud compute and
storage, data pipeline processing, contractual
minimums and overages, and potentially auction costs
associated with bidding for impressions. Some elements
of cost are directly proportional to spend decisions,
while others depend on traffic volume, complexity of
models, and service-level agreements. Let ¢ denote a
vector of expected platform costs associated with the
chosen spend vector and the induced operational load.
For many categories of infrastructure and marketplace
costs, linear or piecewise-linear cost curves are
accurate over relevant ranges, enabling straightforward
incorporation into linear optimization models [13].

In addition to the three subsystems, there exists a set
of business and operational constraints. These may
include global budget limits, channel- or region-specific

caps, compliance restrictions that limit exposure to
high-risk segments, and guardrails on volatility of
spend over consecutive periods. Some constraints arise
from contractual obligations with partners, while
others reflect internal policy. Many of these can be
expressed as linear inequalities or equalities in the
decision variables and auxiliary state variables that
track historical allocations [14].

A key observation is that each subsystem typically
defines its own objective over the same or related
decision variables. The attribution pipeline may
suggest maximizing attributed revenue subject to a
fixed budget, the recovery system may aim to minimize
expected losses while meeting minimum volume, and
the cost optimizer may minimize platform costs
subject to service-level constraints. Without explicit
coordination, these objectives can pull the decision in
different directions. Moreover, each subsystem may
observe only partial information; for example,
attribution may not fully observe recovery outcomes
that materialize with delay, and cost optimization may
not see detailed channel-level revenue [15].

The notion of an ensemble coordination mechanism is
to introduce a layer that sits above the subsystems and
aggregates their outputs into a coherent decision. Each
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Data Layer
User-Event Stream
Session / Visit
Order / Transaction
Financial Ledger
Aggregated Features

Granularity

Impression and click-level
Bundled user interactions
Checkout and payment details
Settled revenue and costs
Cohort and channel aggregates

Principal Sources

Ad logs, app events, web pixels
Web sessions, app screens
Order systems, PSPs

ERP, billing, chargebacks
Batch jobs, feature store

Latency Characteristics
Sub-second to minutes
Minutes to hours

Near real-time to hours
Daily to monthly
Hourly to daily

Table 3: Data layers used to feed coordinated attribution and optimization pipelines.

Experiment Pattern
Geo Split Test
User-level A/B
Holdout Cell
Sequential Rollout
Interleaved Traffic

Primary Use Case
Large-scale budget shifts
Creative or bidding logic
Baseline for incrementality
New ensemble policy
Multi-policy comparison

Randomization Unit
Region or city

User or device

Channel or audience
Region, cluster, or cohort
Request or auction

Risk Profile

Medium (localized impact)
Low to medium (fine-grained)
Medium (opportunity cost)
Controlled (staged exposure)
Low (short exposure windows)

Table 4: Common experimental designs for validating ensemble coordination strategies.

subsystem is treated as a base learner that proposes a
score, gradient, or recommended allocation based on
its own perspective. The coordination layer maintains
a shared decision variable, subject to constraints, and
solves an optimization problem that balances
alignment with each subsystem against overall
objectives and stability considerations [16]. This
arrangement preserves modularity by allowing each
subsystem to evolve independently while imposing a
mathematically explicit negotiation over the final
decision.

From a systems perspective, the ensemble coordination
mechanism interacts with the rest of the platform in a
closed loop. In each period, the subsystems produce
their outputs given the last decision and newly
observed data. The coordination layer then solves its
optimization problem and updates the decision vector
[17]. The updated decision induces new allocations,
whose outcomes are logged and fed back into the
subsystems for retraining or calibration. Over time,
the ensemble is intended to converge to a regime in
which the models and the coordination layer agree on
a stable decision surface that reflects trade-offs
between growth, risk, and cost.

This setting suggests a mathematical structure that is
amenable to formal analysis and algorithmic design.
The use of linear or piecewise-linear components,
together with convex regularizers and constraints,
leads to optimization problems for which
well-understood solvers and distributed methods can
be applied [18]. At the same time, the ensemble
perspective organizes the interplay between
subsystems in a transparent way, allowing each team
to reason about how its objective is represented in the
global decision and how changes to its model will
propagate through the coordination layer.

3 | Mathematical Formulation of the
Ensemble Coordination Mechanism

To formalize the ensemble coordination mechanism,
consider a finite set of channels indexed by i. For a
given decision period, let s € R™ denote the vector of
nonnegative spend decisions, where n is the number of
channels. The attribution subsystem produces a
linearized estimate of gross revenue, which can be
written as

§° = A%+ b, (1)

where A® is a matrix of incremental revenue
coefficients and b® collects baseline effects and
intercepts. The scalar attributed objective can be
expressed as [19]

R'(s)=r'y", (2)

where r encodes weights that translate estimated
outcomes into a common value scale.

The revenue recovery subsystem estimates the fraction
of booked revenue that will be realized. Over a short
horizon, this can be approximated by a linear
transformation of the same spend vector and
additional features. Letting y" denote expected
recovered revenue, a linearized form is

y' =A"s+b", (3)
with associated scalar objective
R'(s)=q'y", (4)

where q converts recovered revenue expectations into
the same monetary or utility scale used elsewhere in
the objective.
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Constraint

Risk Loss Cap

User Experience Floor
Budget Guardrails
Infra Capacity
Regulatory Compliance

Description

Upper bound on loss rate
Minimum CX quality

Limits on channel spend drift
Limits on request volume
Policy and legal adherence

Primary Owner

Risk / Trust & Safety
Product / UX
Marketing Finance
SRE / Infra

Legal / Compliance

Impact if Violated

Elevated charge-offs and fraud exposure
Churn, complaints, brand damage
Misallocation and volatility of ROI
Latency spikes, degraded SLAs

Fines, forced rollbacks, reputational harm

Table 5: Operational and governance constraints that must be respected by coordinated optimization.

Scenario

Baseline (Single-touch)
Coordinated Ensemble
Ensemble w/ Recovery Model
Cost-aware Bidding Only
Full Stack Coordination

Attribution ROI Change
Reference

+5% short-term ROI
+22% ROI

+18% channel-adjusted ROI
+15% ROI on risky segments

Incremental Revenue Lift
Reference

+6.5% net GMV

+9.3% recovered revenue
+1.2% GMV

+11.0% net GMV

Platform Cost Change
Reference

—4.2% infra and media cost
—1.8% write-off costs
—7.0% infra cost

—5.5% total platform cost

Table 6: Illustrative impact of different deployment scenarios relative to a single-touch attribution baseline.

The platform cost subsystem approximates expected
operating cost as an affine function of spend and
induced load. Let the expected cost be represented by

C(s) =c's+co, (5)

where c is a vector of marginal cost coefficients and ¢g
collects fixed or baseline costs that are independent of
the current decision.

The ensemble coordination mechanism combines these
perspectives into a multi-objective optimization
problem. A simple but flexible approach is to
construct a scalarized objective that aggregates the
attribution reward, recovery reward, and cost penalty
using nonnegative weights [20]. Let «, 8, and v denote
preference parameters that reflect the relative
importance of each subsystem. The global objective
can then be written as

J(s) = —aR%(s) — BR"(s) +7C(s), (6)

where minimization of J corresponds to maximizing
desirable rewards while controlling cost. The signs are
chosen so that larger revenue terms reduce the
objective and higher costs increase it [21].

In practice, the subsystems may wish to enforce
additional structure on the deployed allocation. For
example, the attribution team may want the deployed
spend to remain close to the unconstrained optimum of
its own model, while the recovery team may wish to
limit exposure to segments with high uncertainty.
These preferences can be represented as regularization
terms that penalize deviation from reference
allocations. Let s%, s”, and s® denote the preferred
allocations derived from each subsystem in isolation.
The coordination mechanism introduces a shared
allocation s and encourages proximity through

quadratic penalties:
Aa a A7' T AC c
0(s) = 52 lls — 513 + L lls "B + S2ls — 7B (7)
The full objective then becomes [22]
F(s) = J(s) + Q(s), (8)

subject to constraints discussed next.
The platform must obey a global budget constraint of
the form

1's < B, (9)

where B is the total allowable spend. Additional linear
constraints capture channel-level caps, contractual
requirements, and compliance limits [23]. These can be
written compactly as

Gs <h, (10)
where the rows of G and h encode individual limits.
To discourage abrupt changes in allocation between
consecutive periods, the mechanism may impose a
stability constraint relative to the previous allocation

gpbrev.
(11)

where A controls the maximum absolute reallocation.
This ¢; norm constraint can be linearized using
auxiliary variables and incorporated into the overall
linear program.

An alternative but related viewpoint treats each
subsystem allocation as a separate decision variable
and enforces consensus through equality constraints
[24]. Introduce variables s, s”, and s, each
representing the allocation preferred by the
corresponding subsystem, and a coordination variable

Is = s*"V[h < A,
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Role Primary Responsibility Cadence Decision Rights

Attribution Lead Owns credit assignment methodology  Monthly to quarterly Model changes, reweighting rules
Revenue Recovery Lead  Designs and tunes recovery flows Weekly Recovery policy thresholds and offers
Cost Optimization Lead Oversees infra and media efficiency Weekly to monthly Cost targets, scaling policies
Experimentation Owner  Designs tests and analysis Continuous Launch/stop rules, success criteria
Governance Council Arbitration across objectives Monthly Conflicts resolution and final approvals

Table 7: Example cross-functional roles for governing an ensemble-based optimization program.

z representing the deployed allocation. The global
problem becomes

 min - F(s) + F"(s") + F°(s°), (12)
subject to
s"=z, s =1z s°=z, (13)

and the global constraints on z. Here F'*, F", and F¢
encapsulate the individual subsystem objectives and
penalties. This consensus formulation is well suited to
distributed optimization methods because each
subsystem can reason about its own variable while
only exchanging information about the shared z.
To express the attribution objective in terms of its own
variable, one may posit a linear reward of the form
Fo(s) = —(v*)Ts" + B ls" =503, (19)
where v is a vector of marginal attributed values and

§% is a reference allocation. Similarly, the recovery
subsystem can be modeled with [25]

Fr(s) = —(v)Ts"+ Bl =573, (15)
and the cost subsystem with
Fe(s) = (vo) Ts® + 2 |lse — 573, (16)

2

The vectors v%, v, and v¢ summarize the local
marginal objectives, while the quadratic terms control
divergence from their respective baselines.

The ensemble coordination mechanism can be
interpreted as solving a multi-agent optimization
problem in which each agent contributes a convex term
to the global objective and agrees to abide by common
constraints on the deployed allocation. The presence of
quadratic regularization ensures strong convexity
under mild conditions, which in turn simplifies
convergence analysis for iterative algorithms.
Moreover, the dual variables associated with the
consensus constraints and budget constraints admit
meaningful economic interpretations as internal prices
reflecting the relative scarcity of budget and the
tension among subsystems [26].

Fairness constraints can be added to ensure that
certain segments or channels receive a minimum level
of investment or are not disproportionately penalized
by recovery and cost considerations. For a specified set
of segments with indicator matrix H, one may require

Hs > 1, (17)
where 1 encodes minimum spend levels. Such linear
constraints preserve the convexity and linear structure
of the problem while embedding policy requirements
into the optimization.

To summarize the formulation, the ensemble
coordination mechanism solves a convex optimization
problem with linear and quadratic terms, consensus
constraints, and additional linear inequality
constraints [27]. The decision variables may either be
expressed as a single allocation vector with
regularization toward subsystem recommendations, or
as separate subsystem allocations tied together by a
shared coordination variable. Both views lead to
mathematically equivalent problems under suitable
parameterizations and differ mainly in their suitability
for different algorithmic approaches.

4 | Optimization Algorithms and Im-
plementation Considerations

The optimization problem arising from the ensemble
coordination mechanism is convex and admits various
solution approaches [28]. For moderate problem sizes
and static settings, standard quadratic programming
solvers can compute exact solutions with high
numerical accuracy. However, large-scale marketing
platforms require streaming operation, rapid response
times, and the ability to respect organizational
boundaries between subsystems. These requirements
motivate distributed and incremental methods that
preserve privacy of internal model structure while still
converging to a coordinated decision.

In the consensus formulation with variables s®, s”, s¢,
and coordination variable z, one can employ an
augmented Lagrangian approach. Introduce dual
variables A%, A", and A for the constraints s® = z,
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s” = z, and s = z. The augmented Lagrangian for the
consensus part can be written as [29]

Implementation in a production environment raises
additional considerations [32]. Data used by the
attribution, recovery, and cost subsystems arrive

L= Fa(Sa)+FT(ST)+Fc(SC)+(>‘a)T(Sa_z)"i'(}‘r)T(?IB_)Z)"'&Q;/%C}(?(C)H&JSW and with different latencies.

n n n
s —alf+ D) — a3+ s - 203 (19)

where 7 is a penalty parameter. Alternating
minimization over the primal variables and gradient
ascent on the dual variables yields an iterative scheme
in which each subsystem can update its own allocation
variable using only local information and the current
value of the coordination variable and dual multipliers.
For example, given z and A%, the attribution
subsystem solves a convex problem of the form

min F7(s") + (A)T(s" =2) + J]ls* =[5, (20)
which has a closed-form solution when F'* is quadratic.
The recovery and cost subsystems solve analogous
problems, possibly with additional local constraints.
The coordination layer then updates z by solving a
constrained quadratic program incorporating the
global budget and fairness constraints, while treating
the updated subsystem allocations and dual variables
as inputs.
Convergence properties of such schemes depend on the
choice of penalty parameter, step sizes for dual
updates, and the conditioning of the combined
objective [30]. Under standard assumptions of strong
convexity and Lipschitz continuity, one can guarantee
convergence to the global optimum. In practice, tuning
is often performed empirically by monitoring primal
and dual residuals and adjusting the penalty
parameter to balance convergence speed and numerical
stability. Warm-starting the solver with the previous
period’s solution can significantly accelerate
convergence in slowly varying environments.
Beyond augmented Lagrangian methods, projected
gradient and mirror descent algorithms provide
alternative updates when the objective is smooth and
constraints are simple [31]. For the single-variable
formulation with regularization toward subsystem
recommendations, one can perform iterative updates of
the form

Sk+1 = HS (Sk - TVF(Sk)),

where Il denotes projection onto the feasible set
defined by the budget and linear constraints, and 7 is
a step size. The gradient VF'(sy) can be decomposed
into contributions from each subsystem, enabling
distributed computation. When the projection can be
computed efficiently, such as with a simplex or
box-constrained set, this method scales well with the
number of channels.

(21)

Attribution models may rely on delayed conversion
signals, recovery models on even slower chargeback or
cancellation events, and cost models on near real time
usage metrics. As a result, the ensemble coordination
mechanism must operate on a state that aggregates
information with varying degrees of staleness [33]. One
approach is to maintain exponential moving averages
of subsystem coefficients and values, updating them as
new information becomes available while ensuring that
abrupt measurement noise does not induce large shifts
in allocation.
Regularization plays a critical role in robust operation
when measurements are noisy or partially observed.
The quadratic proximity terms in the objective
penalize large deviations from reference allocations,
which can be chosen as smoothed estimates of
historically stable allocations or as equilibria obtained
from longer-horizon optimization. Additional ¢,
penalties can encourage sparsity in reallocation,
effectively limiting the number of channels whose
budgets are significantly adjusted in a given period.
Such penalties can be expressed as [34]
I'(s) = plls = s*""|1, (22)
and incorporated using standard linearization
techniques, at the cost of introducing auxiliary
variables and constraints.
Another implementation consideration is
interpretability. Stakeholders often require
explanations for changes in budget or policy
thresholds. The linear and quadratic structure of the
ensemble mechanism facilitates the computation of
sensitivities [35]. For example, the derivative of the
optimal objective value with respect to a budget
parameter or fairness constraint bound can be related
to dual variables, which play the role of shadow prices.
Inspecting these shadow prices over time can reveal
which constraints are most binding and which
subsystems are exerting the strongest influence on the
decision.
The mechanism must also integrate with existing
experimentation practices. Many platforms deploy
controlled experiments to estimate incremental effects
of marketing actions [36]. The ensemble coordination
layer can be designed to respect experimental
carve-outs by treating certain subsets of traffic or
channels as constrained variables. For instance, spend
assigned to holdout buckets can be fixed or bounded
within the optimization, ensuring that experiments
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remain valid while the rest of the system continues to
optimize. Over time, experiment results inform the
coefficients in the attribution and recovery models,
which in turn update the ensemble objective [37].
Finally, computational scalability is crucial. As the
number of channels, segments, and constraints grows,
the size of the optimization problem can become large.
Sparse matrix representations and exploitation of
problem structure reduce computational load. Many
constraints share similar patterns, such as channel caps
and regional budgets, which can be encoded efficiently
[38]. Parallelization across independent groups of
variables and decomposition across subsystems further
improves scalability. Where exact solutions are costly,
approximate algorithms that perform a fixed number
of iterations per period can provide near-optimal
decisions while meeting latency targets.

5 | Experimental Design and Results

To evaluate the behavior of ensemble coordination
mechanisms, one can construct an experimental setup
that mimics key properties of an actual marketing
platform while remaining analytically tractable. A
common approach is to generate synthetic data that
follow specified structural assumptions, calibrate them
with realistic ranges of coefficients, and then apply the
optimization procedure under different parameter
settings [39]. This allows examination of alignment
between subsystems, sensitivity to noise, and the effect
of coordination on budget stability and realized
metrics.

Consider a scenario with a moderate number of
channels, each associated with a baseline
responsiveness parameter, a recovery risk parameter,
and a platform cost coefficient. Let 6 denote the
incremental gross revenue per unit spend for channel 7,
07 the fraction of revenue expected to be recovered,
and 6§ the marginal platform cost. In a synthetic
environment, these parameters can be drawn from
distributions that reflect heterogeneous performance
and risk profiles, such as a mixture where some
channels are high revenue and high risk, others are
moderate in both dimensions, and some are low
revenue but exceptionally low risk. Costs can be
coupled with channels that require heavier
infrastructure or more complex auction bidding
strategies [40].

The attribution model can then be represented as

Ui = 0¢s; + €}, where s; is the spend and €} is noise
capturing modeling error or environmental
fluctuations. Similarly, the recovery model yields

Ui = 070%s; + €], and cost is modeled as ¢;s; plus a

constant. Although the underlying relationship
between spend and outcomes may be nonlinear or
saturating, the linear form serves as a local
approximation sufficient for studying the coordination
mechanism.

Three baseline policies can be constructed for
comparison. The first is an attribution-only policy
that maximizes attributed revenue subject to a budget
constraint, ignoring recovery and platform cost. The
second is a recovery-aware policy that maximizes
expected recovered revenue, implicitly incorporating
risk, but still ignoring cost [41]. The third is a
cost-focused policy that minimizes platform cost
subject to a constraint on gross revenue, representing a
conservative control regime. Each baseline yields a
different allocation vector, with the attribution-only
policy favoring high revenue channels regardless of risk
or cost, the recovery-aware policy favoring channels
with high recovered yield, and the cost-focused policy
pushing spend toward cheaper channels.

The ensemble coordination mechanism is then applied
with different preference weights for attribution,
recovery, and cost [12]. For each setting of («, 3,7)
and regularization coefficients, the optimization is
solved and the resulting allocation is evaluated in
terms of simulated realized revenue, realized recovery,
platform cost, and several stability metrics. One
stability metric is the total change in spend relative to
the previous period, measured by ||s — sP*V||;.
Another is the variance of spend across periods when
the environment is subject to small perturbations in
the underlying parameters.

Results from such simulations typically illustrate
several patterns. When the ensemble mechanism
heavily prioritizes attribution and uses weak
regularization toward subsystem recommendations, the
allocation resembles the attribution-only baseline, but
with modest adjustments due to cost and recovery
considerations [43]. Increasing the weight on recovery
shifts spend toward channels with better recovery
profiles, often reducing exposure to channels that
appear attractive in gross revenue terms but carry
high risk of cancellations or fraud. Strengthening the
emphasis on platform cost reallocates budget toward
cheaper channels and may reduce total volume,
particularly when cost coefficients vary widely across
the portfolio.

An important aspect is the trade-off frontier between
realized recovered revenue and platform cost. By
sweeping the weights in the ensemble objective, one
can trace out a set of allocations that achieve different
combinations of these two metrics [44]. This frontier
provides the decision-making organization with a
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quantitative representation of the trade-offs inherent in
its preferences. For example, small increases in
platform cost may yield disproportionate gains in
recovered revenue in certain regions of the frontier,
while in others the marginal gains may diminish. The
linear and convex structure of the problem ensures
that the frontier is concave and can be approximated
efficiently.

The effect of regularization toward subsystem
recommendations is also informative [15]. When the
quadratic penalties are strong, the ensemble allocation
remains close to the allocations that each subsystem
would choose independently, and coordination
manifests primarily as small adjustments that
harmonize conflicting recommendations. This regime is
appropriate when organizational constraints limit the
degree to which one subsystem can override another.
As the penalties weaken, the coordination mechanism
has more freedom to reallocate spend based on the
global objective, resulting in a more pronounced shift
away from channels that are favored by one subsystem
but penalized by another [46]. Monitoring how shadow
prices and allocation changes evolve as regularization
parameters vary provides insight into the implications
of different governance choices.

Stochastic simulations with noise in the observed
outcomes and coefficients allow assessment of
robustness. In such experiments, the underlying
parameters are held fixed, but the observed outcomes
are corrupted with random noise before being fed into
the subsystem models. The ensemble mechanism then
optimizes based on these noisy observations [417]. By
repeating this process many times, one can compare
the variability of allocations and realized metrics
across different coordination schemes. Mechanisms
with stronger regularization and stability constraints
typically exhibit lower variance, at the cost of slower
adaptation to true changes in the environment.
Conversely, more aggressive schemes may respond
quickly but be more susceptible to overreacting to
noise.

Another dimension of evaluation considers delayed
feedback, especially for revenue recovery [48]. When
recovery outcomes materialize several periods after the
initial spend, the recovery subsystem must rely on
incomplete information and forward-looking models.
The ensemble coordination mechanism can incorporate
lagged variables and state estimates that summarize
the unresolved exposure. Experiments with simulated
delays show how the mechanism trades off reliance on
lagging signals against current attribution and cost
information. Appropriate weighting and smoothing
can prevent the system from repeatedly overcorrecting

in response to delayed losses [19].

In platforms that deploy experiments, the ensemble
mechanism can be evaluated by assigning different
regions or segments to different coordination
strategies. For instance, one segment may operate
under the ensemble mechanism while another segment
uses a baseline policy. By comparing realized metrics
over time and controlling for exogenous factors,
analysts can estimate the causal impact of
coordination on key outcomes. Synthetic experiments
can approximate this process by simulating multiple
segments with independent noise realizations and
comparing their trajectories [50].

Although the experiments described here are
illustrative rather than tied to a specific dataset, they
demonstrate how the proposed ensemble coordination
mechanism can be systematically probed. The linear
structure permits efficient simulation across a wide
range of parameter settings, and the separation
between subsystems and coordination layer allows
exploration of alternative governance structures.
Importantly, the experimental designs emphasize not
only point estimates of improvement in metrics but
also the stability and interpretability of decisions,
which are central concerns in operational deployment

[51].

6 | Conclusion

This paper has examined ensemble coordination
mechanisms as a means of aligning marketing
attribution, revenue recovery, and platform cost
optimization within a unified decision framework. The
core idea is to treat attribution, recovery, and cost
models as base learners whose recommendations are
aggregated and reconciled by a coordination layer that
solves a convex optimization problem subject to
business and operational constraints. By expressing
subsystem objectives and constraints in linear or
piecewise-linear form and by introducing consensus
variables and regularization terms, the mechanism
maintains compatibility with large-scale solvers and
supports modular implementation.

The mathematical formulation shows how
attribution-derived valuations, recovery expectations,
and platform cost coefficients can be combined into a
scalar objective with tunable preference weights [52].
Regularization toward subsystem-specific allocations
and stability constraints relative to past decisions
provide control over the aggressiveness and volatility of
reallocation. Consensus formulations with separate
subsystem variables and a shared coordination variable
enable the use of distributed optimization algorithms
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that respect organizational boundaries and permit
each team to maintain autonomy over its internal
models and data.

Algorithmic considerations highlight the suitability of
augmented Lagrangian methods and projected
gradient schemes for solving the resulting optimization
problems under realistic computational and latency
constraints. The presence of strong convexity through
quadratic regularization facilitates convergence
analysis and supports warm-start strategies that
exploit temporal continuity in the environment [53].
The linear structure of constraints and objectives
allows efficient encoding of budgets, fairness
requirements, experimental carve-outs, and operational
guardrails, while also enabling economical storage and
manipulation of large but sparse problem instances.
From a systems perspective, the ensemble coordination
mechanism provides a structured way to integrate
heterogeneous signals and objectives into a single
decision loop. Attribution models, recovery models,
and cost models can evolve independently, updating
their parameters and structural assumptions as new
data and methods become available. The coordination
layer then interprets their outputs as components of a
joint objective and enforces consistency through
explicit constraints and internal price signals [54]. This
arrangement supports transparent governance, as
shadow prices and sensitivity analyses can be
examined to understand how constraints and
preferences influence the final allocation.

The experimental designs discussed in the paper
illustrate how synthetic or semi-synthetic environments
can be used to explore the behavior of the mechanism
across a range of parameterizations and noise
conditions. Such experiments can reveal trade-off
frontiers between recovered revenue and platform cost,
characterize the impact of regularization on stability,
and examine robustness to measurement noise and
delayed feedback [55]. They also suggest how live
experiments in production systems might be
structured to evaluate coordination mechanisms in
practice, for example by assigning different segments
to different optimization schemes and comparing
realized outcomes.

There are several limitations and avenues for further
work. The focus on linear and quadratic structures
simplifies analysis and computation but may not fully
capture nonlinearities such as saturation effects,
interaction terms between channels, or threshold
behaviors in recovery and cost. Extending the
framework to accommodate richer convex
approximations or carefully selected nonlinear
components could improve fidelity while retaining

tractability [56]. Moreover, the treatment of
uncertainty in model parameters is largely implicit,
relying on regularization and stability constraints;
more explicit robust or stochastic optimization
formulations could offer additional protection against
model misspecification and unanticipated shifts in the
environment.

Another direction involves deeper integration with
experimentation and causal inference. Attribution and
recovery models increasingly rely on
randomization-based designs and quasi-experimental
methods to estimate incremental effects. Embedding
these designs within the ensemble coordination
mechanism, for example by jointly optimizing
experimentation policies and operational allocations,
could yield more efficient use of traffic and faster
learning [57]. Similarly, learning-to-optimize
approaches that adapt the preference weights and
regularization parameters based on observed long-run
outcomes could allow the ensemble mechanism to
adjust to evolving business objectives and external
constraints.

Finally, the organizational dimension of deploying
ensemble coordination mechanisms merits attention.
The introduction of a formal coordination layer
changes how teams interact and how decisions are
justified. Mechanisms for aligning incentives, defining
ownership of objective components, and resolving
disagreements about parameter choices become part of
the design space [58]. The mathematical framework
provides tools for articulating trade-offs, but its
practical value depends on processes that translate
these tools into decisions that are understood and
trusted by stakeholders.

In summary, ensemble coordination mechanisms offer a
structured approach to harmonizing marketing
attribution, revenue recovery, and platform cost
optimization. By formulating a shared optimization
problem with clearly defined objectives, constraints,
and coordination variables, platforms can move from
loosely coupled, heuristic integrations to more
principled and transparent decision systems. Future
work that extends the modeling, algorithmic,
experimental, and organizational aspects discussed
here can further clarify the role of such mechanisms in
complex, data-driven marketing environments [59].
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