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Abstract

Al systems increasingly rely on multi-step agentic workflows that
orchestrate heterogeneous computational agents, including Large
and Small Language Models (LLMs and SLMs), each configurable
at runtime with different inference methods and parameters. While
this flexibility enables specialization and resource efficiency, it in-
troduces complex trade-offs between accuracy, latency, and energy
consumption, particularly under strict operational budgets. The
sequential nature of these workflows further amplifies such chal-
lenges: errors propagate across steps, and resource decisions made
early in the pipeline constrain downstream options. To address
these challenges, this paper presents a formal optimization frame-
work for configuring multi-step agentic pipelines under global time
and energy constraints. Given a task decomposition and a heteroge-
neous pool of agent configurations, the framework selects exactly
one agent—inference method—parameter triple per task to maximize
end-to-end workflow quality. We formalize this as a Mixed-Integer
Linear Programming problem and introduce two complementary
objective formulations: a max-min accuracy objective that priori-
tizes robustness by improving the least accurate step, and a multi-
plicative accuracy objective that captures cumulative performance
across the workflow. We further propose an iterative solution strat-
egy that re-optimizes at each step, adapting to deviations between
predicted and realized resource consumption. Experimental results
demonstrate distinct accuracy-resource trade-offs between the two
formulations and show that the approach scales effectively to work-
flows with up to a thousand steps.
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1 Introduction

Artificial intelligence (AI) has become a pervasive enabling technol-
ogy across nearly all sectors, and among its emerging directions,
agentic Al has rapidly gained prominence in both industrial and
academic settings. Recent market analyses project exceptionally
strong growth in this area, with estimates indicating that the agen-
tic Al market will expand from USD 7.06 billion in 2025 to USD
93.20 billion by 2032, corresponding to a compound annual growth
rate of approximately 44.6%!. Agentic Al systems are realized as
coordinated assemblies of heterogeneous computational agents,
typically comprising large language models (LLMs) and small lan-
guage models (SLMs), that collaborate to solve complex, multi-step
tasks [27]. Recent evidence suggests that such heterogeneity is in-
creasingly reflected in multi-model deployments: while 40.9% of
deployed agents still rely on exactly one model, the majority or-
chestrate two or more models (27.3% use two, 18.2% use three, and
13.6% use four or more) to balance quality, latency, and cost, or to
support different modalities and operational constraints [21]. In
contrast to traditional single-model agents [24], such systems must
determine not only which agent is assigned to each task in a decom-
posed workflow, but also how that agent is configured, including the
choice of inference strategy, parameterization, and tooling. Because
these decisions can be updated at runtime, the system can exploit
test-time compute by dynamically reallocating computational effort
during execution [25]. This capability enables the selection of spe-
cialized or compact models that may outperform general-purpose
LLMs on narrowly scoped tasks, while simultaneously reducing
computational overhead and energy consumption [3]. Although
this flexibility can yield substantial performance improvements, it
also introduces a complex landscape of resource—accuracy trade-
offs. Agents differ significantly in latency, energy requirements,
and reliability, and the quality of the outcome depends critically on
the robustness of the entire chain of intermediate computations.

!https://www.marketsandmarkets.com/Market-Reports/agentic-ai-market-
208190735.html
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These challenges are further amplified in practical deployments.
Many real-world applications impose strict global constraints on
execution time, energy consumption, or both, arising from latency
requirements, hardware limitations, or operational cost budgets.
As multi-step pipelines are inherently sequential, end-to-end la-
tency must remain tightly bounded, and delays incurred at early
stages directly propagate through the remainder of the pipeline.
Moreover, errors introduced by the weakest-performing step can
cascade downstream, while resource-intensive decisions made early
in the execution restrict the feasible design space of subsequent
stages. Consequently, the development of principled methods for
navigating these interdependent trade-offs is essential to achieving
robust, efficient, and scalable agentic Al systems.

This work develops a formal framework for optimizing multi-
step agent Al applications under global resource budgets. We con-
sider a heterogeneous pool of models, each with multiple inference
methods and parameter spaces, and a prompt-specific sequence of
tasks produced by an orchestrator. For each step, only a subset of
agents is viable, and each agent-method—parameter choice induces
stepwise accuracy, latency, and energy consumption. We formalize
the Agent-Inference Method-Parameter Selection (AIMPS) prob-
lem as a Mixed-Integer Linear Programming (MILP) model, intro-
ducing two complementary objective functions that capture distinct
notions of robustness in sequential reasoning: (1) Max-min ac-
curacy, which maximizes the accuracy of the lowest-accuracy step.
This objective reflects failure-sensitive pipelines, where overall
task success is limited by the least reliable step. (2) Multiplica-
tive accuracy, which maximizes the product of step accuracies.
This alternative captures settings where end-to-end correctness
degrades multiplicatively along the task chain: if each step accuracy
is interpreted as a per-step success rate (equivalently, 1 —error rate),
then the end-to-end success of a multi-step pipeline that depends
on correct intermediate outputs is well-approximated by a multi-
plicative combination of per-step success rates. The multiplicative
formulation promotes balanced configurations and globally efficient
resource usage, offering a complementary view of the accuracy—
cost trade-off. Both formulations yield constrained optimization
problems over a large combinatorial decision space. Together, they
provide a unified lens for studying resource allocation, agent selec-
tion, and inference configuration in agentic Al systems.

The remainder of this manuscript is organized as follows. Sec-
tion 2 reviews related work on agentic Al systems and resource-
aware model selection. Section 3 introduces the system model,
including the prompt structure, agent configurations, and accuracy
metrics. Section 4 formalizes the AIMPS problem studied in this
work, presenting both the max—min and multiplicative accuracy
objectives under global resource constraints. Section 5 discusses
solution strategies for these formulations. Section 6 reports experi-
mental results evaluating the proposed framework, and Section 7
concludes the paper.

2 Related Work

Recent research on agentic Al has outlined a broad conceptual
and technical landscape in which language models function as au-
tonomous or semi-autonomous agents capable of interacting with
external tools, services, environments, and other agents. Related
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work is organized into (i) agentic workflows and heterogeneous
agent pools, (ii) cost-aware model selection, routing, and cascad-
ing, and (iii) resource allocation for sequential tasks under con-
straints, reflecting the three components our problem combines:
agentic execution, cost-aware selection, and constrained sequential
decision-making.

Agentic workflows and heterogeneous agent pools: This
body of work spans multiple research threads, including agent
architectures, tool use and orchestration, planning and reasoning,
and multi-agent coordination. Collectively, these studies investigate
how LLMs can move beyond passive text generation toward goal-
directed behavior, persistent state, and adaptive decision-making.
Sang et al. [23] describe a shift from pipeline-based systems, where
planning and tool use are orchestrated externally, to model-native
agentic Al, where capabilities such as planning and memory are
increasingly internalized in the model via reinforcement learning.
Complementary to this, Belcak et al. [3] argue that SLMs are often
more suitable and economical for agentic workloads consisting of
repetitive, specialized tasks, and advocate heterogeneous systems
that combine LLMs and SLMs.

Complementing architectural perspectives, recent work has also
highlighted the practical challenges of deploying and evaluating
agentic systems in real settings. Pan et. al. [21] study agents in pro-
duction and emphasize that real-world deployments expose failure
modes and system-level bottlenecks, such as tool latency, reliabil-
ity, and interaction overhead, that are often obscured in offline
benchmarks, reinforcing the need for resource-aware orchestration
and budgeting. More broadly, Tran et al. [27] survey collabora-
tion mechanisms in LLM-based multi-agent systems, categorizing
collaboration types, communication structures, and coordination
protocols, which motivates heterogeneous, role-specialized agent
pools and clarifies the orchestration design space within which
our optimizer operates. While these works motivate multi-agent,
tool-augmented workflows, they typically do not study how to op-
timize step-wise model and inference choices under global resource
budgets for multi-step reasoning.

Cost-aware model selection, routing, and cascading: A
growing literature studies cost-effective model selection for LLM
serving, focusing on single-step decisions that map each query to a
model, cascade, or ensemble under an accuracy-cost trade-off.

FrugalGPT [4] introduces a suite of cost-reduction mechanisms,
including adaptive LLM cascades, function-specific routing tem-
plates, and response reuse, designed to reduce monetary inference
cost while sustaining accuracy across diverse tasks. Dekoninck et
al. [6] further formalize the routing problem by providing a unified
theoretical framework for both routing and cascading, showing that
each can be expressed as a solution to an expected accuracy—cost
optimization problem. Their proposed cascade routing generalizes
classical strategies and yields provably optimal policies under query-
dependent cost constraints, clarifying the conditions under which
escalating through a sequence of models is preferable to committing
to a single model. Alongside these formulations, RouteLLM [20]
learns query-level routing decisions from preference data to trade
off quality and cost without invoking multi-call cascades. For each
query, it estimates whether a larger model will outperform a smaller
one and applies a threshold to select which model to invoke, avoid-
ing multi-call cascades. Trained on Chatbot Arena preferences (with



Optimizing Agentic Al Applications Under Budget Constraints

optional augmentation), it reports large cost savings and shows
generalization to unseen model pairs.

Beyond cascades, several systems learn routing or assignment
policies over heterogeneous model pools. CPLS [17] approaches the
assignment problem by learning compositional prediction struc-
tures that embed queries into a feature space, cluster them by simi-
larity, and estimate per-cluster performance profiles across a hetero-
geneous model pool. This enables efficient group-wise scheduling
of queries to LLMs under a global cost budget, exploiting both
query correlations and cross-model behavior to reduce inference
expenditure while maintaining accuracy. OptLLM [18] formulates
LLM routing as a bi-criteria optimization problem balancing pre-
dicted accuracy and inference cost. The system employs lightweight
accuracy predictors and Pareto-front exploration, using destruc-
tion-reconstruction heuristics to iteratively refine candidate assign-
ments and uncover high-quality accuracy—-cost trade-offs; empirical
evaluations show substantial cost reductions without degrading
accuracy relative to strong baselines. Finally, ThriftLLM [11] studies
cost-aware ensemble selection, framing the problem as selecting
an optimal subset of models that maximizes classification accuracy
under a strict cost budget. The authors provide approximation guar-
antees for their combinatorial selection algorithm and demonstrate
that carefully chosen ensembles can outperform individual large
models at a fraction of the inference cost. Collectively, these ap-
proaches highlight the benefit of heterogeneity for cost efficiency,
but they largely treat each query as an isolated decision and op-
timize primarily monetary or expected-cost budgets, rather than
global time-energy budgets over sequential reasoning pipelines.

Resource allocation for sequential tasks under constraints:
Closer to our setting, [1] studies allocating a task composed of
sequential subtasks to a pool of heterogeneous agents while re-
specting time constraints. They formalize subtask allocation as an
optimization problem parameterized by subtask difficulty, workload,
and reward, with agents characterized by costs and capabilities, and
they compare LLM-based orchestration with classical optimization
methods in static and dynamic environments. However, this line of
work focuses on assigning subtasks to agents given a task decom-
position, and does not consider step-wise choices over inference
strategies and parameter configurations, nor joint optimization
under multi-dimensional (time and energy) global budgets.

BAMAS [29] addresses how to construct multi-agent LLM sys-
tems under explicit budget constraints by jointly optimizing which
models to include and how they collaborate. It first selects a budget-
feasible model set via an Integer Linear Programming (ILP) for-
mulation that balances a performance proxy (tiered ranks) against
estimated token cost, and then uses an RL-based topology selec-
tor to choose an interaction structure (e.g., linear, star, feedback,
planner-driven) that maximizes a composite success—efficiency re-
ward. Empirically, BAMAS achieves comparable accuracy to strong
agent-construction baselines while reducing cost by up to 86%, and
adapts topology complexity as budgets tighten or loosen.

CoRL [12] proposes a centralized multi-LLM system where a
controller LLM decides whether to answer directly or selectively
call specialized expert models, avoiding the high cost of decen-
tralized “call-everyone” frameworks. The coordination policy is
trained with reinforcement learning using dual objectives that re-
ward task performance while penalizing exceeding a cost budget,
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Figure 1: Agentic system overview: the orchestrator maps
prompt P to a sequential pipeline and assigns an agent to
each step.

and it is trained to be controllable across multiple budget modes
(e.g., low/medium/high) by conditioning on budget prompts and
budget-specific rewards. Experiments show a single trained coor-
dinator can operate effectively across budget regimes, remaining
economical in low-budget settings while leveraging experts to reach
or exceed top-expert performance in higher-budget modes.

In contrast to prior work, which largely optimizes single-step
routing or ensemble selection under monetary or expected-cost
objectives, or allocates pre-specified subtasks to agents under a
single resource constraint, we study prompt-defined, sequential
multi-step pipelines where decisions are coupled across steps. Our
method selects not only the agent/model at each step but also the
inference strategy and parameter configuration, explicitly model-
ing their joint impact on accuracy, latency, and energy. We fur-
ther impose global time—energy budgets over the entire pipeline
and optimize end-to-end performance using two complementary
accuracy-aware objectives, yielding a unified formulation for bud-
geted agentic computation that is not addressed by existing routing,
agent-construction, or multi-agent allocation approaches.

3 System Model

The AIMPS problem analyzed in this work concerns the step-wise
selection, from a finite pool of Al agents, of an LLM or SLM and
its inference-time configuration to maximize the quality of the
response to a given prompt P, subject to global constraints on
execution time and energy consumption. We model the system as a
sequential multi-agent computation pipeline. A central orchestrator
receives the prompt P from a user and decomposes it into a sequence
of interdependent tasks (see, e.g., [21]), referred to as an execution
plan ‘Wp. For each task w of the plan, the orchestrator assigns a
feasible aimp configuration, namely a triple consisting of an agent a,
an inference method s € S,, and a parameter configuration r € R;.
The agent pool is heterogeneous: LLMs offer higher capability,
while SLMs provide lighter-weight alternatives for specialized tasks.
Moreover, each agent exposes multiple inference-time methods and
configuration spaces, enabling fine-grained control of the quality—
resource trade-off. The core challenge is to orchestrate these choices
across multiple dependent steps while respecting global latency and
energy budgets, as overall task quality depends on both the pipeline
structure and the allocation of resources across its stages [21, 29].
As illustrated in Figure 1, the main entities of the system are:

e User: Provides a prompt P, specifying the overall objective
to be achieved together with implicit or explicit expectations
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on response quality and resource usage, expressed as global
latency and energy budgets.
Orchestrator: Receives the prompt P, constructs an execution
plan ‘Wp by decomposing the computation into an ordered
sequence of tasks w, and selects a feasible aimp configuration
for each task. The orchestrator enforces global budgets and
ensures that intermediate outputs are passed from one agent
to the following one (since there is still not consensus in the
literature, see e.g., [21], in the following we will use the terms
tasks and steps interchangeably).

o AI Agents: A heterogeneous set of Al agents, including LLMs
and SLMs. Each agent supports multiple inference methods
and parameter configurations, and executes the tasks of ‘Wp
as assigned by the orchestrator.

In the following, we describe the structure of a prompt and the
structure of Al agents used in the system.

3.1 Prompt Structure
A prompt is represented as the tuple P = (p, dp, Ep, Tp), where:

e p: The input text provided by the user, specifying the overall
objective to be achieved.

e dp € Ry(: A scalar score estimating the difficulty or com-
plexity of the prompt, computed by the Orchestrator via a
meta-model or heuristic (e.g., predicting whether a higher-
capability model is needed), following learned routing ap-
proaches such as RouteLLM [20]. This score allows the or-
chestrator to adjust the execution plan and the set of candi-
date agents.

e Ep € Ry: The global energy budget (in watt-hours, Wh)
available to execute the prompt. Since different agents and
inference-time configurations entail different energy costs,
the orchestrator must ensure that the selected strategy re-
spects this limit.

e Tp € Ry: The global time budget (in seconds) available
to complete the prompt, ensuring that the response meets
latency constraints.

The orchestrator decomposes the prompt P into an execution
plan ‘Wp, modeled as a sequential pipeline: each step must complete
before the following one starts. This structure captures realistic
multi-step workflows, where each step depends on intermediate
outputs produced by previous ones. For each task w € Wp, we
denote by A,, € A the subset of candidate agents that can execute
it. In practice, not all agents in the pool A are suitable for every task;
therefore, A,, is often a strict subset of A, reflecting heterogeneous
capabilities and specialization. In this setting, agentic systems can
explicitly leverage specialized agents (e.g., AgentGroupChat [9]):
some models excel at mathematical reasoning (e.g., Minerva [14]
or Llemma [2]), while others are better suited for natural language
understanding (e.g., BERT [7] or DeBERTa [10]).

3.2 Agents Structure and Performance Metrics

The system has access to a finite set of agents per task w (A,,),
and each agent is not simply a monolithic model but rather a con-
figurable computational unit. In particular, each agent a € A,, is
characterized by:
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o S,: the set of inference-time methods available for agent a
(e.g., best-of-N [13], beam search [28], and lookahead [30]).
o R;:the set of admissible parameter configurations for method
s € 8,.For example, if s = best-of-N, then R = {1, 2,3,...,R}
may represent the number of samples.

This nested representation, in which each agent supports multi-
ple inference-time methods and configurations, enables fine-grained
control of the accuracy-resource trade-off. More sophisticated
methods and settings can improve task-specific performance, but
typically incur higher computational and energy costs, thus requir-
ing careful balancing under global resource constraints.
Performance metrics: The performance of any agent-inference method-
parameter (aimp) configuration is characterized by four fundamen-
tal metrics, all of which are task-dependent. In particular, for a spe-
cific agent a executing task w of prompt P with inference method s
parameterized by r, we consider:

® dyasr € (0,1]: Expected accuracy of agent a on the task w,
when running inference method s with parameter r.

o frasr € R Expected execution time (in seconds) for agent
a on w, when running inference method s with parameter r.

® é,,45r € Ryo: Expected energy consumption (in Wh) for agent
a on w, when running inference method s with parameter r.

We assume the orchestrator has access to time and energy con-
sumption estimates for each aimp configuration, obtained from a
profiling/calibration phase on representative tasks. For a new w,
the orchestrator retrieves estimates from the most similar profiled
tasks (e.g., via embedding-based clustering), following common
practice in learned routing and assignment methods that build per-
query/per-cluster performance models (CPLS [17], OptLLM [18],
RouteLLM [20]). Runtime and energy are measured using standard
inference benchmarking and power-instrumentation methodology
(e.g., MLPerf Inference [22]), and updated online using obtained
measurements.

The accuracy estimate d, 45 quantifies the quality of executing
step w with the selected aimp configuration. We interpret d,, as
an estimated step success rate, namely the probability that task w
produces an intermediate output that is correct, or at least usable
by downstream steps in the sequential plan.? In practice, d,, can be
estimated during a lightweight calibration phase on representative
instances of each task type. When ground-truth labels or automatic
checks are available (e.g., exact match, constraint satisfaction, unit
tests), d,, can be estimated empirically. Otherwise, it can be approx-
imated using a learned verifier or an LLM-based judge applied to
intermediate (step-level) outputs, which assigns a correctness score
(and, when calibrated, a proxy probability), as in verifier-based
selection for reasoning tasks [5] and LLM-as-a-judge evaluation
frameworks [16, 31].

To evaluate the end-to-end quality of the sequential pipeline,
we adopt two complementary criteria based on step-level success
estimates: (i) a multiplicative aggregation [],, d,,, which captures

2This abstraction over inference-time methods and configuration spaces allows our
system model to cover both standalone LLM/SLM-based solutions and tool-augmented
agents.

3Note that the downstream impact of a step depends on error propagation and on the
robustness of subsequent steps, hence end-to-end quality can only be approximated
by simple aggregations of step-level success estimates.
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error compounding along a sequential chain and provides a con-
servative proxy of the probability that all steps succeed, and (ii)
a worst-step criterion min,, d,,, which emphasizes robustness by
preventing a single low-accuracy step from dominating overall per-
formance. Both product and minimum reductions over step-level
success estimates are common in step-based evaluation settings
(e.g., process-supervised scoring [15]).

4 Problem Formulation

Given the execution plan ‘Wp and the pool of Al agents and associ-
ated configurations introduced in the previous section, solving the
AIMPS problem means selecting exactly one aimp configuration for
each task w € Wp, maximizing the overall response accuracy while
meeting the global resource budgets (Ep, Tp). This section intro-
duces the Mixed-Integer Linear Programming (MILP) formulations
we propose for the AIMPS problem, which consider two alternative
objective functions to capture different notions of solution quality
in multi-step agentic pipelines.
We first formalize the decision space and objective functions.

4.1 Decision Vector and Assignment Constraints

The decision space IT denotes the set of all feasible aimp assignments
for the execution plan “Wp. Each element of II specifies, for every
task w € ‘Wp, a triple consisting of an agent, an inference method,
and a parameter configuration. Formally,

ae A,

Im= {(a,s,r)}we,wp s€S8, ¢,
r e Rs

We encode a specific assignment using a binary decision tensor
X = (Xyaqsr), Where x,,45, € {0,1} and x4, = 1 if task w
is assigned to agent a with method s and configuration r, and 0
otherwise. To ensure that exactly one aimp configuration is selected
for each step, the assignment must satisfy

DY D Xwasr =1 Vwe W, &)
ac€ A,y s€Sa reRs
Additionally, the following constraints must hold:

Z Z Z Z Xw,a,s,r Ew,a,s,r <Tp (2)

weWp a€ A,y s€Sq reRs
Z Z Z Z Xw,a,s,r éw,a,s,r <Ep (3)

weWp aeA,, s€Sq reRs

weWp, acA,,

€ {0,1 4
Xw,a,s,r { 5 } se Sa, reR,. ( )

Equation (2) ensures the total time consumption across all se-
quential steps does not exceed Tp. Equation (3) constrains the total
energy consumption across all steps to be no more than Ep.

4.2 Objective Functions

We formulate the AIMPS optimization objectives using the accuracy
metric introduced in Section 3.2. As mentioned, the overall accuracy
of a multi-step pipeline can be evaluated either through the perfor-
mance of its weakest step or through the joint contribution of all
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steps. These two perspectives naturally lead to two complementary
objective functions, which we present in the following sections.

4.2.1 Model 1: Max-Min Accuracy Objective. We first consider a
robust objective that explicitly accounts for the sequential structure
of the execution plan “Wp. As the reasoning steps are executed in
sequence and each step depends on the output of the previous one,
an error at any stage can propagate and significantly degrade the
quality of the final response. As a result, the quality of the final
output depends heavily on the weakest-performing step. To capture
this effect, we adopt a max-min accuracy objective, which seeks to
maximize the minimum expected accuracy across all steps:

max z (5)
X,z
subject to Equations 1-4, and,
Z Z Z Xw,a,s,r dw,a,s,r >z VYVweWp (6)
acA,, s€eSg reRs
z€(0,1] (7)

Equation (6) enforces that the accuracy achieved at each task w
is at least z, thereby implementing the max-min objective.

4.2.2 Model 2: Multiplicative Exponent Form. While the max-min
formulation emphasizes robustness, it may be overly conservative
in scenarios where overall task success depends on the joint per-
formance of all steps rather than on the worst-case step alone. To
capture this alternative notion of quality, we consider a second
objective that maximizes the product of step-wise accuracies. This
formulation rewards configurations that achieve consistently high
accuracy across the entire pipeline and naturally penalizes poor
performance at any individual step:

o [ (T 1] T oo™

weWp \ac A,y seS, reRs

®

To preserve the linearity of the formulation, we apply a logarithm
to the previous equation, which yields:

m)i{iX Z Xw,a,s,r IOg(ﬁW,ﬂ,S,') (9)

w,a,s,r

subject to Equations (1)—(4).

In particular, Equation 9 with Constraints (1)—-(4) can be inter-
preted as a special case of a multiple-choice, multi-dimensional
knapsack problem (MMKP) [19] with mandatory selection from
each class, a problem known to be NP-hard. In this interpretation,
each task w € ‘Wp defines a choice class from which exactly one
item must be selected, where the item identifies a candidate aimp
configuration (a, s, r) (see Equation 1). The profit associated with se-
lecting this configuration for task w is given by log(d,q,s ), While
the resources consumption defines multiple knapsack dimensions,
namely execution time and energy, with weights £,, 55, and é,, 45 .
The global budgets Tp and Ep serve as the capacity constraints for
the corresponding dimensions, imposing through Equations (2) and
(3) the multi-dimensional capacity limits.
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5 Solution

To solve the optimization problems introduced in Section 4, we em-
ploy an iterative procedure that repeatedly constructs and solves
the optimization model on a step-by-step basis. Rather than solv-
ing the entire sequence of tasks with fixed resource budgets in a
single shot, the orchestrator re-optimizes at every step of the exe-
cution plan. This design reflects the practical behavior of agentic
systems: measured latency and energy consumption often deviate
from estimates, and updating the remaining budgets after each step
produces allocations that are more robust to uncertainty and drift.
At the beginning of each iteration, the orchestrator builds a new
optimization model using the remaining steps, the current residual
budgets, and the accuracy, latency, and energy estimates associated
with each aimp configuration. Solving this restricted model yields
an assignment for all remaining steps, but only the configuration
for the current step is executed, while the rest serves only as a
provisional prediction that is recomputed in the following iteration.

In some iterations, the optimization problem may become infea-
sible because the remaining time or energy budget is insufficient to
accommodate the predicted cost of completing the remaining tasks.
To prevent premature termination, we apply a simple feasibility-
recovery mechanism: whenever the solver reports infeasibility, both
budgets are relaxed by a fixed multiplicative factor (10% in our im-
plementation), after which the model is rebuilt and re-solved. This
iterative relaxation continues until feasibility is restored. The num-
ber of relaxations required offers insight into how tightly the origi-
nal constraints bounded the feasible set and quantifies the degree of
mismatch between estimated and realized resource consumption.

Once a feasible solution is obtained, the orchestrator executes the
selected configuration for the current task w. The system then mea-
sures the realized latency and energy consumption. As mentioned,
their values may deviate from offline estimates due to system noise,
scheduling delays, and model variability, while accuracy is assumed
to remain at its nominal value from the offline estimation, as it is
difficult to measure reliably at runtime. The remaining budgets are
updated and passed to the next iteration; the process continues
until all steps in the plan have been resolved.

Algorithm 1 summarizes the complete procedure. Lines 1-5 ini-
tialize the measured latency and energy (i.e., the ones obtained
from the monitoring system) over the executed steps as empty
set T™eas  Emeas jteratively solve the optimization model for the
current set of unsolved tasks and retrieve the first task from the
unsolved task list (w). Lines 6-8 store the estimated results in the
first iteration as T, E, A, while Lines 10-14 measure the latency and
energy consumption (t,,, e,,), update the budgets accordingly and
remove the current task from unsolved tasks. The algorithm then
proceeds to the next task. The algorithm terminates when no un-
solved tasks remain and returns both the estimated and measured
performance metrics.

6 Experimental Analysis

In this section, we empirically evaluate the proposed optimization
framework for sequential agentic Al pipelines under global time and
energy constraints. The experiments are designed to assess three
main aspects: (i) how effectively the framework respects global
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Algorithm 1 Sequential Task Resolution

1: Initialize remaining budgets T, E and unsolved tasks Wp

2: Initialize measured metrics T™€%S « (), E™€%S «— ()

3: while Wp # 0 do

4 Solve model for the remaining tasks ‘Wp under budgets (T, E)

5: w « Pick next task from Wp

6: if w is the initial task in ‘Wp then

7: T,E, A « Predicted performance for all tasks

8: end if

9: Execute task w
10: t,, and e,, < Measure the latency and energy consumption
11: T—T-t,, E«E-e, > Update budgets
12: Update T™€4%, E™€% with t,,, e,,, respectively

132 Wp e Wp\ {w}
14: end while
15: return T, E, A, Tmeas gmeas

resource budgets during execution, (ii) how the two proposed ob-
jective formulations, namely max-min accuracy and multiplicative
accuracy, differ in terms of accuracy-resource trade-offs, and (iii)
how the solution scales with respect to the number of steps in the
execution plan and the size of the configuration space.

All experiments run on a Linux Ubuntu server equipped with a
2.30 GHz Intel CPU (20 cores) and 10 GB of memory. The optimiza-
tion problems were solved using Gurobi 13.0.0 with multithreading
enabled (10 threads). Section 6.1 presents the experimental setup,
while Section 6.2 provides the experimental results obtained under
these settings.

6.1 Experimental Setup

We consider a synthetic yet representative experimental setting
that reflects heterogeneous agent pools and configurable inference
strategies, while allowing controlled exploration of scalability. The
system parameters used in the experiments are summarized in Ta-
ble 1. For the small-scale analysis, we consider workflows with
m = 10 sequential tasks. Each task w admits a single compati-
ble agent (|A,,| = 1), but each agent supports multiple inference
methods and parameter configurations. Specifically, each agent
provides |S,| = 5 inference methods, each with |Rs| = 5 possible
parameter settings. Execution time, energy consumption, and accu-
racy values are sampled from uniform distributions over bounded
ranges, as summarized in Table 1. Execution-time ranges are ob-
tained from a prior profiling study on representative agent con-
figurations conducted as part of an earlier project [26], while the
selected energy-consumption ranges are consistent with empirical
measurements reported for large-scale Al inference workloads [8].
Accuracy values are synthetic and serve as nominal indicators to
evaluate relative trade-offs between configurations, rather than
to model absolute prediction quality. These ranges are chosen to
reflect typical variability observed across inference configurations
in practice, where more aggressive decoding strategies yield higher
accuracy at increased computational cost.

To assess scalability, we then increase the number of tasks to
m € {100, 500, 1000}, the number of compatible agents up to 10 and
enlarge the configuration space by considering up to 10 inference
methods and 10 parameter values. Under the largest-scale setting,
the resulting MILP contains on the order of 10° binary decision
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variables x (see Section 4.1). For each setting, both optimization
formulations are evaluated under identical conditions. All reported
results are averaged over 10 random instances unless otherwise
stated.

For the small-scale experiments, we evaluate the system using
the full sequential execution procedure described in Algorithm
1, in which the optimization problem is re-solved at every step
of the pipeline. Because measured values often deviate from of-
fline estimates due to system noise, scheduling delays, and model
variability, after each task w, the time and energy budgets are up-
dated by subtracting the measured latency and energy consumption
(t» €w)- These measured values are obtained by applying a +10%
random perturbation to the corresponding offline estimates £, 4,
and é,,4, associated with the selected configuration, i.e., when
Xwasr = 1 (see Section 4.1), thereby capturing stochastic variability
between estimated and measured resource costs.

In contrast, for the scalability analysis we focus exclusively on
the computational complexity of the underlying optimization prob-
lems. To isolate solver performance, the optimization model is
solved once per instance using the full set of steps and fixed global
budgets, without sequential re-optimization or conservative budget
updates. This allows us to assess how solution time scales with
the number of steps and configuration options, independently of
execution-time variability. Moreover, solving the optimization prob-
lem for all tasks simultaneously is the most computationally de-
manding case, as it involves the largest number of decision variables
and feasible configurations, and therefore the most informative to
evaluate scalability.

Parameter Small-Scale analysis Scalability analysis
m= [Wp] 10 100, 500, 1000

| Aw| 1 2,4,6,8,10

A 5 5,10

|Rs| 5 5,10

Tp (seconds) 14.10358 281.68, 1406.26, 2827.6
Ep (Wh) 0.000961 0.0152, 0.0762, 0.153

é Uniform in [0.2, 0.29] Wh

a Uniform in [0.5, 0.99]

i Uniformin [1, 2] s

Table 1: System parameters.

6.2 Experimental Results

We first examine the accuracy behavior of the two objective for-
mulations on small-scale workflows with ten sequential steps. Fig-
ure 2 illustrates the stepwise accuracy profile for a representative
instance. As expected, the max-min formulation produces a rel-
atively uniform accuracy distribution across steps, reflecting its
objective of maximizing the weakest-performing stage. In contrast,
the multiplicative formulation exhibits greater variability across
steps, allocating additional resources to stages where accuracy
improvements have a larger impact on the overall product. As a
result, the multiplicative objective achieves higher end-to-end ac-
curacy in this instance, at the cost of increased execution time
and energy consumption, as additional resources are devoted to
accuracy-sensitive steps. This highlights the fundamental difference
between the two formulations: the max-min objective prioritizes
robustness against single-step failures under conservative resource
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Figure 2: Per-step accuracy in a representative instance.

usage, while the multiplicative objective emphasizes cumulative
accuracy gains across the reasoning chain, even when this requires
higher time and energy expenditure. Figure 3 reports the evolu-
tion of cumulative execution time and energy consumption across
steps, averaged over ten instances. Both formulations always satisfy
the global time and energy budgets in all experiments. This holds
despite the 20260122+10% variability between estimated and mea-
sured resource costs introduced to account for runtime uncertainty.
However, the multiplicative formulation consistently incurs higher
total time and energy consumption than the max-min formulation.
This behavior is consistent with its objective: by rewarding accu-
racy improvements at any step, the multiplicative objective tends to
allocate more resources to accuracy-sensitive stages, whereas the
max-min formulation often refrains from further resource invest-
ment once the minimum accuracy threshold has been sufficiently
improved. For both objectives, the estimated and realized resource
consumptions closely track each other, indicating that the iterative
re-optimization strategy effectively adapts to deviations between
predicted and measured costs.

Finally, Table 2 reports the results of the scalability analysis. As
the number of steps and configuration options increases, the aver-
age solving time grows approximately linearly with the number of
steps and the size of the configuration space. Even for workflows
with up to 1000 steps and large configuration sets, both formula-
tions remain solvable within practical time limits. The multiplica-
tive formulation exhibits slightly higher computational overhead
than the max-min formulation (about 5% but evident only for the
largest instances), reflecting the increased complexity of its objec-
tive. Notably, prior studies indicate that approximately the 85% of
production agentic workflows consist of at most tens of steps, with
the majority completing fewer than ten steps [21]. Consequently,
our largest evaluated instances exceed typical real-world workloads
by more than an order of magnitude, providing strong evidence
that the proposed framework scales well beyond practical deploy-
ment requirements while exposing meaningful trade-offs between
robustness, accuracy, and resource consumption.

7 Conclusion

This paper presented an optimization framework for orchestrat-
ing heterogeneous Al agents in sequential, multi-step pipelines
under global time and energy constraints. By explicitly modeling
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| Wp| | A (ISal, [Rs]) | Method Solving time (s)
G.5) Product 0.37
2 ’ Max-Min 0.39
Product 1.58
(10,10) Max-Min 148
Product 0.79
4 (55) Max-Min 0.74
Product 3.17
(10.10) Max-Min 3.11
Product 1.18
(5.5) Max-Min 113
100 6
(10,10) Product 4.94
’ Max-Min 4.72
Product 1.59
. (5.5) Max-Min 150
Product 6.63
(10,10) Max-Min 634
Product 1.97
10 (55) Max-Min 1.92
(10,10) Product 8.47
’ Max-Min 8.04
Product 2.01
2 55) Max-Min 1.92
Product 8.44
(10,10) Max-Min 7.86
Product 4.11
. (5.5) Max-Min 3.94
Product 17.20
(10,10) Max-Min 16.39
Product 6.33
(55) Max-Min 6.12
500 6
(10,10) Product 25.89
? Max-Min 24.76
Product 8.49
. (5.5) Max-Min 8.26
Product 36.08
(10,10) Max-Min 34.62
Product 10.59
0 (5.9) Max-Min 10.21
(10,10) Product 48.09
’ Max-Min 45.21
Product 4.20
2 (55) Max-Min 4.03
Product 17.01
(10,10) Max-Min 16.65
Product 8.53
. (5.5) Max-Min 8.14
Product 34.75
(10,10) Max-Min 33.14
Product 14.24
(5.5) Max-Min 13.50
1000 6
(10,10) Product 57.17
’ Max-Min 54.19
Product 19.25
8 (55) Max-Min 18.23
Product 73.29
(10,10) Max-Min 70.06
Product 22.82
” (5.5) Max-Min 21.96
(10,10) Product 96.22
’ Max-Min 90.49

Table 2: Scalability analysis, time averaged across 10 random
instances.

0.8

°
>
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°
=

—e— Estimated Time (Product)
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—e— Estimated Energy (Product)
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Steps Steps

Figure 3: Time and energy consumption, averaging across 10
random instances.
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agent selection (with associated inference strategy and parameter
configuration), the framework captures the key trade-offs between
accuracy, latency, and energy that arise in practical agentic Al sys-
tems. We introduced two complementary objective formulations
reflecting different notions of robustness. The max-min accuracy
objective prioritizes reliability by improving the weakest step in the
pipeline, while the multiplicative accuracy objective emphasizes cu-
mulative accuracy gains across tasks. Experimental results highlight
the distinct behaviors induced by these objectives: the multiplica-
tive formulation achieves higher overall accuracy at the cost of
increased time and energy consumption, whereas the max-min
formulation yields more conservative and resource-efficient solu-
tions. Overall, the proposed approach provides a principled basis
for resource-aware orchestration in agentic Al systems and scales
effectively to large workflows. Future work will explore more com-
plex invocation topologies, richer performance models, dynamic
agent availability, and learning-based optimization strategies.
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