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ABSTRACT

The transition of AI from static predictors to strategic agents has elevated mech-
anism design—the engineering of interaction rules, authority flows, and feedback
loops—to a central challenge in algorithmic governance. While experimentation
serves as the primary instrument for uncovering these dynamics, the traditional
manual design process cannot keep pace with the combinatorial complexity of
agentic systems. We propose a recursive paradigm of Agents for Experiment,
employing AI architects to design the protocols used to study AI systems (Ex-
periments for Agents). However, without a rigorous ontology, current agentic
approaches rely on unstructured text, potentially yielding operationally invalid
or scientifically trivial designs. To bridge this gap, we introduce SEED (Struc-
tural Encoding for Experimental Discovery), a framework that formalizes exper-
imental protocols as computable runtime execution graphs. By decoupling the
topological skeleton of an interaction from its semantic context, SEED provides
a unified grammar for automated discovery. We demonstrate the framework’s
utility through three distinct functions: (1) Descriptive Utility, which synthesizes
fragmented literature into a standardized topology library; (2) Evaluative Utility,
which operationalizes scientific novelty via computable evaluation scores; and
(3) Generative Utility, which enables a “Generative Topology Search” algorithm.
This allows agentic researchers to systematically identify structural gaps, which
are counterintuitive governance architectures adjacent to established science, and
propose novel experimental designs. We conclude that SEED transforms mech-
anism discovery from an artisanal craft into a structured optimization problem,
laying the foundation for high-throughput experimental science in the agentic era.

1 INTRODUCTION

The rapid evolution of Large Language Models (LLMs) has transformed AI from static predictive
tools into strategic actors. As these agents populate markets, organizations, and decision loops, they
introduce a new layer of complexity: they are governed not just by code, but by mechanisms—the
dynamic architectures of rules, authority, and information flow that determine how human and artifi-
cial agents co-adapt. Unlike fixed physical laws, these mechanisms are combinatorial and adaptive;
a subtle shift in a feedback loop or a transparency setting can radically alter the emergent outcome
of a collaboration (Amershi et al., 2019; Bansal et al., 2019). Consequently, the discovery of robust
governance mechanisms has become the central challenge of the agentic era.
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Experimentation serves as the “holy grail” for uncovering these mechanisms. Whether evaluating
a medical triage assistant or an algorithmic pricing model, the controlled experiment is the most
reliable instrument to distinguish causal interaction dynamics from noise (Kohavi et al., 2013).
However, a fundamental paradox has emerged: while the systems we study are automated, high-
speed, and infinitely complex, the process of experimentation remains manual, labor-intensive, and
bounded by human cognition. The design, execution, and iterative improvement of experimental
protocols are still performed by human researchers who rely on intuition to navigate a design space
that has grown exponentially beyond their reach. We are effectively attempting to map a new conti-
nent of interaction dynamics using tools designed for static observations.

To resolve this bottleneck, we propose a recursive paradigm: Agents for Experiment, Experiments for
Agents. We argue that the scientific process itself must be automated to keep pace with the systems
it studies. This goes beyond merely using AI for simulation or data analysis; it requires employing
AI agents as experimental architects. Theoretically, autonomous agents possess the computational
scale to systematically search the vast landscape of mechanism design, generating hypotheses and
optimizing protocols at a speed unattainable by human teams (Yao et al., 2023; Shinn et al., 2023).

Yet, this vision faces a strictly operational barrier. We cannot simply delegate experimental design
to unconstrained agents. Without a rigorous structural ontology, it is very likely that an AI asked to
“design a mechanism” will hallucinate operationally invalid workflows or fixate on trivial surface-
level details, such as prompt phrasing, rather than structural innovation (Cai et al., 2024; Huang et al.,
2024). Current experimental designs rely on vague natural language descriptions that machines
cannot process rigorously.

To enable true agentic discovery, we must bridge this gap. We introduce SEED (Structural Encoding
for Experimental Discovery), a framework that formalizes the experiment not as text, but as a com-
putable search space. By providing a standardized grammar for interaction, SEED allows agents
to reason about the structure of governance as precisely as they reason about code, transforming
mechanism discovery from an artisanal craft into a structured optimization problem.

2 THE SEED FRAMEWORK: A GRAMMAR FOR STRATEGIC EXPERIMENTS

We formalize the proposed framework as Structural Encoding for Experimental Discovery (SEED).
This framework represents experimental designs not as procedural narratives, but as graph-structured
configurations of actors, interactions, and feedback mechanisms.

2.1 EXPERIMENTATION AS A GRAPH

Experiments in strategic decision settings are often described in terms of tasks, treatments, and
outcomes. While sufficient for execution, such descriptions obscure the relational assumptions that
determine how strategic behavior emerges. In experiments involving autonomous agents, outcomes
depend not only on what decisions are made, but on who makes them, which information they
observe, and how feedback shapes subsequent actions. These relationships are typically embedded
implicitly in experimental protocols, making them difficult to compare across studies or reason about
systematically (Wei et al., 2022; Wang et al., 2023).

A topological abstraction addresses this limitation by shifting attention from implementations to
relations. Rather than encoding experiments as domain-specific procedures, we represent them as
configurations of interacting entities connected by information, control, and feedback relations. This
perspective allows experimental designs that differ in surface details (e.g., task framing or model
implementations) to be recognized as structurally isomorphic when they rely on the same strategic
assumptions. Conversely, it highlights when seemingly modest design changes (e.g., changing a
“monitor” to a “veto”) alter the interaction structure in ways that activate fundamentally different
strategic mechanisms.

Drawing on a design-oriented perspective, SEED defines a standardized grammar for representing
experimental designs. This abstraction decomposes complex human-agent systems into their con-
stituent atomic structures, allowing researchers to represent the skeleton of an interaction separately
from the semantic conditions that govern it.
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2.1.1 CORE PRIMITIVES: THE TOPOLOGICAL SKELETON

The foundation of the topology is a directed graph G = (V,E) that represents the static architecture
of the decision system. This graph is composed of two primary atomic structures: actors and flows.

Actors (V ). The nodes of the graph represent the strategic entities interacting within the system.
We distinguish actors by their source of agency and intrinsic constraints:

• Human Actors (∆): Represented by the triangle node, these actors are characterized by
subjective preferences and intrinsic motivations. Their behavior is bounded by cognitive
fatigue, behavioral biases, and unobservable private values.

• Agentic Actors (⃝): Represented by the circle node. These are autonomous systems de-
fined by externally specified objectives and computational constraints (e.g., context window
limits).

Flows (E). The flows define the connectivity between actors. In SEED, edges do not merely
represent connection but define what is being exchanged, strictly separating data from governance:

• Content Flows (→): The transmission of high-dimensional information, such as data, pre-
dictions, rationale, or generated text. Traversing this flow updates the information state of
the receiver but does not force action.

• Control Flows (⇒): The transmission of executive authority (e.g., triggers, vetoes, or final
decision tokens) that might update the action state (i.e., functional capability ΘFunc) of the
receiver.

• Iterative Interactions (↔n): A bidirectional flow labeled with n. This parameter differen-
tiates a one-shot hand-off (n = 1) from a recursive co-evolutionary loop (n > 1).

2.1.2 THE SEMANTIC LAYER: ATTRIBUTES & MODERATORS

While the topological skeleton defines the wiring, the Semantic Layer defines the properties of the
components. We categorize these properties into three classes: intrinsic capabilities, exogenous
design parameters, and endogenous interaction states.

Node Attributes. These represent the intrinsic capacity of an actor v ∈ V . Each node v ∈ V is
characterized by a multidimensional capability profile Θ and an epistemic state. This allows for the
structural modeling of actor heterogeneity across the system:

• Cognitive Capability (ΘCog): Represents reasoning depth. For agents, this maps to foun-
dation model capacity; for humans, it maps to domain expertise.

• Functional Capability (ΘFunc): Represents the actor’s action space, specifically their abil-
ity to utilize external tools (T ) to intervene in the environment (Schick et al., 2023; Patil
et al., 2024; Lewis et al., 2020).

• Epistemic Attributes (K,C, S): Semantic labels defining what the actor knows. We dis-
tinguish between static Knowledge (K), task-specific Context (C), and access to real-time
State Information (S).

Governance Moderators (The Design). These are exogenous parameters set by the architect to
condition the rules of the game.

• Protocols (P): The logical gates that determine the admissibility of a flow. These are hard
constraints governing when a signal is valid. Common implementations include confidence
thresholds (e.g., “Delegate ONLY IF Confidence > 0.8”), time or resource limits (e.g.,
“Veto allowed within 500ms”), and format constraints (e.g., “Output must be structured
JSON”) (Geng et al., 2023; Geifman & El-Yaniv, 2019; Mozannar & Sontag, 2020).

• Incentives (X): The objective function defining the payoffs for each actor or flow (i.e., the
execution), used to shape the preference ordering over possible outcomes. We distinguish
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between outcome-based incentives, such as accuracy bonuses, and process-based incen-
tives, such as risk penalties or speed constraints (Christiano et al., 2017; Achiam et al.,
2017).

• Information Design (I): The parameters governing the information set of the receiver
(what is revealed) and the choice architecture (how it is presented). This category subsumes
transparency, masking, and nudges. Examples include masking (blinding the human to the
AI’s confidence score to prevent bias) (Zhang et al., 2020; Yin et al., 2019), identity dis-
closure (explicitly revealing that a partner is an agent) (Shi et al., 2020; Chan et al., 2024),
explainability (providing rationale alongside predictions) (Ribeiro et al., 2016; Zhang et al.,
2020), and nudges (altering the presentation frame or default options without changing the
underlying payoff) (Menon et al., 2020; Karinshak et al., 2023).

Interaction Dynamics (The Relation). These are endogenous variables representing the evolving
quality of the connection between actors. These dynamics describe the alignment between actors.

• Psychological Alignment (Ψ): The affective bond between actors. This state vector cap-
tures the subjective perception of the relationship, distinct from the information itself. Key
variables include trust (the willingness to be vulnerable to the other’s actions) and psycho-
logical safety (the belief that one can question or reject the partner’s signal without negative
consequences). Low Ψ degrades the loop by inducing skepticism or defensive compliance
(Yin et al., 2019; Bansal et al., 2019).

• Epistemic Alignment (E): The informational consensus. This measures whether both ac-
tors differ in their perception of reality. High alignment implies confirmation (shared
view), while low alignment implies conflict (disagreement), necessitating distinct conflict-
resolution mechanisms (Zhang et al., 2020; Bansal et al., 2019).

• Cognitive Alignment (Ω): The process efficiency. This captures the economic cost of main-
taining the connection, represented by the mental workload or computational latency re-
quired to parse the signal (Amershi et al., 2019; Kocielnik et al., 2019).

2.1.3 FROM ATOMS TO ARCHITECTURES

While atomic primitives define the vocabulary of interaction, they do not by themselves explain
system behavior. To capture the higher-level organization, we need system architecture. In SEED,
it is not a static flowchart but a computational object composed of two complementary layers: the
execution layer (the mechanism itself) and the wrapper layer (the experimental container).

The Runtime Execution Graph. This layer defines the operational topology of the collaboration.
It specifies the precise graph instance instantiated to execute a single task, analogous to the “forward
pass” in a neural network. This architectural layer determines the operational sequence, such as a
sequence-oriented topology (a static DAG where agents draft and humans review) or an adaptive
topology (a dynamic graph where edge weights or routing logic shift based on runtime confidence
scores). This layer captures the essential mechanism of the joint system: given an input, how does
the signal propagate through the network of actors to produce a decision?

The Meta-Optimization Wrapper. This layer functions as the search space definition. Rather
than executing a task, this layer defines the class of possible experimental configurations. It specifies
the controllable parameters (defining which topological edges are variable “treatments” versus fixed
constraints) and injects observability hooks (logging layers) into the workflow. In algorithmic terms,
if the runtime execution graph is a function y = f(x;G), the meta-optimization wrapper is the outer
loop that varies the structure of G itself. It allows the agentic researcher to systematically perturb
the system, toggling delegation rules, masking information access, or varying interaction depth, to
measure sensitivity, causality, and performance boundaries.

2.2 THE TOPOLOGICAL DESIGN SPACE

The meta-optimization wrapper navigates a high-dimensional topological design space. This space
represents the manifold of all valid runtime execution graphs that can be instantiated from our atomic
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primitives. To structure the search for novel mechanisms, we categorize this space into two distinct
mutation classes:

1. Structural Mutation (Topology Search). This class navigates the design space by perturbing
the graph’s physical skeleton. Starting from a baseline configuration (typically a dyad), the system
applies discrete operations to the two fundamental components of the network:

• Node Mutation (Composition): This alters the scale and diversity of the system. The wrap-
per can expand the graph by injecting auxiliary nodes (e.g., adding a second “Critic Agent”
to create a voting triad) or contract it by pruning nodes (e.g., temporarily removing the
Human ∆ to test fully autonomous sub-routines).

• Edge Mutation (Connectivity): This alters the wiring and hierarchy. Operations include
re-routing information paths or performing authority reversal by flipping the direction of a
control flow (changing ∆ ⇒ ⃝ to ⃝ ⇒ ∆). This allows the system to systematically test
“Counter-Intuitive Delegation” identifying domains where giving the AI veto power over a
human yields superior robustness.

2. Semantic Modulation (Parametric Search). This class alters the rules governing that wiring
and it applies two types of operations:

• Parameter Activation (Binary Search): This determines the existence of a constraint. The
system toggles specific features on or off (e.g., enabling/disabling masking or activating
incentives), to identify the “minimum viable governance” required to stabilize the system.

• Parameter Calibration (Continuous Search): This determines the magnitude of an active
parameter. Once a moderator is active, the system sweeps through continuous value ranges.
For example, it may fine-tune the confidence threshold within a Protocol (P) to locate the
precise tipping point where automation becomes safer than human control.

3 OPERATIONALIZING SEED: FROM DESCRIPTION TO DISCOVERY

Having established SEED as a standardized grammar for human-agent interaction, we now turn to
its operational utility. The value of this topological abstraction lies not only in clarifying current
research but in enabling a transition from human-led to agent-driven discovery. In this section, we
outline how SEED functions as the “operating system” for an automated research engine.

3.1 DESCRIPTIVE UTILITY: MAPPING THE LITERATURE

To demonstrate the operational utility of SEED, we first apply the framework to the existing cor-
pus of human-AI interaction research. We find that the vast majority of empirical designs, despite
spanning diverse domains from healthcare to finance, can be precisely described using the runtime
execution graphs defined in Section 2.1.3. As summarized in Table 1, contemporary studies gener-
ally cluster into two primary topological families: sequence-oriented architectures (static directed
graphs, e.g., ⃝ → ∆ for “AI advice”) and interactive architectures (dynamic feedback loops, e.g.,
⃝ ↔n ∆ for “co-creation”). This verifies that our primitives of content/control flows and feedback
loops are sufficient to capture the skeleton of contemporary research.

However, this mapping process reveals a critical insight: while the field has explored both linear
and interactive processes, the structural diversity of these topologies remains surprisingly limited.
When viewed through the lens of SEED, most studies rely on fixed, dyadic arrangements. The
primary scientific contribution in these papers typically lies in manipulating the parameters within
these stable structures (e.g., varying model capability (ΘCog) or toggling governance moderators like
incentives (X)) rather than mutating the architecture itself. This suggests that the broader topological
design space, which contains complex multi-agent meshes or counter-intuitive authority reversals,
remains largely unexplored.

We also acknowledge that real-world workflows can be far more intricate than these clean theoretical
models. Yet, SEED handles this complexity through compositionality. Much like a formal grammar,
the atomic structures of actors and flows can be recursively assembled to reconstruct even the most

5



Published at ICLR 2026 Workshop on AI for Mechanism Design and Strategic Decision Making.

Table 1: Illustrative Examples: Mapping Literature to Basic Topological Graphs

Graph Structure Workflow Type Representative Papers

⃝ → ∆ AI → Human
(Unidirectional assistance /
advice)

Node addition / AI availability:
(Song et al., 2025; Goh et al., 2025; Argyle et al.,
2023; Wan et al., 2024; Freitas et al., 2025; Wang
et al., 2025; Meyer et al., 2022; Brynjolfsson et al.,
2025)
Information / explanation / uncertainty:
(Schanke et al., 2024; Caplin et al., 2025;
Von Zahn et al., 2025; Bayer & Renou, 2024;
Gnewuch et al., 2024; You et al., 2022; Reis &
et al., 2024; Hou et al., 2021; De Toni & et al.,
2024; Alur et al., 2024; Li et al., 2024)
Capability / quality:
(Liel & et al., 2025; Wu et al., 2023; Shin & et al.,
2023; Binz et al., 2025)
Context / role / anthropomorphism:
(Siemon et al., 2025; Dennis et al., 2023; Han
et al., 2023; Krakowski et al., 2025; Schecter &
et al., 2023)

∆ ⇒ ⃝ Human → AI
(Delegation / task offload-
ing)

Delegation and takeover:
(Fügener et al., 2022; Bansak & Paulson, 2024)

⃝ ⇒ ∆ AI → Human
(Escalation / return of au-
thority)

Escalation protocols / delegation dynamics:
(Stelmaszak et al., 2025; Liu et al., 2025)

⃝ ↔n ∆ Dynamic interactions
(Iterative collaboration /
feedback)

Multi-round interaction and co-evolution:
(Chen & Chan, 2025; Revilla et al., 2023; Glick-
man et al., 2025; Niraula et al., 2025; Gonzalez
et al., 2025; Treiman & et al., 2024; Lin et al.,
2024; Fügener et al., 2021)

labyrinthine multi-stage experiments. Whether a workflow involves a ten-step approval chain or a
parallel voting ensemble, it remains a finite assembly of our primitives.

To illustrate the precision of this mapping, we deconstruct two representative field experiments.
These examples demonstrate how SEED differentiates between purely parametric adjustments (i.e.,
semantic modulation) and fundamental structural changes (i.e., structural mutation).

Demo Case 1: Semantic Modulation (Moderator Intervention). We first reconstruct a standard
“voice chatbot” experiment (e.g., similar to Xu et al. (2024)), which employs a 2×2 factorial design
manipulating Identity Disclosure and Anthropomorphism. In SEED, this is not a topological change,
but a precise modulation of flow-level semantic tags within a fixed sequence-oriented skeleton:

• Skeleton. The experiment fundamentally involves a unidirectional transmission from an
agent to a human: ⃝ → ∆.

• Identity Disclosure. We encode identity disclosure as an information design moderator
Iid ∈ {0, 1} attached to the content flow.

• Nudge. We encode anthropomorphic framing as a nudge moderator Inudge ∈ {0, 1} on the
same flow.
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Result: The experimental design is formalized as ⃝
Iid, Inudge

−−−−−−−−→ ∆. SEED reveals this as a purely
semantic intervention; the underlying topological structure remains a static, isomorphic dyad across
all treatments.

Demo Case 2: Topological Mutation (Node Insertion). Next, we reconstruct the financial advi-
sory field experiment by Yang et al. (2026). Unlike the direct dyadic interaction, this study examines
a mediated workflow where human bankers curate AI advice before it reaches the customer. SEED
captures this as a structural expansion via node insertion:

• Step 1: Select the Entities. We distinguish three strategic actors: the AI system (⃝), the
human banker (∆B), and the downstream consumer (∆C).

• Step 2: Modify Connectivity (Node Insertion). We apply a Node Insertion operation. For
the treatment group, the direct signal (⃝ → ∆C) is re-routed through the banker, estab-
lishing a mediated chain (⃝ → ∆B → ∆C).

• Step 3: Define the Topological Contrast. The experiment isolates the structural effect by
contrasting the Mediated Graph (Human-AI Advice) against the Direct Graph (Pure AI
Advice).

Result: The design is formalized as the mutation from ⃝ → ∆C to ⃝ → ∆B → ∆C . This rep-
resents a topological mutation, where the experimental outcome (increased adherence) is attributed
specifically to the architectural change of keeping a human in the loop.

3.2 EVALUATIVE UTILITY: DEFINING NOVELTY

To enable autonomous discovery, we must operationalize the concept of “scientific contribution.”
In SEED, novelty is not a subjective judgment but a computable distance in the topological design
space. We define the Total Distance between a proposed experiment Gnew and an existing reference
study Gref as a weighted linear combination of their structural and parametric divergence:

D(Gnew, Gref ) = ws · δstruct(Gnew, Gref ) + wp · δparam(Gnew, Gref ). (1)

Here, ws and wp are hyperparameters for the sensitivity of the research inquiry. Setting ws ≫ wp

configures the system to value mechanism discovery (finding new topologies), whereas setting wp >
ws configures it for generalizability testing (applying known structures to new contexts).

1. Structural Distance (δstruct): The Weighted Graph Edit Distance. We quantify architectural
innovation using a weighted Graph Edit Distance (GED), defined as the minimum cost of elementary
operations required to transform the topology of Gnew into Gref (Ranjan et al., 2022; Jain et al.,
2024). We impose a potential cost hierarchy to reflect scientific significance, strictly distinguishing
between qualitative shifts and quantitative tuning:

• Topological Operations (High Cost: Operations that alter the skeleton (V,E), such as node
insertion or authority reversal. These are penalized heavily because they fundamentally
alter the locus of control, representing the discovery of a distinct mechanism class.

• Semantic Operations (Low Cost: Operations that alter the labels or attributes, such as tog-
gling an incentive or enabling identity disclosure. These are assigned lower costs as they
represent parametric refinements within the same topological family.

2. Parametric Distance (δparam): The Context Mapping. If the topology is identical, novelty
must be sought in the semantic context. A core tenet of SEED is that disparate domains often share
identical decision-theoretic properties. To measure this, we map textual domain descriptions into
normalized feature vectors v (e.g., [Stakes, Symmetry, Urgency]).

For example, consider two studies: Bank Loan Approval and University Admission. While se-
mantically distinct, SEED maps both to the vector [High Stakes, Asymmetric Info,
Binary Choice]. Consequently, δparam ≈ 0. This metric prevents the agent from “discover-
ing” the same mechanism twice by simply changing the cover story; true parametric novelty requires
traversing the vector space to a functionally distinct region.
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The Novelty Score (N ). Finally, we define the scalar Novelty Score of a proposed design relative
to the entire body of prior knowledge. Let L = {G1, . . . , Gn} represent the set of all known
experimental designs in the literature (the Topology Library). The novelty of a new design is its
distance to its nearest neighbor in L:

N (Gnew|L) = min
Gℓ∈L

D(Gnew, Gℓ). (2)

This formulation provides the explicit objective function for the Meta-Optimization Wrapper. Rather
than relying on random generation, the agentic researcher solves a constrained maximization prob-
lem over the topological design space G with certain complexity penalty C(G):

G∗ = argmax
G∈G

[N (G|L)− λ · C(G)] . (3)

3.3 GENERATIVE UTILITY: THE AGENTIC DISCOVERY LOOP

We now operationalize the SEED framework by defining the Generative Topology Search algo-
rithm. This enables the transition from the static evaluation of novelty to the active discovery of
experimental designs. The process functions as a “human-in-the-loop” search engine, where the
researcher defines the starting region, and the agent navigates the topological boundaries. As illus-
trated in Figure 1, this navigation is governed by a structured prompting protocol that forces the
agent to interact with the external Topology Library and Solver tools rather than relying on uncon-
strained generation.

Phase 1: Knowledge Initialization (The Pre-Computed Prior). To ground the agent, we first
construct the Topology Library (L). This is a pre-computed vector database derived from the existing
literature. An ingestion agent parses prior studies, discarding surface-level narratives to extract the
underlying runtime execution graph Gpaper. This transforms the messy history of the field into
a structured map, M, where every node is a known experimental design. Note that this step is
performed once; the resulting library L serves as the immutable “ground truth” against which all
new ideas are measured (Lewis et al., 2020; Ma et al., 2023).

Phase 2: Constrained Neighbor Generation (The Explorer). The search for new designs is not
an unconstrained random walk, which would yield valid but irrelevant structures. Instead, it is a
directional search initiated by researcher constraints C (e.g., Target Domain = “Medical Triage”,
Focus = “Delegation Mechanisms”).

• Parent Selection: Agent retrieves the set of “Parent Graphs” {Gparent} ⊂ L that satisfy
constraints C.

• Mutation: Agent applies the editable operators (defined in Section 2.2) to these parents to
generate a candidate set Scand. For example, if the parent is a standard “AI Advice” graph
(⃝ → ∆), the agent explores immediate neighbors: adding a loop (⃝ ↔ ∆), adding a
monitor (⃝ M−→ ∆), or parameter scaling (n = 1 → n = 10).

• Result: This produces a set of plausible candidates, which are experimental designs that
are structurally rooted in proven science but contain a specific mutation.

Phase 3: Candidate Ranking & Human Selection (The Solver). The agent must now filter the
“trivial” mutations (e.g., n = 1 → n = 2) from the “scientific” ones. We formulate this as a Pareto-
Optimization problem. The agent first scores each candidate G′ ∈ Scand using a composite utility
function:

U(G′) = α · Novelty(G′|L) + β · Coherence(G′), (4)
where novelty is derived from Section 3.2. High novelty rewards structural mutations (e.g., authority
reversal). Coherence is an LLM-based heuristic score that evaluates if the mutation makes sense
within the researcher’s context (e.g., “Is 10 rounds of feedback realistic for a surgeon?”).

Finally, the system outputs the top-k candidates that maximize this utility. Crucially, the human
researcher serves as the final gatekeeper. Rather than automatically deploying these designs, the
system presents the ranked proposals to the expert, who judges their practical feasibility and ethical
implications before instantiation.
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System Prompt: Topological Discovery Agent

Role: You are an Expert Mechanism Designer utilizing the SEED framework.
External Tools Available:

• Library.retrieve(L): Access to the vector database of prior studies.
• Solver.evaluate(G′): Utility function calculating Novelty and Coherence.

Context: You are analyzing the parent graph “Standard AI Advice” (⃝ → ∆) in the domain of [Medical
Triage].
Task: Query the Library for neighbors, then generate 3 adjacent experimental designs by applying Atomic
Mutations.
Constraints: 1. Structural: Apply exactly ONE topological edit (e.g., Reverse Edge, Add Loop, Mask Info).
2. Parametric: The setting must remain [High Stakes, Time Pressure]. 3. Objective: Maximize the Novelty
Score returned by the Solver tool.
Output Format: 1. Mutation Type: [e.g., Authority Reversal] 2. New Topology: [SEED Notation, e.g.,
∆

D−→ ⃝] 3. Rationale: Why does the Solver rate this as a high-value structural gap?

Figure 1: An Illustrative Generative Prompt Template (for Phase 2).

4 DISCUSSIONS AND CONCLUSION

SEED establishes a fundamental bridge between the scientific necessity of understanding AI sys-
tems and the methodological innovation required to study them. While Experiments for Agents
serve as the critical engine for mechanism discovery, revealing the invisible rules of governance in
complex systems, it is the paradigm of Agents for Experiment that transforms this process from an
artisanal craft into a scalable science. By formalizing the topological design space, SEED provides
the computational scaffolding for this shift, ensuring that our methods of inquiry evolve as rapidly
as the agentic systems we seek to understand.

From Strategies to Game Forms. Current research is often trapped in a local minimum of pa-
rameter tuning, optimizing prompts or model weights within fixed interaction loops. SEED elevates
the abstraction level from parameters to architectures. In the language of mechanism design, this
enables agents to search the space of game forms, altering the information sets, authority flows, and
sequence of moves, rather than merely optimizing strategies within a fixed game. This capability is
critical for uncovering structural gaps: counter-intuitive governance structures (e.g., reverse-veto or
asymmetric oversight) that human designers, biased by convention, frequently overlook.

Toward a Computable Science of Interaction. A persistent barrier to cumulative knowledge is
the lack of a unified grammar: identical mechanisms are often obscured by disparate terminology
across disciplines, from economics to computer science. SEED resolves this “Tower of Babel”
by standardizing experiments into a graph-theoretic format. This transforms the literature from a
collection of fragmented prose into a structured database, enabling automated meta-analysis. Future
agentic systems could query the global topology library not just for text matches, but for structural
invariants, answering high-level questions such as: “In which topological configurations does system
robustness consistently decouple from individual agent accuracy?”

The Shift from Architect to Governor. The power to automatically generate mechanisms in-
troduces new responsibilities. An agent maximizing novelty might propose operationally efficient
but ethically hazardous topologies (e.g., removing human oversight in high-stakes loops). Conse-
quently, the role of the human researcher must shift from Architect (generating ideas) to Governor
(defining constraints) (Sun et al., 2023). Future work must focus on integrating formal verification
into the SEED solver, ensuring that all agent-generated topologies satisfy mathematically defined
safety properties before instantiation.

Ultimately, this framework lays the groundwork for a future where human experts and agentic ar-
chitects collaborate to explore the vast, unseen topology of strategic mechanisms. By treating ex-
periments not as loose prose but as computable graphs, we accelerate the pace of discovery, moving
closer to a science that can keep pace with the rapid evolution of AI itself.
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