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1 Introduction

Multi-agent systems, composed of autonomous Al agents working collaboratively under
a hierarchical framework, offer a promising approach to tackling complex, real-world
tasks. By leveraging specialization, modularity, and scalable coordination, these systems
can achieve outcomes that surpass the capabilities of single agents. However, designing,
optimizing, and evaluating such systems present significant challenges, including reliance
on heuristics, lack of standardized evaluation, and the inherent complexity of coordinating
multiple agents. This whitepaper addresses these challenges by introducing a practical
framework for structured optimization and comprehensive benchmarking, grounded in the
principles of controlled autonomy and opinionated configuration. Our aim is to provide
a clear pathway for enhancing the performance and reliability of multi-agent systems in
demanding environments.
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Figure 1: Examples of agentic systems. For the scope of this whitepaper, we will be focusing
on hierarchical systems.



2 Multi-Agent Systems

2.1 Conceptual Overview

In its broadest definition, an Al agent can be understood as a Large Language Model
(LLM) equipped with specific tools and guided by a predefined set of instructions [WMV24].
Unlike traditional software components that rely heavily on direct user control, agents are
designed to operate autonomously. They can analyze their environment, reason about
what actions are required next, and execute those actions without continuous human
supervision. Their ability to make decisions in pursuit of a goal makes them flexible and
adaptable in dynamic contexts.

When multiple such autonomous agents are connected in a structured way, allowing them
to communicate, coordinate, and share knowledge, they form what is known as a multi-
agent system. In this configuration, each agent contributes its specialized capabilities
and their collaboration enables outcomes that are often more sophisticated, efficient, and
scalable than what a single agent could achieve alone.

[ Capabilities ®
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o

Figure 2: The original version of our system—a supervisor based multi-agent system.

2.2 Need for Multi-Agent Systems

There are a few key reasons why multi-agent systems make sense:

1. A single agent loaded with too many tools becomes harder to control. As the
number of tools increases, the system prompt gets cluttered with more instruc-
tions, descriptions, and usage rules which can overwhelm the model and reduce its
inference and response quality.

2. A single agent is limited by its context window. With no separate mechanism to
store or retrieve information, tool outputs and accumulated data quickly consume
available context, leading to overflow and degraded performance.

3. Specialization improves results. Different tasks require different reasoning styles
or capabilities. By assigning roles to specific agents such as planning, reasoning,
retrieval, or execution, the overall system performs more accurately and efficiently.



4. Multi-agent systems scale better. Tasks can be distributed or processed in parallel,
which speeds up workflows and makes the system more efficient than a single agent
trying to do everything sequentially.

5. They are more modular and flexible. Individual agents can be upgraded, replaced,
or extended without redesigning the whole system. This makes maintenance and
experimentation easier.

6. The distribution of responsibility reduces cognitive complexity. Fach agent handles
a focused set of instructions and tools, which generally leads to more consistent and
reliable output.

3 System Architecture & Design Methodology

3.1 Design Choices & Rationale

Our multi-agent architecture supports multiple orchestration paradigms, each corre-
sponding to a distinct mode of autonomy. At its core, the system comprises specialized
orchestrators—such as supervisors, planners, workers, and, prospectively, delegators—
that govern how member agents are selected, coordinated, and executed. These orches-
trators enable the same underlying agents to operate under qualitatively different control
regimes without altering their internal implementations.

In a fully autonomous configuration (chat mode), orchestration is handled by a supervi-
sor agent equipped with an adaptive planner. This planner may be invoked at any point
during execution to incorporate new information, recover from partial failures, or com-
pensate for context limitations. Planning and execution are therefore tightly interleaved,
allowing the system to dynamically revise its strategy in response to evolving conditions
while maintaining forward progress.

In contrast, the fully controlled configuration (workflows mode) enforces a clear separation
between planning and execution. Here, an explicit plan is generated upfront by a planner
and surfaced to the user for inspection and iteration. Once finalized, this plan is delegated
to a worker agent whose role is deliberately constrained to robust, deterministic execution.
This mode prioritizes repeatability, auditability, and predictable behaviour across runs,
making it well-suited for production workflows.

We further plan to introduce a delegator orchestrator that occupies an intermediate po-
sition between these two extremes. This orchestrator will selectively delegate subtasks
while retaining partial oversight, enabling bounded autonomy without fully relinquishing
control. The ability to support this spectrum of autonomy is the result of extensive soft-
ware scaffolding informed by prior experience building production-grade systems. Cru-
cially, member agents are strictly scoped and compositional, allowing them to be reused
unchanged across different orchestration paradigms and autonomy modes.

Collectively, these design choices yield a system that supports controlled autonomy: flex-
ible enough to adapt dynamically when required, yet structured enough to guarantee
reliability, transparency, and reuse when constraints demand it.
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Figure 3: The current version hierarchical multi-agent system.

Opinionated Configuration

The system is built on a set of opinionated configurations designed with scalability and
performance in mind. Most of these decisions fall under the umbrella of context engi-
neering. This includes:

1.

3.3

Maintaining a persistent storage layer for the agent state. This ensures that agents
can retain relevant information across interactions, enabling continuity, reducing
redundant computation, and supporting more coherent multi-step reasoning.

Determining which messages are sent to which components and controlling the
amount of context passed at each step. By carefully selecting what each subsystem
receives, the system avoids overloading agents with unnecessary information.

Enforcing structured outputs to ensure reliability and predictable behavior.

Research on continuously trimming or summarizing older messages to prevent
context-window overflow while preserving essential information.

Directing messages according to their type (system, user, tool outputs, etc.) so
that each component only processes the context appropriate for its function.

Using templates or schemas that enforce a uniform structure across agent prompts,
which ensures smoother orchestration.

System Limitations

Despite the advantages offered by multi-agent systems, they come with several inher-
ent limitations that shape both their design and their practical deployment. The most
significant challenge is that these systems are largely constructed and refined through
heuristics. Much of their behavior emerges from iterative human judgment, examin-
ing outputs, adjusting prompts, modifying workflows, and determining through intuition

Ot



Figure 4: Advanced context engineering to constrain the agent’s worldview.

what feels correct or effective. This leads to a development process that relies more on
manual judgment than on a scientific method.

Another limitation is the absence of a universal benchmark for evaluating multi-agent
systems. Unlike traditional machine learning models, which can be assessed using stan-
dardized metrics and datasets, agentic systems vary widely in their architecture, intent,
and operational constraints. Their performance depends not only on the base LLM but
also on tool interactions, message routing strategies, memory mechanisms, and coordina-
tion policies. Because these factors differ significantly across implementations, no single
metric or evaluation framework can meaningfully capture the overall quality or robustness
of such a system.

This dependence on subjective heuristics and the lack of consistent evaluation standards
makes it difficult to compare different system designs or confidently measure progress.
These limitations motivate a deeper exploration into structured optimization techniques
and reliable evaluation frameworks for multi-agent systems. The following sections intro-
duce a practical approach to benchmarking and improving such systems in a way that
reduces reliance on manual heuristics and provides repeatable and measurable insights.



4 FEvaluating the System

4.1 Overall framework

Evaluating multi-agent systems requires a structured framework that captures both end-
to-end system performance and the internal capacities of individual agents and their
interactions. We organize our evaluation approach along four high-level verticals:

1. Execution completeness
2. Domain capacity

3. Planning capacity

4. Coordination capacity

Together, these dimensions provide coverage across black-box outcomes, agent-level com-
petencies, and system-level dynamics.

4.1.1 Execution Completeness

The first vertical evaluates the system as a black box, focusing on the quality, correctness,
and completeness of the final responses. The evaluation pipeline is fully programmatic,
encompassing execution, response parsing and evaluation.

Completeness is evaluated using an LLM-based evaluator £ operating under a fixed
evaluative role. For each evaluation instance, the system under evaluation S is executed
on a query g € Q with context metadata c € C, producing an execution context x € X that
captures all intermediate artifacts. Together with an evaluator system prompt p € P,
these form the evaluator input, and the evaluator produces a deterministic structured
output

E(q,c,x,p) =y.

The output y consists of categorical and numerical components, ¥ = (Yeat, Ynum ), Where
Yeat 18 a finite set of discrete categorical labels and yyum = (y1, - - -, yx ) € [0, 1]¥ is a vector
of normalized numerical scores, with higher values indicating better performance along
the corresponding evaluation dimensions.

The completeness score for a single instance is defined as

C(q7 ¢, I) = g(ycat7 ynum) )

where g : Y — [0, 1] is an aggregation function fixed prior to evaluation. The function g
may combine numerical scores and apply conditional penalties or gating based on all or a
subset of categorical outputs. By conditioning on the execution context z, the resulting
score captures both response quality and execution-aware completeness. For a dataset
D = {(q:,ci, 7))}, the evaluator is applied independently to each instance, yielding
completeness scores C; = C(q;, ¢;, ;). The dataset-level response completeness is then

1 N
i=1

In addition to this scalar aggregate, the empirical distributions of categorical outputs and
numerical scores may be analyzed to provide diagnostic insight into system behaviour and
systematic failure modes.



4.1.2 Planning Capacity

The second vertical evaluates the supervisor agent’s ability to decompose tasks, delegate
subtasks appropriately, and converge toward a solution. Due to the lack of reliable
ground-truth trajectories, we frame this evaluation primarily in terms of robustness rather
than optimality.

Our approach analyzes agent trajectories across multiple rephrased variants of the same
task, measuring convergence behaviour, number of steps taken, and consistency of del-
egation patterns. By examining whether similar task variants lead to stable planning
strategies and termination states, we assess the resilience and coherence of the planning
process without requiring explicit verification of final answers.

Robustness Let S denote a multi-agent system treated as a black box. For a fixed
query—context pair (¢, c), generate N semantic variations {¢®}~,. Each evaluation run
induces an execution trace that is mapped to a task-sequence string via 7 : Traces — A*,
where A is the set of agent identifiers, and A* = {(ay, ...,a,) | n € N, a; € A} is the set of
finite length sequences of agents. The resulting agent-sequence for the i-th variation is

sW = 1(S(¢", e)).

Let d(-,-) denote the Levenshtein edit distance on A*.

Relative Robustness Relative robustness measures the consistency of task sequences
across semantic query variations. For two runs ¢ and j, define the normalized pairwise

distance
d(s%, s0))

max ([0, [s0}

The relative robustness score is then given by

2 R
(g N)=1— —— E 81 (5D, 519)

6rel(s(i)7 8(j)) =

with R,q € [0, 1], where higher values indicate greater invariance of the agent-level task
decomposition under semantic perturbations.

Absolute Robustness Assume a single ground-truth task sequence s* € A* is defined
for the original query ¢. For each run, define the normalized distance to ground truth as

5abs(5(i)7 3*) =
The absolute robustness score is defined as
1 .
Rabs<q7 G, N) =1~ N ; 6abs<3(l)7 5*)7
which measures agreement with the intended task sequence, scaled by its reference length.

Extension The same formulation applies recursively at finer granularities by redefin-
ing 7 to map execution traces to tool-call sequences within individual agents, yielding
hierarchical robustness metrics at both the agent-routing and internal execution levels.



4.1.3 Domain Capacity

This evaluation vertical assesses the competence of individual agents against domain-
appropriate benchmarks. Fach agent type—web, retrieval, database, code, etc.—have
distinct operational semantics and output modalities, and therefore requires a tailored
evaluation strategy rather than a uniform metric.

Retrieval Agent is responsible for grounding system responses in external knowledge
and is evaluated using a combination of internal research artifacts and established external
frameworks.

We build on our internal ARAGOG framework, which formalizes retrieval evaluation
through structured output grading for retrieval-augmented generation pipelines. ARA-
GOG enables controlled comparison of retrieval strategies, including reranking, query
expansion, and multi-hop retrieval, while explicitly separating retrieval fidelity from gen-
erative fluency [Pre24].

To operationalize large-scale and reproducible evaluation, we leverage the RAGAS frame-
work to generate knowledge-graph-based datasets supporting both single-hop and multi-
hop question—answer pairs. RAGAS metrics are used to measure retrieval relevance,
context utilization, and answer faithfulness, enabling fine-grained attribution of errors
within retrieval-centric workflows [Exp23].

In addition, we incorporate the UDA benchmark, which consists of PDF-derived, real-
world unstructured documents paired with expert-annotated question—answer sets. UDA
provides a realistic stress test for retrieval robustness under noisy and heterogeneous
document conditions, complementing more controlled KG-based evaluations [H*24].

Together, ARAGOG, RAGAS-generated datasets, and UDA form a complementary eval-
uation stack spanning theoretical grounding, synthetic control, and real-world retrieval
performance.

Database Agent translates natural language instructions into executable SQL queries
over structured schemas. Its evaluation is aligned with widely adopted text-to-SQL
benchmarks that provide execution-validated ground truth.

We reference the Spider benchmark, which evaluates cross-domain semantic parsing with
complex SQL queries and diverse schemas [YZY118]. To reflect enterprise-scale com-
plexity, we additionally consider Spider 2.0, which introduces larger schemas, multi-
query tasks, and more realistic database workflows [ZLL*23]. These benchmarks enable
objective measurement of query correctness, compositional generalization, and schema
adaptation.

Code Agent is evaluated on its ability to generate correct and executable Python pro-
grams from natural language specifications. We align this evaluation with established
program synthesis benchmarks.

Primary references include HumanFEwval, which measures functional correctness through
unit-test-driven evaluation, and MBPP, which focuses on basic programming and algo-
rithmic reasoning tasks [CTJ*21, AONT21]. For broader coverage, extended benchmarks
such as APPS and DS-1000 are used to assess robustness, library usage, and multi-step
reasoning in realistic coding scenarios.

Generated programs are executed against test oracles, allowing direct measurement of
correctness, failure modes, and runtime behaviour.



Other Agents including the web agent (search and link retrieval) and MCP-based
agents, are currently evaluated using task-specific performance checks rather than full
benchmark suites. These agents are treated as extensible components, with evaluation
strategies to be formalized as their functional scope stabilizes and suitable public bench-
marks mature.

4.1.4 Coordination Capacity

The final vertical focuses on inter-agent coordination, evaluated through message pass-
ing and communication structure across agents. This dimension captures how effectively
agents exchange context, propagate intermediate results, and avoid redundant or con-
flicting actions.

4.2 Datasets

Evaluating a multi-agent system requires selecting a dataset that meaningfully reflects
the system’s capabilities, particularly its ability to reason, coordinate tools, and operate
across diverse modalities. After surveying multiple available benchmarks, the GAIA
Benchmark [MFW24] emerged as the most suitable for this purpose. GAIA is composed
of question—answer pairs organized into levels of increasing difficulty, each designed to
test progressively more complex forms of reasoning and tool usage.

A defining characteristic of GATA is its emphasis on grounded real-world tasks. Questions
often require interpreting or extracting information from heterogeneous data sources such
as PDFs, images (for example, JPG and PNG), slide decks, videos, websites, and code
snippets. This aligns closely with the operational demands placed on agentic systems,
where success often depends not merely on language understanding but on the ability
to select appropriate tools, parse non-text content, and synthesize information across
formats.

By centering on tasks that require multimodal understanding and structured tool use,
GATA offers a challenging and relevant benchmark. For the purposes of this evaluation,
a subset was selected of Level 1 non-multimodal questions, which aligns with the current
capabilities of the system. This subset provides a practical way to assess how well the sys-
tem handles structured workflows, coordinates agents, and produces accurate, grounded
outputs, making it a suitable foundation for evaluating the architecture presented in this
work.

Scoring The GAIA benchmark uses exact-match scoring with type-specific normaliza-
tion. For each question 7, the system computes a binary score

{1 if normalize(y;) = normalize(y;),
S; —

0 otherwise,

where g; denotes the predicted answer of the model and y; denotes the ground-truth an-
swer. The normalization function applies lightweight cleaning appropriate to the answer
type (e.g., removing punctuation/whitespace, standardizing numbers, or splitting lists).

The overall accuracy percentage is as follows:
1N
Accuracy(%) = NZ

where N is the total number of questions evaluated.

10



4.3 Environments

Application logic
Software scaffolding
Cognitive architecture
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Environments (Meta ARE, GTA) Our system

Figure 5: How agent environments relate to our multi-agent system.

While datasets provide the tasks an agent must solve, the environment defines the world
in which those tasks are executed. In the context of multi-agent systems, an evaluation
environment is not merely a software dependency but a sand-boxed reality that serves
as a containerized interface governing the agent’s observation space (what it sees) and
action space (what it can do).

For static benchmarks (like typical Q&A datasets), the environment is often trivial.
However, for agentic tasks that involve tool use, coding, or web browsing, the environment
is critical for three reasons.

» Safety - prevent agents from damaging real systems
» Reproducibility - ensuring that the state of the world is identical for every run
o Determinism - control external variables like network latency or API changes.

Several specialized environments have been developed to standardize this process. [FAB125]
Meta’s Agents Research Environment (ARE) introduces an asynchronous, time-driven
simulation for GATA 2, while others target specific domains such as [XZC*24] OSWorld
for operating system control, [ZXZ"24] WebArena for web browsing, and [JYW™24]
SWE-bench for software engineering tasks. These frameworks typically provide safe,
deterministic sandboxes that isolate agent actions from external variables.

For this evaluation, however, the multi-agent system itself was utilized as the environ-
ment. Rather than wrapping the agents in an external simulator, all relevant dataset files
and context were directly uploaded and connected to the system’s knowledge base. The
benchmarking was conducted programmatically via the system’s API, injecting the GAIA
question-answer pairs as standard user requests to evaluate the end-to-end performance
in its native operational state.

11



4.4 Outcomes & Limitations

Running the GAIA evaluation provides direct insight into the strengths and limitations
of the current multi-agent architecture. Because each question is paired with a known
ground truth answer, the evaluation loop makes it possible to identify where the system
succeeds, where it fails, and why. In practice, this feedback highlights which compo-
nents require revision, such as specific agent behaviors, tool selection policies, or prompt
configurations. This creates an iterative improvement cycle: run the evaluation, analyze
failure cases, modify the system or prompts, and rerun. At the time of writing, only the
Level 1 subset has been executed on our staging instance and some of the improvements
we are working as far are as follows:

o Improve agent orchestration and replanning logic, especially when new information
is gathered or to avoid infinite loops.

o Enhance task decomposition and supervisor instructions to sub-agents for better
clarity and structure.

» Update and structure system prompts and metadata for both member and super-
visor agents.

« Improve web and database agent capabilities, including better referencing, context
retrieval, and new tools for filtering and fetching data.

e Add few-shot prompting to workflows and supervisor for more robust agent re-
sponses.

LLMs as Evaluators

Although LLMs are frequently used as evaluators, our findings indicate that they are
fundamentally ill-suited for rigorous multi-agent evaluation. Using a non-deterministic,
black-box model to assess outputs generated by similar abstractions leads to unavoidable
bias propagation, making it impossible to disentangle evaluator bias from true system
performance.

» In practice, we observe strong correlation effects between the model family used in
the evaluated system and the model family used as the judge. When both belong
to the same lineage, evaluation scores are systematically inflated across metrics,
indicating representational alignment rather than objective assessment.

o Additional bias arises from differences in model training, alignment, and deploy-
ment. Variations in instruction-following behaviour, safety guardrails, and provider-
level scaffolding materially influence evaluation outcomes, causing scores to reflect
evaluator-specific artifacts rather than intrinsic system quality.

o Finally, evaluation design choices introduce implementation bias. Structured-output
scoring constrains assessment to incomplete metric sets, while option-based prompt-
ing exhibits positional bias.

Together, these limitations motivate a shift toward more holistic evaluation methods that
open up the possibilities of practically realizing self-optimizing multi-agent systems. We
propose one such mathematical formalization in the following section.



5 Optimizing the System

Here we consider the task of finding an optimal system design. We let S be the search
space of systems and f : & — R an evaluation function, e.g., a linear combination of
metrics measuring the systems performance on a fixed benchmark set. Our goal is to
identify

S* .= argmax f(95) (1)
SeS

5.1 Optimization Approach

In this Section, we first consider our search space complexity, finding it to be exponential
(5.2). Based on this knowledge and the complex, black-box nature of the optimization,
we systematically rule out all optimization approaches except Genetic Algorithms (GAs)
and Bayesian Optimization (BO) (5.3). We select the latter as the best fit, given that it
excels when the input dimensionality is low and the cost of evaluating a proposed system
is high. Since a surrogate model (posterior) is required for BO, we will use Gaussian
Processes (GP) due to their many successful applications and the wealth of research
support available for them. Detailed formulation of the algorithm is given (5.4).

Notably, relatively fast convergence guarantees (sublinear regret) are known for BOGP
when using a scheduled Upper Confidence Bound (UCB) acquisition function (5.5). Such
a guarantee is highly desirable. Unfortunately, the existing proof relies on a fixed kernel
function.

However, because our target system optimization involves unknown, complex relation-
ships between the inputs (models, tools, etc.) and the objective function, we posit that
standard kernel functions are unlikely to be sufficient. Adaptive kernels and feature
embeddings, as utilized in kernel learning, represent the most promising path forward
(5.6).

This leaves us with two options: 1) Proceed with kernel learning and forgo the theoretical
convergence guarantee; or 2) Identify and prove an extended BOGP guarantee suitable
for adaptive kernels and kernel learning approaches. We plan to pursue both strategies
in parallel.

The rest of this section documents the details leading to this plan.

5.2 Search Space Complexity

As an example of the complexity in such a system design, we fix the following hyperpa-
rameters for the system:

e M,,: the number of distinct LLM models considered.
e M;: the number of distinct tools considered.
o (C;: the maximum allowed number of calls for tool 7 € {1,..., M;}

and count the size of our search space. An individual agent A; is defined by selecting
exactly one of the M,, models and any subset of the M; tools (ranging from the empty
set to all tools).



Consequently, the total number of possible unique agents, denoted N,, is given by:

My M
Na:MmX2<kt>:me2Mt

k=0

Our system requires a supervisor agent and is capped at a maximum of M, total agents.
We let 1 < n, < M, denote the variable number of agents in a specific system configura-
tion. Assuming the system is defined by an ordered sequence of agents, the total number
of possible systems is the sum of the search spaces for each system size from 1 to M,:

M, NMa_l
DINF=N,+ N2+ 4 NMe = N,—2——
~ N, —1

It follows that the asymptotic complexity of the search space is:
O(Na]wa) -0 ((Mszt)Ma) — O(M’r]nwu2MtMu.) (2)

Searching over a finite set of sequences (C;) and over a finite set of system prompts for
the supervisor agent will increase the search space complexity (Eq. 2) multiplicatively.
For now consider these fixed.

5.3 Optimization Techniques

To identify viable optimization strategies, first note that a system S is determined by
its agent set, where an agent A is specified by its model m(A) and its tool set t(A) =
{t(A)1,...,t(A)} for some k € Ny. This can be formulated using binary variables:
{ma; i = 1,..., M,} indicating agent a’s use of model i, subject to the constraint
Dimai < 1; and {t,; : j = 1,...,M,} indicating agent a’s use of tool j. Notably,
such systems may experience complex unknown interactions. For example, tool ¢; might
make tool to useless, or Agent A might increase system performance with no tools but
decrease performance if given tool ¢;. Thus, we face a black-box, integer programming
optimization problem, where the objective function f(S) is non-differentiable, costly to
compute, and cannot be factored simply into the variables of S.

Our counting argument shows that even with a modest number of models, tools, and a
maximum number of agents, the search space is intractable for brute-force search. As
a simple example, suppose we have M,, = 5 different LLMs, M, = 5 different tools,
and a maximum of M, = 5 agents in the system. The search space size is roughly
O(5° x 2%%) > 10'° Dynamic Programming and Branch and Bound methods require
structure in f that we lack, making them inapplicable. We know of no exact optimization
methods that are feasible for this problem.

Moving to heuristic methods, we consider greedy algorithms (e.g., iteratively choosing a
random neighboring system, evaluating it, and keeping the new system if it is better).
These are not guaranteed to converge, and we lack a strategy to guide the search ef-
fectively. Similarly, their stochastic counterparts (e.g., Simulated Annealing, where one
probabilistically keeps or rejects a worse system) do have convergence guarantees, but
they require an extremely slow cooling schedule (O(log™*(t))) to hold [GG84]. These are
therefore a poor fit.

Genetic Algorithms (GAs) [Hol75] are well suited for black-box optimization and have
been used in situations where unknown complex interactions are expected. Notably,

14



GAs produce the next samples to evaluate very quickly, but they require many iterations
to find near-optimal solutions. In particular, GAs have been effective in finding multi-
agent LLM system designs [YSCT25]. While convergence guarantees have been proven in
some cases [Rud94], GAs are known to suffer from premature (sub-optimal) convergence.
According to an expert we consulted (Professor Erik Hemberg, MIT), GAs are good for
exploration of the search space but often fail to converge efficiently.

Bayesian Optimization (BO) refers to the general iterative algorithm of defining a prob-
abilistic surrogate model of the objective function and using it to identify which system
to evaluate next. After each evaluation, the probabilistic surrogate is updated. In short,
BO builds a map of the unknown search space to enable informed guessing and accelerate
optimization. BO with Gaussian Processes (BOGP) specifies the probabilistic assump-
tions using Gaussian distributions, utilizing a kernel function to relate system designs to
the probability distribution of the objective function, conditioned on all prior observa-
tions. There are two main drawbacks of BOGP. First, identifying the candidate for the
next evaluation is computationally costly. Updating the distribution requires inverting
an n x n matrix, which is O(n?®) where n is the number of observed data points, followed
by an internal optimization step. Second, BOGP can struggle when optimizing in very
high dimensions.

Overall, for black-box situations, GAs and BOGP appear to be the best classical methods.
If the evaluation of the objective function is slow (as is our case), research suggests BOGPs
are worth the computational cost because they identify the next evaluation point more
intelligently [LTRE22]. Conversely, if evaluation is relatively cheap, GAs—which require
little time to identify candidates but many iterations of evaluations—can be better [AL21].
Hybrid BOGP-GA algorithms have also been proposed [LTRE22].

Based on these findings, we pursue BOGP.

5.4 Bayesian Optimization with Gaussian Processes

Our goal is the optimization of f(x), representing the evaluation of a multi-agent sys-
tem as discussed above, where = denotes the design choices; however, we introduce the
optimization method here in full generality. We consider the problem of optimizing an
unknown reward function f : D — R over a domain D < R¢ using a Bayesian Optimiza-
tion (BO) iterative algorithm with a Gaussian Process (GP) model. We assume generally
that we can evaluate f with noise, but that evaluations are costly, and typically analytic
or gradient-based techniques are inapplicable for the optimization of f.

(Notational note: while we previously used ¢; to denote the tools used by an agent, we
now let ¢ and ¢; to denote the rounds of an optimization algorithm. This follows the
literature, and the ambiguity should not cause confusion). In each round t =1,2,..., T,
we choose a point x; € D and obtain a noisy observation y;:

v = f(a) + &

where the noise terms ¢, ~ N(0,0?) are independent and identically distributed (i.i.d.)
Gaussian noise. The noise variance o? is assumed to be a fixed positive constant.
We denote the history of observed input-output pairs up to round ¢t — 1 as D;_; =
{(z1,v1), ..., (zt-1,y1-1)}. For convenience, we also define @1 = [z1,...,2:1]7 as the
vector of observed inputs and %1 = [y1,...,¥-1]T as the vector of corresponding ob-
served outputs.



The GP model for f is characterized by its mean function and covariance (kernel) func-
tion. We assume a zero prior mean function:

po(x) =E[F(z)]=0 VYxeD

(while, in general, if some prior data is known, a random variable Y|z can have a non-zero
prior mean).

The covariance (kernel) function k£ : D x D — R is assumed to be positive semi-definite
(PSD), symmetric (k(z,z’) = k(2’,z)), and continuous. We assume k is uniformly
bounded by a positive constant A, such that k(z, x) < A for all z € D, and that k(z,z) > 0
(non-degenerate) for all z € D. The covariance of our Gaussian process is given by k;
that is,
k(z,2') = E[(F(x) = po()) (F(2) — po(2'))] = E[F(z) F ()]

We abuse notation and write k(Z,2") to denote the |Z| x |2’| matrix where the entry at
row i and column j is k(wz;,2}) for 2; € & and 2y € 7. (F will be used to denote the
random variable corresponding to our GP; e.g., F(x) ~ N(0, k(z,z)) while f(x) denotes
the true, deterministic value.)

It follows that given the noisy observations D;_1 = (Z;_1, ¥;—1), the posterior distribution

over f is again a GP. Specifically, for any set of (new) test inputs ¥, = [z7,..., 2% |7,
the corresponding (unobserved) function values F(Z,) = [F(x}),..., F(z})]" follow a

multivariate Gaussian distribution conditioned on previous observations:
F(f*)‘ptfl ~ N(,Utfl(f*)a Et71<f*)>

where the posterior mean vector p;_1(Z,) and posterior covariance matrix 3, 1(Z,) are
given by:

(T, Tp1) (K(Zyo1, Do1) + 02])_1?71:—1

(fﬂu f*) - k(f*a ft71>(k(ft717 ft71> + 0-2]-)71]6(1_;’15717 f*)

Mt—l(f*)

Se1(72) )

=k
=k

Note that p;—; depends on both ;1 and ¥;_;, while 3; _; only depends on &;_;. Now,
for any single test point x, its posterior mean p;_1(x) and posterior variance o?_,(z) are
given by:

(2, Ty (k(Zr1, Tom1) + 0°1) s
(l’,%) — k(x,ftfl)(k(ft,hftfl) —+ 0'21)71147(@},1,1')

/~Lt—1($)

=k
(4)

o (z) =k
Now equipped with GP machinery furnishing a computable posterior, we use a BO pro-
cess. To do so, we require an acquisition function ay(z), which is used to identify the
next data point to evaluate, and may vary with the iteration ¢. We also require a real,
positive definite kernel function k, and stopping criterion S. The BOGP process in round

t is:

1. Compute the sufficient statistics (u¢—1,>;—1) for the posterior based on all prior
observations;

2. Choose the next data point to sample by computing z; := argmax, a;(x).

3. Evaluate y, = f(x¢) + €, and store (x4, y;).
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4. If the stopping criterion is met, return the best previously observed data; else,
continue.

Generally, a4 is chosen to be fast to optimize, e.g., admitting gradient or analytic tech-
niques, so steps 1 and 3 are the computationally expensive steps.

5.5 GP-UCB Convergence Guarantees

Convergence guarantees for BOGP are proven under specific settings in Srinivas et al.
[SKKS10]. This section gives a concise overview of their main theorem (1) for optimization
over a finite domain, as is our situation. We then discuss its limitations and implications
for future research.

The optimization guarantee requires the Upper Confidence Bound (UCB) acquisition

function,
a(r) = o (x) ++/Bioa(x) - (5)

Here ; > 0 is a “confidence parameter”, a constant that balances between exploration
and exploitation throughout the BOGP process. That is, it encourages exploration by
favoring areas of the domain where our posterior variance o2 ,(z) on the function value is
large (high ;) and exploitation by favoring areas where we have high expected function
values p;—1(z) (low ;). We index f; by time ¢ as the balance will change in each round

of the process to ensure convergence.

The main idea of Srinivas et al. is to change the value of the confidence parameter each
iteration to guarantee convergence. In order to understand such a schedule and how
it ensures convergence, we require notions of regret, the quantified error of the process.
The next subsection provides a short but formal treatment of regret. The important
takeaway is that if a process is “no-regret”, then the best seen value in the process
becomes arbitrarily close to the actual optimum (Proposition 2).

5.5.1 Types of Regret

The performance of the optimization algorithm can be quantified asymptotically using
the concept of no regret.

Definition 1 (Instantaneous, Cumulative, and No Regret). Let x* = argmax,_, f(x) be
a true maximizer of the unknown function f. The instantaneous regret r; at round t
is the loss incurred due to not choosing x*:

re=fa") = fla) -

The cumulative regret Rr after T rounds is the sum of instantaneous regrets:

No regret does not imply that r, — 0, although that is certainly sufficient. Our next
proposition shows instead that no regret implies that Ry is sublinear asymptotically.
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Proposition 1. Suppose our process is no-regret (limp_, Rp/T = 0), fix any &' > 0,
and let m(T,0") .= |{t < T :r, > '} = the number of rounds t < T such that r, > ¢§'.
Then limy_,o. m(T,9") /T = 0; i.e., m(T,¢") is sublinear in T for any ¢&'.

Proof. For the given ¢’ we can lower bound the average regret as:
T
1 1 m(T, ")
N N
t=1 {t<Tr>6"}

Now, since limp_, %Zthl ry = 0, given any € > 0, there exists some N such that for all
T > N, we have %ZL r, < e. Hence, for T > N we have

m(T,d")d’
€> ———— .
T
Rearranging gives
m(T,d") _ €

T o’
Since € can be chosen arbitrarily small (for any fixed ¢'), this implies that limy_,,, m(T, ") /T =
0, meaning m(7,¢') must grow on an order strictly less than linear in 7. O

Our next example exhibits a process that is no regret, but for which r.=0.

Example 1. Consider a sequence of instantaneous regrets where ry = 1 only when t is
a power of 2 (i.e., t =27 for j € N), and vy = 0 for all other t. Clearly ri=0. The
cumulative regret Ry will be bounded by the number of such non-zero terms up to T,
which is ~ log, T'. Hence, Ry <log,T'. Then, the average regret is:

Ry < log, T
T T

So this is indeed a no-regret sequence, despite r; not converging to zero.

-0 as T — o

Proposition 2. Suppose our BO process is no-regret. Let fr := maxi<r f(2¢) (the best
true function value seen so far). Then for all e > 0, there is an N(€) such that for all

T > N(e),
T
> (fmax - %me)) > fu— fr
t=1

Proof. By the definition of cumulative regret, and average regret:

_:_Z fmax_ fmax_ fot

The left inequality follows directly from the definition of a no-regret BO process (limy_,o, Ry/T =
0). For the right inequality, observe that for any ¢ € {1,..., T}, f(z;) < maxy<p<r f(2)) =
fr. Therefore, %Zle flzy) < %Zthl fr = fr. Multiplylng by —1 reverses the inequal-

y: —7 23:1 f(zy) = —fr. Adding fiax to both sides preserves the inequality:

1 T
fmax - ?tzzlf(xt) = fmax - fT

Combining these proves the proposition. O
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5.5.2 Srinivas et al. [SKKS10] Convergence Theorem

Here we state the main optimization guarantee that applies to our MAS optimization, and
then we discuss its proof. To do so, Srinivas et al. define the Information Gain, I(y 4;f4),
as the mutual information between the observed noisy outputs y4 = {y;}s,ca and the
true function values £4 = {f(x;)}z,ea. Explicitly, I(ya;fa) :== H(ya) — H(ya|fa). This
quantifies “the reduction in uncertainty about f from revealing y” (recall y = f + ¢ where
€ ~ N(0,07)). The main theorem bounds cumulative regret in terms of the maximum
information gain, yp = maxacp, ja=r 1 (ya;£4). Srinivas et al. then compute bounds on
~r for three common kernel functions: Linear, Squared Exponential, and Matérn.

Theorem 1 (Srinivas et al. [SKKS10], Theorem 1). Suppose our domain D is a finite
set. Suppose f is a sample from the GP denoted above with mean zero, using a bounded,
symmetric, positive semi-definite kernel k. Fiz 6 € (0,1) and assume IID sampling noise

N(0,02). Let vp be the mazximum information gain after T rounds. Then, running
GP-UCB with the parameter schedule B, = 2log(|D|t*7?/(68)) yields a cumulative regret

bound of O*(A/T~r log|D|) with high probability. Precisely,
PT’{RT<\/01TBT’}/TVT>1}>1—5
where C; = 8/ log(1 + o72).

We refer the reader to the paper’s appendix for the detailed proofs (see the URL linked
in our reference citation), but we outline the key ideas here with notes on our application.
The proof proceeds in four steps:

1. Use a standard Gaussian tail bound combined with a union bound over D and time
t to define (; such that, with probability greater than 1 — 9, the true function value
falls within the confidence interval for all z and ¢:

1f(x) — 1 (2)] < A/Brova() .

2. Use the result from Step 1 and the definition of the UCB selection rule to bound
the instantaneous regret:

Ty < \/E@%l(xt) + \/Eo'tfl(xt) = 2\/@%4(%) .

3. Apply the Cauchy-Schwarz inequality to the sum of regrets to obtain a bound on
cumulative regret in terms of the sum of variances:

T

T
Rr < TZT,? <A T D) ABoi_ ()
t=1 t=1

4. Relate the sum of posterior variances to the information gain. It is shown that
the information gain can be expressed as I(yr;fr) = %ZtT:l log(1 + 07202 | (xy)).
(We note that this relationship exploited requires a fixed kernel function.) Since
s? < C'log(1 + 072s?) for bounded variances, the sum of variances is bounded by
a constant multiple of . Substituting this back into the inequality from Step 3
yields the final result.
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5.5.3 UCB Convergence Takeaways

The work of Srinivas et al. provides the mathematical foundation to guarantee BOGP
convergence by furnishing a principled and scheduled acquisition function. Notably, the
proof in Step 4 depends on a fixed kernel, implying that adaptive kernel methods are
not immediately covered by this guarantee. Moreover, applying the bound requires com-
puting or bounding 7, which is provided only for specific kernel types (Linear, Squared
Exponential, Matérn).

5.6 BOGP Kernel Functions

One must define the kernel function, £ : D x D — R, such that any Gram matrix of
the form (k(z;,x;)) generated by a finite subset of D is a real, symmetric positive semi-
definite matrix. Intuitively, the kernel function k encodes the similarity between pairs in
our domain D, which dictates the covariance structure of the posterior distribution as
defined in Eq.s 3 & 4.

The choice of the kernel function is critical for BO, as the process depends almost en-
tirely on the posterior distribution, and hence on the kernel. In other words, using a
poorly chosen kernel function limits the posterior to being a poor surrogate model for the
objective function.

Traditional kernels, such as linear, exponential, squared exponential (RBF), and Matérn
kernels, are commonly used. These provide transparent, interpretable relationships be-
tween the inputs x; € D and the posterior distribution. Most kernel classes possess
hyperparameters that significantly affect the result [RSML19]. To address this, the sub-
field of kernel learning has emerged. Adaptive kernel methods use a parameterized class
of kernels, ky(z;,x;), and learn these parameters 6 (e.g., via maximum likelihood estima-
tion) as new data (x;,y;) is observed. Empirically, these often outperform fixed kernel
approaches and maintain sample efficiency [RSML19]. Other parameters, such as the ob-
servation noise variance oy, can be learned similarly throughout the process [ORvdW21].

However, traditional kernel functions can be fundamentally too simple to capture com-
plex correlations in the objective function. To overcome this, Deep Kernel Learning
(DKL) adaptively learns a feature embedding x — vy (z) (often using a neural network),
so the kernel used is kg(vs(x;),vs(z;)). As before, the base kernel parameters  can
be learned simultaneously with the embedding parameters ¢ [WHSX16, ORvdW21]. If
enough observations (rounds of BO) are available, such methods are often superior to
other fixed or adaptive kernel techniques, though they typically require more data to
converge [WHSX16].

6 Future work & Conclusions

This paper has outlined a practical approach to the design, optimization, and evaluation
of multi-agent systems, addressing foundational challenges in orchestration, coordination,
and performance measurement. By explicitly supporting controlled autonomy through
opinionated orchestration patterns, and by leveraging systematic optimization techniques
such as Bayesian Optimization with Gaussian Processes, we demonstrate how complex
multi-agent systems may be made both adaptive and operationally reliable.

The evaluation framework presented here is intentionally incremental. In ongoing and
future work, we will extend this framework to achieve comprehensive coverage across all
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levels of the GAIA I benchmark, moving beyond initial task tiers to capture increasing
degrees of difficulty, compositionality, and multi-modal reasoning. In parallel, we will ex-
amine alignment and overlap with other emerging datasets and interactive environments
as they mature, and where necessary, synthesize bespoke evaluation datasets to address
gaps not covered by existing benchmarks.

Beyond public benchmarks, our system is deployed across multiple client-specific do-
mains, yielding a rich corpus of real-world interaction data. This includes explicit feed-
back signals on agent preferences, domain competence, and failure modes. We plan to
operationalize this data through an automated improvement pipeline, in which agent-
level diagnostics and refinements are periodically generated and applied, with significant
components of this process driven by our internal coding agent.

Finally, we intend to incorporate reinforcement learning from human feedback (RLHF)
to fine-tune the models trained over proprietary information and high-value domains. By
combining benchmark-driven evaluation, production usage data, and feedback-informed
learning, we aim to establish a continuous optimization loop that incrementally improves
agent capability, reliability, and domain alignment over time.
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