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Abstract. We introduce Level 6 (L6) Data Agents, a framework in which col-
lective autonomy emerges from structured interactions among agents under an
adaptive algorithmic protocol. The framework incorporates a reputation-driven
mechanism, where agents accumulate scores based on the quality and impact of
their contributions, guiding selection and propagation. We also propose an iter-
ative algorithm that combines evaluation, reputation updating, and adaptation,
through which innovation emerges as a collective phenomenon. Additionally, a
dynamic consensus threshold adapts to system performance, balancing novelty
search and refinement and enabling robust and scalable collective autonomy.

1. Introduction

Recent advances in large language models and data-centric Al have led to the
emergence of data agents as a new paradigm for automating data science work-
flows, including pipeline construction, model development, and analytical rea-
soning [Alva and Pandey 2026, Sun et al. 2025a, Tang et al. 2025, Wang et al. 2025,
Zhu et al. 2025]. These agents increasingly exhibit capabilities associated with au-
tonomous data scientists [de Miranda and Campelo 2024], combining reasoning, tool us-
age, and interaction with complex data environments [Sun et al. 2026, Sun et al. 2025b,
Zhou et al. 2025]. As a result, contemporary frameworks describe agents as autonomous
entities capable of solving tasks, generating artifacts, and adapting their behavior.

In Figure 1, we illustrate the hierarchical spectrum of data agent autonomy from
LO to L5 [Zhu et al. 2025], showing the progressive increase in individual capabilities.
Level 6 (L6) is highlighted separately to emphasize its distinctive feature: collective
autonomy. Unlike previous levels, L6 agents interact, evaluate each other, and evolve
through structured feedback, incorporating validation, reputation dynamics, and adaptive
deployment to achieve system-level self-governance.
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Figure 1. Hierarchical spectrum of data agent autonomy (L0-L5) and the emer-
gence of L6 collective autonomy. While LO-L5 focus on increasing individ-
ual capabilities, L6 (this work) introduces cross-agent interactions, valida-
tion, and adaptive deployment as a collective process.

Despite these advances, existing approaches remain fundamentally centered on
individual autonomy. Even at the highest levels of autonomy discussed in recent tax-
onomies, such as L5, agents are modeled as fully autonomous yet isolated decision-
makers [Zhu et al. 2025]. This individualistic perspective becomes limiting in realistic
settings where multiple agents simultaneously generate competing artifacts, requiring
mechanisms for validation, coordination, and selection that go beyond single-agent ca-
pabilities. Without such mechanisms, systems risk deploying low-quality outputs or ig-
noring potentially valuable innovations due to the absence of shared evaluation and gov-
ernance structures.

At the same time, recent work highlights the growing complexity of data ecosys-
tems, where discovery, integration, and analysis are inherently collaborative and iterative
processes [Fu et al. 2025, Piccialli et al. 2025]. These observations suggest that auton-
omy should not be viewed solely as a property of individual agents, but as an emergent
property of interactions within a system of agents. In this work, we argue that autonomy
must be extended beyond the individual level toward a collective dimension in which
agents interact, evaluate each other, and evolve through structured feedback. In this per-
spective, the system itself becomes the locus of autonomy. Drawing inspiration from the
hierarchical taxonomy introduced in [Zhu et al. 2025], we introduce Level 6 (L6) as a
formal framework in which discovery and innovation are not isolated capabilities of indi-
vidual agents, but are embedded in a collective process governed by validation, reputation,



and diversity-aware policies.

The proposed L6 framework models multi-agent systems as adaptive ecosys-
tems in which artifacts are continuously generated and evaluated, enabling innovation
to emerge as a collective phenomenon, shaped by interactions among agents rather than
by isolated decisions. In this context, the contribution of this work is to establish the
conceptual and formal foundations of L6, specifying the entities, variables, interaction
mechanisms, and governance principles required for collective autonomy, thereby pro-
viding a basis for future implementation and empirical validation.

2. Related Work

Our work builds upon and extends the foundational taxonomy for data agents introduced
by Zhu et al. [Zhu et al. 2025], who proposed a hierarchical framework from LO to L5
that delineates progressive autonomy in data-related tasks. This taxonomy provides a
systematic lens for classifying data agents based on their degree of independence, from
manual operations to fully autonomous systems.

Prior surveys have examined the intersection of large language models and data-
related tasks from various perspectives. Zhou et al. [Zhou et al. 2025] provide a compre-
hensive overview of LLLM applications across the data lifecycle, covering areas such as
configuration tuning, query optimization, and data cleaning. Tang et al. [Tang et al. 2025]
focus specifically on LLM-based and agent-based approaches for data analysis, sur-
veying systems that function as data analysts. Wang et al. [Wang et al. 2025] examine
data science agents, analyzing their architectures and capabilities across different tasks.
These perspectives are complemented by more recent published surveys, such as Sun et
al. [Sun et al. 2025a], which review LLM-based agents for statistics and data science,
and Alva and Pandey [Alva and Pandey 2026], who analyze agentic Al systems from an
architectural and systems perspective.

Within the specific domain of autonomous data agents, several recent works
have proposed architectures and frameworks that align with our L6 formulation. Sun et
al. [Sun et al. 2025b] introduce a holistic architecture for orchestrating Data+Al ecosys-
tems, while Sun et al. [Sun et al. 2026] propose a large-model-based data agent integrat-
ing multiple stages of the data lifecycle. Fu et al. [Fu et al. 2025] discuss the concept of
autonomous data agents and their potential to transform smart data applications. From
a broader perspective, Piccialli et al. [Piccialli et al. 2025] highlight the importance of
interaction and coordination in autonomous multi-agent systems.

Beyond data-agent-specific surveys, the broader literature on LLM-based agents
provides useful foundations for understanding the transition from individual autonomy
to collective autonomy. Wang et al. [Wang et al. 2024] present a systematic survey of
LLM-based autonomous agents, emphasizing key components such as profiling, memory,
planning, and action. Similarly, Xi et al. [Xi et al. 2025] discuss the rise of LLM-based
agents from the perspective of agent construction, application scenarios, and agent soci-
eties. These works are relevant to our proposal because L6 autonomy depends not only
on task execution, but also on persistent interaction, adaptive behavior, and coordination
among agents operating within a shared environment.

Several published works have also investigated mechanisms that enable agents
to reason, act, and improve through feedback. ReAct [Yao et al. 2023] introduced a



paradigm in which language models interleave reasoning traces and actions, allowing
agents to interact with external environments while maintaining interpretable decision
processes. Reflexion [Shinn et al. 2023] extended this direction by showing how lan-
guage agents can use verbal feedback and episodic memory to improve behavior across
trials without updating model parameters. Voyager [Wang et al. 2023] further demon-
strated open-ended lifelong learning through an agent that incrementally builds a reusable
skill library from interaction with an environment. These works are not limited to data
science, but they provide important conceptual foundations for L6 systems, especially
regarding iterative improvement, feedback incorporation, and persistent adaptation.

Recent published systems also show how LLM agents can be specialized for
data-intensive workflows. Data Interpreter [Hong et al. 2025] proposes an LLM-based
agent for data science that uses hierarchical graph modeling and progressive verifi-
cation to manage complex analytical tasks. This work is particularly related to our
formulation because it highlights the need for decomposition, verification, and refine-
ment in data science pipelines. In the broader data management context, Fernandez et
al. [Fernandez et al. 2023] argue that large language models may transform data man-
agement tasks such as data integration, schema matching, query interfaces, and entity
resolution. These contributions reinforce the idea that autonomous data agents should be
evaluated not only as isolated assistants, but as components of larger data ecosystems in
which correctness, reliability, and downstream utility are central concerns.

The multi-agent systems literature further motivates our emphasis on collective
validation and governance. ChatDev [Qian et al. 2024] models software development as
a communicative process among specialized agents responsible for design, coding, and
testing. In turn, MetaGPT [Hong et al. 2024] introduces a multi-agent framework based
on standardized operating procedures, assigning structured roles to agents to improve
coordination and reduce inconsistencies in collaborative workflows. These works demon-
strate the practical value of multi-agent collaboration, but they do not fully formalize
how agents should validate each other, how artifact-level quality should affect long-term
reputation, or how deployment decisions should adapt over time.

In this sense, our work complements existing research by shifting the focus from
agent orchestration to collective autonomy. While prior systems emphasize task decom-
position, tool use, role specialization, and conversational collaboration, our L6 formula-
tion introduces an explicit mechanism for inter-agent validation, innovation-aware scor-
ing, adaptive reputation, and consensus-based deployment. This allows the system to treat
agents not merely as coordinated workers, but as members of a self-governing collective
capable of evaluating artifacts, updating trust, and adapting deployment standards based
on both peer consensus and post-deployment utility.

3. Proposed System Definition (L.6)

We define a Level 6 system as Sz = (A, X, V, R, II, ¢, 5®)), where A is the set of agents
and X is the space of artifacts, including pipelines, models, and analytical outputs. Here,
IT denotes the deployment policy and §(*) the adaptive consensus threshold. In this sys-
tem, autonomy is not localized within individual agents but emerges from the interaction
among discovery, innovation, validation, and selection processes. The collective behavior
induces a closed feedback loop: an artifact x is transformed via innovation into ¢(z, c),



which is evaluated through V'; evaluations update reputations R; reputations and inno-
vation gains shape the deployment policy II; and the deployed artifacts influence future
tasks, data, and contextual signals. This loop governs the evolution of artifacts and agent
behavior over time, with the threshold §() adapting to maintain alignment between system
selectivity and collective capability. In this setting, collective autonomy refers to the ca-
pacity of the multi-agent system to evaluate, select, deploy, and adapt its behavior through
system-level interactions without centralized control, distinguishing it from collective in-
telligence, which primarily concerns a group’s ability to solve problems effectively. Indi-
vidual autonomy, in turn, concerns what an agent can accomplish independently, whereas
collective autonomy concerns what the system can govern and adapt through interactions
among agents.

The framework formalizes autonomy as a two-dimensional construct: individual
autonomy, captured by the LO-L5 hierarchy, and collective autonomy, which emerges at
L6 from system-level interactions. In this setting, discovery, innovation, validation, selec-
tion, and evolution operate as integrated, feedback-driven processes. Thereby, innovation
becomes a collective phenomenon shaped by continuous feedback, reputation-mediated
evaluation, and adaptive governance, reframing the goal of autonomous data agents from
isolated intelligence to coordinated, self-improving ecosystems.

4. Problem Formulation

Let A = {A;, Ay, ..., A, } be a set of agents, and let X’ denote the space of artifacts, in-
cluding pipelines, models, analytical outputs, and other data-related products. Each agent
operates over this space through two fundamental operators: discovery and innovation.
An individual agent is defined as a functional entity A; : (7, D;,&;,C) — X, where T7;
is a task description, D; represents accessible data, £ denotes the environment (e.g., data
lakes, code interpreters), and C encapsulates contextual signals such as feedback from
other agents or system-level state.

The discovery operator generates artifacts grounded in existing knowledge:
Discover 4, : (7, D;, &) — x;, where x; € X'. The innovation operator transforms an ex-
isting artifact into a new one by leveraging contextual signals: Innovate 4, : X x C — X,
so that «, = Innovate 4, (;, ¢) for some ¢ € C. Innovation is modeled through a transfor-
mation function ¢ : X x C — X, yielding x, = ¢(x;, c). This formulation establishes a
fundamental distinction: discovery produces artifacts from task and data, while innova-
tion introduces transformations that generate novelty.

Problem Definition. The problem is to design a multi-agent system of data agents
responsible for data-driven discovery, innovation, evaluation, and deployment, aiming to
maximize artifact quality and utility while dynamically adapting governance thresholds.

5. Inter-Agent Validation

In L6 systems, artifacts must be evaluated collectively to ensure correctness, utility, and
novelty. We define a validation function V' : A x X — [0, 1], where V'(A;, x;) represents
the evaluation assigned by agent A; to artifact x;. This evaluation extends naturally to
innovated artifacts as V'(A;, z}). Through this mechanism, the system evaluates both
discovered and transformed artifacts, enabling a unified assessment that integrates quality
and innovation. The consensus score for each artifact is computed as a weighted average
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the agents’ current reputations R(-t) and the author of the artifact is excluded to avoid
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self-bias.

of other agents’ evaluations, cons(z) =

, where weights correspond to

Innovation Quantification. To explicitly capture the contribution of innovation,
we define the innovation gain as Ay (z;) = cons(¢(x;, c)) — cons(z;), where ¢ € C de-
notes the contextual signals guiding the transformation, thereby reflecting its impact on
the collective evaluation of an artifact. A positive value indicates improvement in consen-
sus, while a negative value suggests degradation. This formulation isolates the marginal
contribution of the transformation, decoupling innovation from the absolute quality of the
artifact. Also, this signal is complemented by human feedback F},(z), capturing aspects
of novelty and usefulness not fully reflected by peer evaluations. The composite artifact
score s(x) integrates consensus, human-assessed utility, and both innovation signals into
a unified metric for reputation updates and deployment decisions, enabling the system to
distinguish between incremental and transformative innovations.

Reputation Dynamics. Each agent is associated with a reputation score i : A —
R, which reflects its performance over time based on the quality of the artifacts it pro-
duces. Rather than explicitly decomposing reputation into separate components, we adopt
an artifact-centric view in which each produced artifact contributes to the agent’s evalua-
tion through a composite score.

Each artifact « contributes a score s(z) = - mean(v(z)) + - u+ 7 - (Ay(x) +
Fy(z)) - 271, combining the consensus of other agents’ evaluations, human-assessed util-
ity u, and innovation signals derived from both consensus (A,(z)) and human feed-
back (Fj). We assume that «, 3,7 € [0, 1] are configurable parameters and that A, (z)
and f; = Fy(z) are defined on the same scale, which allows their direct aggregation.
The agent’s reputation at iteration ¢ is computed as the average score over its generated

artifacts, }?il(t) = |X_1(t)\ ZI cx® s(z), and updated via an exponential moving average,

R§t+1) = (1 - )\)Rgt) + )\Rgt). This formulation ensures that agents are rewarded for

producing high-quality artifacts, generating impactful innovations, and aligning with col-
lective evaluations.

Consensus-Based Deployment with Adaptive Threshold. The system deter-
mines which artifacts to deploy through a consensus mechanism that aggregates evalua-
tions weighted by reputation. An artifact z; is selected for deployment if cons(x;) > ¢
(a consensus threshold). Rather than remaining static, this threshold evolves over time
based on system-wide performance. Let 6) denote the threshold at iteration t. Af-
ter each deployment cycle, the system computes the average consensus of deployed

artifacts 6“) and the average post-deployment utility U(t) derived from human feed-
back or downstream task performance. The threshold is updated according to ¢+ =
5O 4+ p(a(t) —0®) 4 J/(U(t) — Ulrget)» Where p and v are learning rates, and Uyge 1S @
desired utility level. Only deployed artifacts D) contribute to these averages, ensuring
that the threshold adapts based on actual system performance. This mechanism allows the
system to raise standards when performance is high and lower them when exploration is
needed, ensuring that governance adapts to the system’s evolving capabilities.



6. Consensus-Based Deployment with Adaptive Reputation

In this section, we present the L6-Consensus algorithm, an artifact-centric mechanism for
managing deployments in a multi-agent system (Algorithm 1). At each time step, agents
generate individual sets of artifacts (line 2), which are aggregated into a single candidate
set (line 3). An empty set is initialized to hold deployed artifacts (line 4). Each artifact is
then evaluated: the author is identified (line 6), votes from other agents are collected (line
7), and a consensus score is computed as a reputation-weighted average of these votes,
excluding the author’s own reputation to mitigate self-bias (line 8).

Deployment decisions are made based on the consensus score (line 9). Artifacts
meeting or exceeding the threshold are deployed (line 10), at which point human util-
ity and human innovation feedback are recorded (line 11), and the artifact is added to
the deployed set (line 12). Artifacts below the threshold are not deployed, with human
utility, human innovation feedback, and innovation gain all set to zero (line 14). A com-
bined score integrating peer votes, human utility, innovation gain, and human innovation
feedback is then calculated for each artifact (line 16), serving as the basis for reputation
updates.

Reputation updates occur for each agent (line 18). If an agent produced artifacts,
its estimated reputation is the average of their combined scores (line 20); otherwise, it
remains unchanged (line 22). The reputation is updated via an exponential moving aver-
age (line 24), ensuring gradual changes over time. Finally, the deployment threshold is
adapted for the next round (line 27).

7. Practical Considerations

The L6 system can be interpreted as a coupled stochastic dynamical system in which
threshold adaptation, reputation updates, and deployment decisions evolve jointly. At
each iteration, agents generate artifacts, evaluate the artifacts produced by others, receive
feedback through deployment outcomes, and update their reputations accordingly. These
components are not independent: changes in reputation affect future consensus scores,
consensus scores determine which artifacts are deployed, and deployed artifacts provide
the utility and innovation signals that influence both reputation and threshold adaptation.
As a result, the system forms a closed feedback loop in which collective evaluation, in-
dividual performance, and governance criteria co-evolve over time. This feedback struc-
ture provides the operational basis for collective autonomy, which is evidenced when de-
ployment, reputation, and governance decisions emerge from inter-agent interactions and
adapt over time without being determined by a single agent. Its degree can be assessed
through system-level indicators such as consensus quality, deployment utility, reputation
adaptation, and threshold stability.

Under mild stationarity assumptions, such as bounded evaluation scores, slowly
varying artifact quality distributions, and stable feedback mechanisms, the system admits
fixed points in expectation. In practical terms, this means that if the distribution of gen-
erated artifacts and the behavior of evaluators remain sufficiently stable, reputations and
deployment thresholds tend to converge toward values that reflect the long-term contribu-
tion of each agent and the expected quality of deployable artifacts. However, convergence
should not be interpreted as complete stabilization of behavior. Since agents may con-
tinue to generate novel artifacts and since innovation signals can perturb consensus and



Algorithm 1: L6-Consensus: Artifact-Centric Deployment with Adaptive
Reputation

Input: Agents A, reputations {Rgt)}, threshold §®
Output: Updated reputations and deployed artifacts
1 fort=1,2,... do

2 | Generate Xi(t) for each A,
3 Xﬁ)*‘UAﬁAﬁjﬂ
4 DO — // set of deployed artifacts
5 | foreach x € X do
6 i < author(z)
7 v(z) « {V(A;,z) : A; € A\ {A;}}
)
8 cons(r) < Zayta Vf:jw)
Loajra;
9 if cons(x) > 6 then
10 Deploy x
// human utility and innovation assessed by

humans
1 u, fo < Fu(x), Fy(x)
12 DY + DO U {x}
13 else
14 ‘ u, f¢,A¢(l‘) <+ 0,0,0
15 end

// based on the proposed innovation
quantification and reputation dynamics

16 s(z) + a-mean(v(z)) + B-u+y- (Ay(z)+ fp) - 271
17 end
18 foreach A; € A do
19 if X" + () then
20 ‘ Rl(t) — Wﬁ erxi(t) S(l’)
21 else
22 ‘ RZ@ — Rl@
23 end
24 REHU — (1- )\)Rgt) + )\RZ@
25 end

// Compute the averages of (' and U over the
dataset at iteration ¢t

26 Compute U(t) and U(t) over D)

// Update 0 based on the average C and the
difference between U and the target value

27| 60 4 60 4 p(@Y — 50) 4 (T — Viarge)

28 end




utility outcomes, the system preserves a degree of persistent exploration. This property is
important in L6 settings, where the objective is not merely to identify consistently reliable
agents, but also to maintain the capacity to discover and validate new solutions.

The interaction between innovation gains, consensus, and adaptive governance in-
duces a feedback loop that balances exploitation and exploration. Exploitation occurs
when artifacts produced by reputable agents receive high consensus scores and are more
likely to be deployed. Exploration, in turn, is encouraged by the explicit inclusion of
innovation gains and human-assessed novelty or usefulness in the artifact score. Thus,
an agent is not rewarded solely for producing artifacts that conform to existing collec-
tive expectations, but may also improve its reputation by generating transformations that
increase consensus or demonstrate practical value after deployment. This prevents the
system from becoming excessively conservative and allows transformative artifacts to in-
fluence long-term reputation dynamics.

A central practical advantage of the proposed formulation is the explicit separation
between artifact generation and artifact evaluation. Agents are responsible for producing
artifacts, but the assessment of these artifacts is performed by other agents through the
validation function. By excluding the author from validation and consensus computation,
the mechanism reduces self-reinforcement, discourages inflated self-assessment, and pro-
motes independent collective judgment. This design is particularly relevant in multi-agent
environments where agents may specialize in different types of reasoning, data process-
ing, modeling, or artifact generation. In such settings, collective validation allows the
system to aggregate complementary perspectives while reducing dependence on a single
evaluator.

Another important practical consideration concerns the role of reputation in con-
sensus. Since votes are weighted by the current reputation of the evaluating agents, the
system gives greater influence to agents with a stronger history of producing valuable
artifacts. This creates an adaptive trust mechanism: agents that consistently contribute
high-quality, useful, and innovative artifacts become more influential in future validation
rounds. At the same time, because reputation is updated through an exponential moving
average, sudden fluctuations are smoothed over time. This avoids excessive sensitivity to
isolated artifacts while still allowing reputations to adapt when an agent’s performance
improves or deteriorates.

The use of human feedback only after deployment establishes a clear causal
pipeline from collective validation to real-world utility. Before deployment, artifacts are
assessed through inter-agent consensus. After deployment, external feedback provides
evidence about their practical usefulness and innovation value. This distinction is im-
portant because peer consensus and real-world utility may capture different aspects of
quality. An artifact may be theoretically promising but less useful in practice, or it may
receive moderate consensus while proving valuable after deployment. By incorporating
post-deployment feedback into the composite score, the system can correct purely internal
assessments and align reputation updates with observed utility.

The adaptive threshold also plays an important governance role. A fixed deploy-
ment threshold may be too rigid in dynamic environments: if set too high, it may prevent
useful exploration; if set too low, it may allow low-quality artifacts to be deployed. The



proposed update rule adjusts the threshold according to the average consensus of deployed
artifacts and their post-deployment utility. When deployed artifacts consistently achieve
high consensus and strong utility, the system can raise its deployment standards. Con-
versely, when utility falls below the desired target or when exploration becomes necessary,
the threshold can be relaxed. This mechanism allows the system to adapt its governance
policy to the observed performance of the multi-agent collective.

In practical implementations, the parameters «, (3, and ~ should be selected ac-
cording to the intended governance profile of the system. A higher value of o emphasizes
peer consensus and favors artifacts that are broadly accepted by the agent collective. Al-
ternatively, a higher value of 5 gives more importance to human-assessed utility and is
appropriate when deployment outcomes are the primary source of validation. In turn, a
higher value of v increases the role of innovation, encouraging agents to propose artifacts
that transform existing solutions rather than merely reproduce high-consensus patterns.
Similarly, the learning rate A controls how quickly reputations react to new evidence,
while p and v regulate the sensitivity of the deployment threshold to consensus and utility
signals.

Care must also be taken when interpreting innovation scores. The innovation gain
Ay(z) captures the marginal improvement produced by a transformation in terms of con-
sensus, while F},(z) reflects human-perceived novelty or usefulness. These two signals
are complementary, but they may not always agree. A transformation may increase peer
consensus without being perceived as novel by humans, or it may be considered novel
and useful despite receiving limited initial support from other agents. For this reason, the
composite score combines both signals rather than relying on a single measure of innova-
tion. This design makes the system more robust to cases in which internal validation and
external judgment diverge.

Finally, the proposed mechanism supports a scalable and modular implementation
of L6 collective autonomy. Artifact generation, inter-agent validation, human feedback
collection, reputation updating, and threshold adaptation can be implemented as separate
modules connected through a shared artifact registry. This modularity allows the system
to incorporate different types of agents, validation functions, feedback sources, and de-
ployment policies without changing the core logic of the framework. Overall, the formu-
lation provides a practical basis for governing autonomous multi-agent systems in which
quality control, innovation assessment, reputation dynamics, and deployment decisions
are integrated into a unified adaptive process.

8. Conclusions and Future Works

We introduced a formal framework for L6 data agents that integrates discovery, innova-
tion, and human-assessed utility into a collective system governed by validation, repu-
tation, and adaptive deployment. Artifacts are evaluated through a reputation-weighted
consensus mechanism, and each agent’s contributions are summarized in a composite
score s(z) that combines consensus, utility, and innovation gain. By coupling artifact-
level evaluation with agent-level reputation dynamics, the proposed framework provides
a structured way to regulate deployment decisions while continuously updating the influ-
ence of each agent according to its observed contributions. This perspective extends the
existing autonomy hierarchy by adding a collective dimension, redefining data agent au-



tonomy as a transition from individual mastery to coordinated, self-governing intelligence
that actively balances utility, reputation, and innovation.

The proposed formulation also emphasizes that autonomy at L6 is not merely
a matter of increasing the capabilities of isolated agents, but of designing mechanisms
through which agents can evaluate one another, incorporate external feedback, and adapt
collective standards over time. In this sense, consensus, reputation, and adaptive thresh-
olds act as governance components that support both quality control and exploration. This
allows the system to reward reliable contributions while preserving space for novel arti-
facts whose value may only become evident after deployment.

Future work includes empirical validation of the L6 framework, exploring alterna-
tive composite scoring functions, adaptive learning rates, mechanisms for agent diversity,
safeguards against reputation concentration or excessive consensus bias, and robustness
to adversarial behavior and unreliable feedback.
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