
A Vocabulary for Multi-Agent Automated Research Systems

Bardiya Akhbari
Amazon AGI

bardiyaa@amazon.com

Abstract

We introduce a vocabulary for automated research systems built from one or more agents
to make their design choices easier to describe and compare. The vocabulary specifies who the
agents are, which operations the harness exposes, who may invoke them, how agents commu-
nicate, what state is visible within and across runs, how the next action is chosen, how a run
begins, and how outputs are scored. A trajectory records one run from the input task to the
returned artifact. Because agents, operations, and initialization may be stochastic, repeated
runs on the same task induce a distribution over trajectories rather than a single behavior.

The vocabulary assigns each structural design question, such as when agents should com-
municate, gain or lose a capability, or carry information across runs, to a distinct coordinate
that can be varied on its own. It also makes the evaluator a component of the system, since
reported gains depend on how closely the proxy score matches true quality. That separation
also splits the vague complaint that these systems lack taste into two failures with different
fixes. Generative taste is the rate at which a system proposes novel trajectories before any score
is observed, and evaluative taste is the gap between the proxy score and the quality it should
match. We instantiate the vocabulary on recent autoresearch systems to illustrate that it covers
designs that differ widely in structure.
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Figure 1: A multi-agent system is a set of components. A research task enters on the left. The
system produces a trajectory, the full record of which agent acted, what it did, and what came
back at each step. The evaluator grades that trajectory and returns a score. The lower row shows
common shapes, each a different setting of those same components.
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1 Introduction

Recent multi-agent large language model (LLM) systems automate research end-to-end: they collect
and read prior work, propose ideas, write code, run experiments, interpret results, and iterate.
Several of these systems frame their automation as explicit search over research trajectories. AIRA2

searches a population of candidate experiments via evolutionary selection [1]. Glia searches a space
of inference-system designs via a supervisor–researcher agent pair optimizing simulated latency [2].
The Automated Alignment Researcher (AAR) searches for alignment algorithms by hill-climbing on
a scalar reward signal [3]. These systems share a common shape, where each defines an objective,
a search space of research artifacts, and an iterative strategy for navigating it. Lacking a common
language to describe them, we formalize the shared structure as a framework for automated research.

These systems differ along many axes simultaneously. One differs from another in communica-
tion topology, another in cross-run memory, another in initialization, another only in the evaluator.
A claim that a ”multi-agent system” or an ”autoresearcher” is better is ambiguous until we know
which axis changed and why. A vocabulary should therefore decompose the system into coordinates
fine enough to isolate each choice. Some decomposition decisions are non-obvious. We separate
the operation universe (what can be done) from the capability assignment (who may do it), so
that least-privilege and asymmetric designs are native rather than described by side comment. We
include the evaluator as a primary component rather than treating it as external infrastructure,
because reported gains depend on how closely the proxy score correlates with the true quality –
and that gap is often large [2,3]. We include initialization explicitly because the same architecture
seeded differently can search entirely different regions of trajectory space.

Therefore, we formalize a multi-agent automated research system as the tuple

M = ⟨A,O, C, α, S, π, ι, e⟩,

where A is the set of agents, O the operation universe (tools, skills, hooks, and other callable
actions), C = (Λ, σ) the communication structure (Λ is the communication space, and σ is the
message protocol), α : A → 2O the capability assignment, S the shared state, π the control policy,
ι the initialization function, and e the evaluator. In plain terms, the tuple records who is in the
system, what can be done, who may do it, how agents communicate, what shared state exists, what
runs when, how the run starts, and how the result is graded. We have split the operation universe
and capability assignment deliberately. In our notation, O contains the invocable operations avail-
able to the system, such as application programming interfaces (APIs), shell commands, scripts,
simulators, retrieval calls, or reusable skills loaded by the harness; α is the permission structure
over that universe. The tuple formalizes what recent practice calls the harness, the system layer
around a base model that orchestrates its tool use, context, and control [4].

With this vocabulary a reader can identify which coordinate a comparison changed, and a
designer can develop new techniques by varying one coordinate at a time. An improvement credited
to “multi-agent system” may instead come from communication, initialization, cross-run memory,
evaluator integrity, or capability assignment, and the tuple separates them into distinct components
(Figure 1). Treating the evaluator as a coordinate also gives us a handle on taste, a notion left
informal, which we split into whether the system proposes good candidates (generative taste) and
whether its evaluator scores them faithfully (evaluative taste).

Our contribution is a language that describes these systems in common terms and identifies
which coordinate each design changes. In the following sections, we define the problem space
(Section 2), the system specification (Section 3), and the trajectory notation (Section 4). We then
discuss optimization challenges (Section 5), apply the vocabulary to current autoresearch systems
(Section 6), and close with open design questions (Section 7). For related work, see Appendix A.
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2 Problem specification

We can only judge a system relative to a problem, which we write as the tuple

P = ⟨X ,Y, ϕ, q, ω,B,D⟩. (1)

A problem defines the tasks a system faces, the artifacts that count as solutions, and how their
quality is measured. A task x ∈ X (the input space) might be a research question, a bug report,
a clinical case, or a code-improvement target, and a solution y ∈ Y (the output space) is the
corresponding artifact, such as a paper, a patch, a diagnosis, or an optimized program.

The task feature map ϕ : X → Rd, for some d ≥ 1, maps each task to a vector of measurable
properties. For instance, the task descriptions “write a data-loading script” and “discover a sorting
algorithm and prove it” are both tasks x ∈ X , but ϕ separates them by coordinates such as the
number of subtasks (one vs. several) and the performance of a fixed reference agent on similar
tasks. Grouping tasks by these coordinates lets us reason about whole families at once.

The true quality q : X × Y → Rk is the ideal evaluation function. It returns the actual quality
of y on x along k ≥ 1 objective dimensions (e.g., k = 3 for correctness, novelty, and cost). The
scalarization ω : Rk → R combines the k scores into a single number, so solutions can be ranked.
In practice, q is uncomputable, and the discrepancy between a computable evaluator and q is the
proxy-quality gap. Each task has a hard budget, B ∈ R>0, measured in tokens, dollars, wall-clock
time, and/or operation calls depending on the deployment context.

The task distribution D is a probability distribution over X (e.g., a benchmark suite of coding
problems, where each task x is one problem to solve). In most settings, D is a fixed benchmark, and
a contribution changes the system applied to it. AIRS-Bench is one such fixed D, scoring research
agents on 20 ML tasks with held-out test labels and a programmatic scorer [5]. Naming D as a
component also allows us to describe the rarer case where the system changes D itself, generating
its own problems rather than solving a fixed set.

Recursive self-improvement (RSI) systems provide a concrete instance of P [6,7]. A task x ∈ X
is a complete AI system, its model weights together with the harness around them (e.g., Codex,
Claude Code, or Open Code), and a solution y ∈ Y is a more capable successor. Some systems
already run this loop, for example by rewriting their own harness code and keeping the changes that
raise a benchmark score [8], or by applying a code-improvement program to that program itself [9].
The features ϕ(x) record the current system’s capability level (e.g., benchmark accuracy or code
acceptance rate). The true quality q measures how much better the successor is at producing its
own successor, a quantity that can only be assessed over a long horizon. The budget B is the
compute allowed for one improvement step. Lastly, because the output y becomes the next input
x, RSI reshapes its own task distribution D at every step rather than solving a fixed set.

3 System specification

We define a multi-agent system as the eight-tuple

M = ⟨A,O, C, α, S, π, ι, e⟩. (2)

A single system addresses many problems (Table 1). Because P and M are separate tuples, we can
vary one and fix the other. We call a system general when its components stay fixed as P varies.

A run is one execution of the system on a task, from input to returned artifact, formalized
as a trajectory. A subscript i indexes agents and a subscript t indexes time steps, so Xt is the
time-t value of a component X otherwise written without a subscript. Most of M is fixed by the
designer before the run, but the meta-control policy πmeta can reconfigure the system as it proceeds,
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Component Name Definition

A agents Who is in the system, and what makes them differ?
O operations Which tools, skills, and callable actions exist?
Λ message edges Who may message whom?
σ message form What schema does a message take?
α capability Who may invoke which operation, and when does that change?
Sbtw within-run state What do agents share during one run?
Sworld external state What environment do the agents act on?
Scross cross-run state What carries from one run into the next?
πroute routing Who acts next, and what do they do?
πstop stopping When does the run end?
πmeta meta-control When does the system change its own structure?
η exploration How stochastic are the choices?
ι initialization How does a run start, given the task?
e evaluator How is the trajectory scored? How far can that score drift from true quality q?

Table 1: Each component captures one design choice for a multi-agent autoresearch system.

changing the agent set At, the capabilities αt, the communication space Λt, and the state St, and
even rewriting the control policy π itself (Table 2). Oi = α(ai) is agent i’s permitted operation set.
Every other symbol is defined where it is introduced.

Identity (A). The agent set is A = {ai}ni=1, with agent count |A| = n, where each agent is the
tuple ai = (θi,mi,m

0
i , ρi). The backbone θi is the underlying model and its weights, typically a

frozen large language model and possibly fine-tuned offline. The private memory mi holds the per-
agent context history, scratchpads, or learned representations that persist within the agent across
its turns but are not visible to other agents, and m0

i is its value at t = 0. The role ρi specifies the
agent’s prompt, persona, or capability tier.

We define an agent by the private memory mi that persists across its turns (wherever stored),
which keeps |A| a meaningful coordinate rather than a count of language-model calls. An entity
without it – a stateless call with a fixed role, such as a one-shot verifier or scorer prompt – we treat
as a module and place in O or in the mechanism of e rather than in A. For example, an agent is a
critic with a running scratchpad; a module is the same critic invoked fresh.

Operation universe (O). An operation is any “action” an agent can take. For example, an
operation can be calling a tool or a skill. A tool is a single callable action with a typed signature,
such as an API call or a shell command. A skill is a named reusable routine the harness loads
and invokes, such as a SKILL.md-style prompt-and-code bundle or a learned policy. Operations
also cover reading or writing files, querying retrieval, invoking a Model Context Protocol (MCP)
server, and calling a stateless module. The operation universe O is the registry of such operations
available to the system. Each operation u ∈ O has a typed signature and an effect on the shared
state S (state outside any single agent). O specifies what could be done, not who may do it.

Communication (C). Communication has a communication space Λ and a message protocol σ,
written as C = (Λ, σ). The communication space Λ is the set of directed edges over agents into
shared state. The protocol σ fixes the form of each message, with a schema that ranges from text
to structured output to code artifacts. Λ fixes who may talk to whom, not who actually does on
any given step. The realized communication on a trajectory is the set of send-message actions the
routing policy πroute emits. Every such message must travel an edge that Λ permits. When agents
communicate through a shared board rather than direct messages (e.g., a blackboard or a forum
any agent reads and writes), the two components stay disjoint by their roles. Λ is the read/write
access pattern over that board (which agent may post and which may consume), and the board’s
contents are part of the within-run state Sbtw (defined below).
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Shape axis
Λ
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Λ = ∅, no messages

star

one hub,
n−1 leaves
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rooted, one
parent each
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all-to-all
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over workers

decentralized
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Figure 2: The communication space Λ has the shape axis which fixes which edges exist (top row),
and the control axis which fixes who selects the active edge each turn (bottom row), from one
router to nested routers to peers. The same edge set runs centralized, hierarchical, or decentralized
depending on πroute, so topology shape and control are independent choices. In the control row,
shaded nodes are routers that hold πroute, and their absence in the decentralized panel marks peers
that route locally. Directed arrows are one-way edges; double arrows are bidirectional ones.

A single label like “hierarchical” or “star” hides two separate choices, so we split a topology
into two axes. The shape axis (no edges, star, tree, line, directed acyclic graph, mesh) fixes which
edges exist, a property of Λ alone. The control axis (centralized, hierarchical, or decentralized) fixes
who selects the active edge each turn, a property of Λ together with πroute (Figure 2). The same
edge set runs under any control scheme, so a topology claim that states only one axis leaves the
other unstated. A static topology corresponds to Λ pinned to a single graph; a dynamic topology,
to Λ as a strictly larger set from which πroute selects per-step edges. Phrasing communication this
way turns “when should the agents communicate?” into a policy question over edges in Λ, not a
question about choosing one static graph.

Capability assignment (α). The capability assignment α : A → 2O specifies, for each agent,
the subset of operations that agent is permitted to invoke. Asymmetric capability assignment (i.e.,
different agents with different permitted operation sets) is inequality of the Oi. Glia’s Supervisor,
for example, has α(Sup) = ∅, and that emptiness is the central design choice of the system. Just
as Λ structures messages over the agent set A, α structures operations over A. A static capability
assignment corresponds to α pinned at t = 0; a dynamic capability assignment corresponds to α
mutated mid-run by the meta-control policy πmeta via grant(i, u) and revoke(i, u) actions, so
that an agent’s operation set Oi,t = αt(ai) varies with time step t. This turns “when should an
agent gain or lose a capability?” into a policy question over grant/revoke actions.

Shared state (S). State outside any single agent’s private memory is often combined together
as “memory.” We split it by scope into three kinds,

S = ⟨Sbtw, Sworld, Scross⟩. (3)

Sbtw lives for a single run and is wiped when that run ends. It is shared between agents while
the run is “in progress”, such as a scratchpad or blackboard (a free-form workspace any agent can
read and overwrite) or a message log (an append-only transcript every agent reads). Sworld is the
external state the agents operate on, distinct from their own memory, such as a simulator, a code
repository, a database, or an environment. Scross persists across runs, and takes three forms. A skill
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Action Effect Modifies

spawn(ρ) add an agent with role ρ A, α,Λ
kill(i) retire agent i A, α,Λ
fork branch into independent continuations Sbtw

join(·) merge branches by best-of, concatenation, or a coordinator Sbtw

grant(i, u) add operation u ∈ O to agent i α
revoke(i, u) remove operation u from agent i α
consolidate(·) write a run’s result in the cross-run store, by appending a score or summarizing Scross

migrate(s, s′) copy entries between two shards s, s′ ⊆ Scross Scross

rewrite-policy(π′) replace the control policy with π′ using a policy register held in Sbtw π

Table 2: Each meta-control action in Πmeta modifies a specific state component.

library accumulates reusable routines. A population database carries the pool of candidate solutions
across generations in an evolutionary loop. A distilled store keeps a compressed or consolidated
summary of past runs rather than the raw artifacts.

We separate two kinds of improvement with these scopes. Within a single run, agents refine
through Sbtw and the experiment output in Sworld, so a system with Scross = ∅ still improves, but
each run starts from scratch and re-derives whatever the last run learned. Carrying improvement
across runs is what Scross adds. Evolutionary systems like AIRA2 place their main contribution
there, accumulating a lineage of scored solutions run over run.

Control (π). The control policy decomposes into π = (πroute, πstop, πmeta, η). The routing policy
πroute picks who acts next and what they do, the stopping policy πstop decides when the run ends,
the meta-control policy πmeta changes the system’s structure mid-run, and the exploration term η
shapes how stochastic the choices are.

Both πroute and πstop read the run history and the current shared state. Note that the action
that πroute returns must be a member of the acting agent’s permitted set αt(at). πstop halts on
conditions like a stalled score or an exhausted budget.

The meta-control policy πmeta governs changes to the system “during the run”, the actions that
add or retire agents, branch the trajectory, or carry state across runs (the fixed action set Πmeta;
Table 2). πmeta differs from πroute because it changes the structure of the system. In a fixed pipeline
πmeta is the identity, leaving πroute, πstop, and η to govern the run. In an evolutionary loop, πmeta

does the work, spawning and killing agents each generation and consolidating the survivors.
The exploration term η acts on top of πroute, covering per-agent sampling temperatures, entropy

regularizers, and any schedule that varies them over the run. It is the operative term in systems
that shape output diversity deliberately, and elsewhere it is the LLM’s default temperature.

Initialization (ι). The initialization function ι : X → (m0
1:n, S

0
btw, α

0) sets the starting per-agent
memories, within-run shared state, and capability assignment. The memory term holds most of
the design choices, so we refine it,

ι(x) =
(
P 0
1:n(x), R

0
1:n(x), µ

0
1:n(x), S

0
btw(x), α

0(x)
)
, (4)

where P 0 is the role or system prompt, R0 the retrieved or seeded context (directed seed ideas,
personas, or hypotheses), µ0 any residual memory carried in, S0

btw the initial shared state such as
a preloaded blackboard, and α0 the initial capabilities.

Each part may be constant in x or conditioned on the task features ϕ(x). A constant ι starts
every run from the same blank state, role prompt, and α. A task-conditioned ι gives a planner a
decomposition prompt, hands a critic its review rubric, or grants an agent a task-dependent α0.
An ablation should state which part changed. For example, AAR’s directed seeding changes R0

1:n,
not η; MetaGPT’s role scaffold changes P 0

1:n; a task-conditioned operation policy changes α0(x).
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Evaluation (e). The evaluator e is the proxy the system actually optimizes in place of the true
research quality q of the previous section, and the component most exposed to gaming, since the
system optimizes it directly. It maps a trajectory to a score in Rk, the same codomain as q. Because
q scores a solution while e scores the trajectory that produced it, the two are compared on the
trajectory’s returned artifact, e(τ) against q(x, y(τ)) (Section 5). Scoring the artifact alone, as
several systems do, is the special case where e factors through y(τ). Scoring the whole trajectory
(e.g., to penalize how a result was obtained) is the general case.

The metric type says whether the score is a single number or a vector over several objectives.
A human or LLM judgment still has a metric type, since its verdict resolves to a number before
anything is ranked. The mechanism is how that number is produced, by programmatic code, an
LLM judge, a human, or a simulator.

The integrity is the set of structural protections to ensure minimal drift between e and q. One
example is judge decoupling, which separates the scorer from the actor by model family, prompt, and
context. Sandbox isolation prevents the trajectory from reading the held-out test labels. Metric-
channel blackout closes channels that would otherwise serve as oracles. Contamination checks test
for distribution shift between training and held-out sets and probe for shortcut patterns.

The variance is the number of seeds and the resulting confidence interval. A single-seed number
reports no interval, so an apparent gain cannot be told from seed noise. That noise scales with the
inter-seed standard deviation of e, which is non-negligible for LLM judges and simulator runs.

4 Trajectory

A trajectory is one run under the specification M. We measure cost, the trajectory distribution,
and every coordinate comparison over its steps, not over the final artifact alone. Suppose an agent
reads the prior work, writes code, runs an experiment, reads its output, and revises the code. That
sequence of steps is one trajectory. Scoring the result is separate, done downstream by the evaluator
e, not a step in the run. When M runs on a task x, we denote the resulting trajectory by τ ,

τ =
(
at, ut, ot, St,mat,t, At, αt,Λt

)H
t=1

, (5)

per step t, up to a horizon H. The trajectory records who acted (at; at ∈ At), what they did (ut),
what they observed (ot), what the shared state looked like (St), and what the acting agent held
in private memory (mat,t). The structural triple (At, αt,Λt) of agent set, capability assignment,
and communication space is recorded per step because πmeta may change it mid-run (Table 2),
alongside the shared state St; the remaining components stay fixed unless πmeta rewrites π itself.
The stopping policy πstop sets the horizon H, bounded by the budget B. Because the language
model’s sampling, initialization, and operations are all stochastic, τ is a random variable.

The action ut is drawn from a structured action space that distinguishes “object-level work”
from communication and structural change,

ut ∈ αt(at)︸ ︷︷ ︸
operation calls

∪ sendt︸ ︷︷ ︸
messages

∪ Πmeta︸ ︷︷ ︸
structural

∪ {halt}. (6)

With this disjoint classification, we turn questions like when an agent should communicate, spawn,
or gain a capability into questions about the conditional distribution of message and structural
actions induced by π. Operation calls act on Sworld via αt(at), reading or writing it. The message
set sendt holds the send(j, ς) actions along edges Λt permits, where j is the recipient and ς a
message instance, each writing to Sbtw and the recipient’s input queue. Structural actions form a
small fixed set Πmeta emitted by πmeta, each mutating one or more state components (Table 2).
The halt action ends the run.
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From the trajectory we extract the final solution y(τ) (i.e., the artifact returned by the system,
such as the code committed or the diagnosis announced) and the accumulated cost

κ(τ) =
H∑
t=1

κ(ut), (7)

where κ(ut) is the cost of action ut. An operation call’s cost is its underlying API or sandbox
invocation, a message’s cost is its tokens plus its processing, and a structural action’s cost is
its setup (e.g., a new agent’s context, or a trajectory summary). The halt action has no cost,
κ(halt) = 0. We separate message and structural cost from operation cost because we want to ask
whether an extra dialogue turn or an extra spawned agent is worth its expected gain in e(τ).

5 Proxy optimization

We frame an autoresearch system as one optimization, maximizing the proxy evaluator under a
budget. The policy π searches and the evaluator e scores, so a gain can trace to either; and a
leaderboard cannot tell which. We write the optimization with π and e as separate terms, one for
how the policy searches under a budget and one for how far the proxy score is from true quality.

5.1 Search under budget

At run time, a fixed autoresearch system M on a task x explores the trajectories it can produce
within the budget and returns the best-scoring one,

y∗(x;M) ≈ y

(
arg max

τ ∈TB(x;M)
ω(e(τ))

)
, TB(x;M) = { τ : κ(τ) ≤ B, PM(τ | x) > 0 }. (8)

Here ω is the scalarization of the proxy score, κ(τ) is the accumulated trajectory cost, and TB(x;M)
is the feasible support of the trajectory distribution PM( · | x) that M produces on task x: the
trajectories it can reach under budget B.

The set TB is far too large to enumerate, so every system approximates the argmax over a
sampled subset of it, each with a different bias-variance tradeoff (details in Section 6). For example,
Best-of-N keeps the highest-scoring of N independent trajectories, an experience buffer replays
the top-K solution-score pairs in context, island migration copies high scorers between several
populations, and random restarts redraw after a failure, keeping only a note of what went wrong.

The trajectory τ ranges over operation calls, messages along the edges of Λ, and the meta-
control actions of Πmeta (Table 2). So the argmax decides when an agent communicates, when the
agent set changes, when a capability is granted or revoked, and when information carries across
runs. Each is a choice the policy π makes, not a property of A, O, α, or Λ. A gain that looks
architectural can instead come from more search: the same agents and tools, run under Best-of-N
instead of a single trajectory, score higher with no change to any other coordinate.

5.2 Proxy-quality gap

The objective above is approximated through the proxy evaluator e, not the true quality q. On a
single trajectory τ , the gap

∆ω(τ) := |ω(e(τ))− ω(q(x, y(τ)))| (9)

measures how far the optimized score is from true quality. The system returns the trajectory that
maximizes ω(e(τ)) without observing q.

Optimizing e resembles minimizing training loss, with q as the held-out test set. The deeper
πmeta searches, the more it finds trajectories that score well on e without being good under q, so
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the gap ∆ω may widen. Selection alone can therefore give systems with the same e different ∆ω.
An argmax over N trajectories, or parent selection across an evolutionary loop, favors the rare
trajectories where e overstates q. This is the overfitting tax (i.e., the cost of selection under a
miscalibrated proxy): the more trajectories the search ranks, the more likely the top-scoring one is
a trajectory where e overstates q. In an evolutionary loop the relevant count is the total number
of trajectories evaluated rather than a single N , so spreading the budget across more generations
need not reduce the exposure. One mitigation places the reward-hack audit inside the search loop,
so the evaluator’s integrity is strengthened as the search proceeds rather than fixed in advance [7].

The overfitting tax is not only theoretical, and reward hacking appears at measurable rates
in practice. MLR-Bench reports fabricated or invalidated experimental results in 8 of 10 audited
coding-agent tasks (around 80%) [10]. METR catalogs 103 unprompted examples of frontier models
bypassing or ignoring task constraints (i.e., breakdowns in evaluation integrity) [11]. AAR isolates
several exploit modes [3]. In our notation each is an integrity or variance property of e.

(i) Seed cherry-picking. Agents privately run many seeds of a method and only share the best
finding. This exploits weak variance control. If e accepts single-seed scores, the trajectory searches
over seeds at no cost in e while q does not improve.

(ii) Held-out-label exfiltration. Agents probe the evaluator with both candidate labels for a
held-out example and compare the returned scores, inferring the ground-truth label from which
submission scores higher. This defeats metric-channel blackout.

(iii) Direct test execution. Agents call the unit tests directly, bypassing both the teacher and
the student. This defeats sandbox isolation. The trajectory has α-permitted access to a tool whose
output is, by construction, the answer.

(iv) Shortcut identification. Agents identify dataset shortcuts (most-frequent-answer in math,
source-LM clustering in code) that score well under e without reflecting true quality, and unlike
traditional shortcut learning, these cannot be simply detected because the shortcut-exploiting so-
lutions generalize even to the held-out split. This defeats contamination checks. e is computed on
a distribution where shortcut-shaped solutions fit well on both the training and the held-out sets.

In each case the mitigation strengthens the protection the exploit defeats: variance control,
metric-channel blackout, sandbox isolation, or contamination control. These are integrity or vari-
ance properties of e, even when enforced by constraining other coordinates. For example, a system
may tighten α to block capabilities that expose the evaluator or its ground truth, such as revoking
a test-execution tool that would otherwise reveal the answer. Thus a high score can reflect either
effective search or an exploitable evaluator, and the case studies disentangle the two.

6 Case studies
We apply the vocabulary to recent systems [1–3,12–18] (Table 3, Figures 3 and 4). For each, we map
the paper onto the tuple and mark which coordinates it sets and which stay generic. A coordinate
is set when the paper makes a deliberate, non-default choice there and motivates, ablates, or builds
its contribution around it; it is generic when the system takes whatever value the harness supplies
and the paper does not single it out. Standard evaluator protections (e.g., sandbox isolation or
hidden splits) are the expected default, so we mark e as set only where the paper makes its integrity
or mechanism a central choice. We follow each system’s own description rather than re-evaluating
its choices, so the coding is a descriptive map, not a validated measurement.

AIRA2 (Scross, πmeta). AIRA2 is an autoresearcher for ML research benchmarks [1]. The agent
setA is a pool of n ephemeral, uniform workers on a single backbone (n = 8 in the main experiments)
running Gemini 3.0 Pro for the base system and Gemini 3.1 Pro for the stronger variant. Each
worker reasons, acts, and observes (ReAct) across turns inside its own sandboxed container with one
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System Task x ∈ X Artifact y ∈ Y Evaluator e Budget B

AIRA2 ML-engineering task trained solution code programmatic, scalar GPU-hours
AlphaEvolve evaluable algorithmic problem evolved program programmatic, multi-objective compute-hours
Glia inference-system design policy as code simulator (Vidur), scalar simulation runs
AAR weak-to-strong supervision training method programmatic, scalar (PGR) wall-clock, dollars
AI Scientist-v2 open ML research topic manuscript with code programmatic + LLM judge per-stage compute
MetaGPT one-line software spec runnable codebase programmatic (tests) tokens, dollars
EvoX optimization task evolved program programmatic, scalar iterations
ml-intern ML-engineering request trained model, code agent-judged (no separate stage) iterations
SimpleTES scientific-discovery problem program or construction programmatic, scalar evaluator queries
Engram inference-system design policy as code cost verifier / simulator (Vidur) / hit-rate, scalar evaluation runs

Table 3: Problem specification for case studies. Every system holds the task distribution D fixed
to a benchmark and varies the system M. We record, for each case study, the task x, the returned
artifact y, the evaluator e with its mechanism and metric type, and the budget unit B.

AIRA2

Scross, πmeta

AlphaEvolve

A, Scross, πmeta

Glia

α

AAR

Λ, ι

AI Scientist-v2

πmeta

MetaGPT

A, Λ, σ, πroute, ι

EvoX

πmeta, Sbtw

ml-intern

πstop

SimpleTES

πroute

Engram

πmeta, Scross

generation → generation het. θi + sharded Scross asymmetric α 9 uniform agents, directed seeds fork-and-prune tree

fixed role pipeline policy-as-state rewrite single agent, πstop halt replay selector, Scross = ∅ sequential, distilled Scross

· · ·

population Scross

spawn
island1 island2

migrate Res Sup

dialogue

α(Res) α(Sup) = ∅

forum
×

×

fork

PdM Arch PjM Eng QA

fixed Λ, artifact σ

search

π in Sbtw

meta

rewrite-policy

|A|=1

loop

module ∈ O

halt
πstop

prior sol’s
πroute

Scross = ∅

agentg agentg+1

×

distilled Scross

cons spawn

Figure 3: Each panel shows the structural shape of each system. AIRA2 evolves a population across
generations using the spawn policy looping scored solutions back from Scross. AlphaEvolve is orga-
nized around island population models (shading marks heterogeneous backbones), with migrate
resurfacing high scorers across island boundaries. Glia runs a two-agent dialogue in which only the
Researcher holds tools, and the Supervisor holds none (α(Sup) = ∅). AAR’s agents have seeded
research directions, and communicate through a shared forum. AI Scientist-v2 grows a within-run
tree whose branches fork and prune (×). MetaGPT is a fixed handoff chain over a static Λ, pass-
ing structured artifacts σ. EvoX stores π as state and rewrites it through a meta agent (shaded).
ml-intern is a single-agent tool-calling loop, using subagents as modules in O. SimpleTES replays
prior solutions with Scross = ∅. Engram runs a sequential single-agent chain that consolidates
each result into a distilled Scross, and spawns a fresh one to consume it.

dedicated GPU, and the workers differ only in the parent solution each one receives. The operations
O are the stateful Python and Bash commands run in that container, which let a worker conduct
exploratory analysis, train a model, and read its own logs over successive turns. The workers
exchange no direct messages within a generation, so the communication space is empty, Λ = ∅.
The capability assignment is uniform, α(ai) = O, so α stays generic. The within-run state is
empty, Sbtw = ∅, since coordination proceeds across runs. The cross-run store Scross is a population
database of scored solutions and their lineage, held in memory with large artifacts written to disk,
and it is the only channel through which workers see each other’s work. The meta-control policy
πmeta updates the population as soon as any worker finishes rather than waiting for the whole batch.
It samples a parent by fitness rank rather than raw score, under a temperature (T=0.2) that favors
the top ranks while retaining some spread. Each task is a mutation that refines a single parent, or
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A Λ σ α Sbtw Scross πroute πstop πmeta η ι e

AIRA2 • •
AlphaEvolve • • •

Glia •
AAR • • ◦

AI Scientist-v2 •
MetaGPT • • • • •

EvoX • •
ml-intern •
SimpleTES •
Engram • •

Comm. C State S Control π

• coordinate the system sets ◦ documented proxy-quality gap

A agents Λ communication edges σ message protocol α capabilities Sbtw within-run state Scross cross-run state
πroute routing πstop stopping πmeta meta-control η exploration ι initialization e evaluator

Figure 4: Each system sets only a few coordinates and leaves the rest generic. A filled cell marks
a coordinate the paper sets, not one shown to improve performance. We omit O and Sworld,
background every system has but none sets. We shade η, which every system leaves at the default
temperature rather than tuning.

about 15% of the time a crossover that samples a second parent from the same rank distribution and
hands the worker both, so the two operations differ only in parent count. The policy then adds the
scored child back, which our notation records as spawn, kill, and consolidate. Initialization is
constant in the task, since every worker is born with the same blank context and uniform role before
πmeta assigns it a parent, so ι stays generic. A worker submits one candidate and then dies with
no memory of the attempt, and the orchestrator scores that candidate in a separate container on a
held-out split the worker never reads. Each task’s data is split into three fixed parts, a training part
the worker trains on, a search part that governs selection, and a validation part kept hidden from
both the agents and the search until the run ends. This three-way hidden split is sandbox isolation
and variance control, an expected protection, so e stays generic. The budget B is GPU-hours.

AlphaEvolve (A, Scross, πmeta). AlphaEvolve is a coding agent for algorithmic discovery, such
as faster matrix-multiplication algorithms, that evolves a program against a user-supplied objective
[12]. It shares AIRA2’s evolutionary structure and sets the meta-control coordinate. AlphaEvolve
sets the agent set A through the backbone θi (various Gemini models) rather than through a count
|A|. It pairs a cheaper Gemini 2.0 Flash that raises the candidate-generation rate for breadth with
a stronger Gemini 2.0 Pro that supplies occasional higher-quality proposals for depth. The pairing
gives two proposal distributions where AIRA2 had one. An operation in O is a code edit, emitted as
a search-and-replace diff block applied to a marked region of an existing program, or as a full rewrite
when the block is short. The user marks the editable region, so the rest of the file stays a fixed
skeleton. The calls exchange no direct messages, so the communication space Λ = ∅ as in AIRA2,
and the protocol σ is generic. Every backbone may emit any edit, so the capability assignment α
is uniform and generic. Coordination flows through the prompt the sampler builds from the store
rather than a within-run workspace, so Sbtw = ∅. The cross-run store Scross is a program database
that keeps each program with its scores. It is organized around the MAP-Elites (i.e., a quality-
diversity archive that keeps the best solution in each cell of a behavior grid) and island population
models, so high scorers resurface as in-context exemplars for later prompts, and the store keeps
diversity deliberately where AIRA2 holds a single monolithic population. The meta-control policy
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πmeta samples a parent and a set of high-scoring exemplars, biased toward both score and diversity
through that organization, then routes the prompt to one of the two backbones. Each step builds
the prompt, applies the diff, scores the child, and registers it back, which our notation records as
spawn, kill, and consolidate over the population. Initialization is the user-supplied starting
program, evaluation code, and prompt template, problem-specific input rather than a coordinate
the system sets, so ι is generic. The evaluator e is programmatic and problem-specific, and it scores
the artifact directly through a simulator, counter, or objective function. It runs as a cascade that
drops weak candidates on a cheap stage before the expensive one, a smaller proxy gap than an
LM-judge research-quality evaluator, so e stays generic. The budget B is compute-hours, where
each solution can take on the order of 100 compute-hours spread asynchronously across a cluster,
and thousands of LLM samples suffice where FunSearch needed millions [12,19]. The FunSearch-to-
AlphaEvolve change is a scaling of the same evolutionary loop, from single short Python functions
to entire multi-language files scored on several objectives, so the pair differs mainly in heterogeneous
backbones and a diversity-keeping store over a shared evolutionary loop.

Glia (α). Glia is a two agent supervisor-researcher system that writes a workload-adaptive request
scheduling policy as Python code for a distributed GPU cluster serving large-language-model (LLM)
inference [2]. Its agent set is a fixed pair, |A| = 2, which the authors call the Researcher and the
Supervisor, both using o3 in the main evaluation. The operation universe O holds shell commands,
file editing, and code execution. The two agents share one execution context, so the communication
space Λ is the bilateral edge set {(Res → Sup), (Sup → Res)}, the protocol σ is turn-taking
dialogue, and πroute alternates the two speakers. The capability assignment is asymmetric, and
that asymmetry is the system’s central design choice. The Researcher holds all of O and runs
the simulator itself, navigating the codebase through standard Unix commands (ls, grep, find)
in an agentic-search loop that proposes an idea, implements it, runs the experiment, and reads
the result across turns. The Supervisor has α(Sup) = ∅, no view of the codebase, and reads only
the task description and the Researcher’s outputs, from which it asks clarifying questions, recalls
earlier findings, and redirects the Researcher toward overlooked directions, but it never edits code,
runs the simulator, or proposes a “concrete” algorithm. The authors motivate the empty α(Sup)
as keeping the Supervisor an independent reviewer rather than a second worker. The world state
Sworld is a cloned copy of the serving codebase, and the within-run state Sbtw is the shared execution
context. The cross-run state is empty, Scross = ∅, so no learned strategy carries across runs, and
even the multi-context variant, which runs N independent single-context instances and returns the
best, shares no history among them. The meta-control policy πmeta is the identity, so no spawn
or grant reshapes the configuration during a run. The evaluator e is a simulator, which runs the
edited policy over a fixed inference workload, a trace on four A10 GPUs serving Llama-3-8B, and
returns a scalar, the mean request completion time. The Researcher does not mutate the simulator;
it mutates the policy code the simulator then scores, so e is generic. The same setup carries to
batch scheduling and autoscaling, though the main case study designs a request router. The budget
B is the number of simulation runs, capped at 15 (relaxed to 100 for the multi-context variant),
under an overall dollar cap of about $30 per optimization.

Automated Alignment Researcher (AAR) (Λ, ι). AAR searches for a training configuration
that recovers a strong student’s ground-truth-supervised performance from only a weak teacher’s
labels, the weak-to-strong supervision setting [3]. The agent set A is nine parallel Claude Opus 4.6
agents on a shared backbone θi and a uniform role ρi, each in its own sandbox running an au-
tonomous ReAct loop with no prescribed workflow, which the authors found outperforms a fixed
pipeline. The operation universe O holds stateful training and inference helpers, supplied baselines,
and actions to submit for evaluation, share findings, and exchange codebases. The communication
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space Λ is the broadcast access over a shared forum of findings held outside the sandboxes and
synced into each one, so an agent browses the full set locally rather than querying a remote store
by keyword, which the authors found recovers findings a keyword query would miss. The agents
exchange no direct messages, so the message protocol σ is the forum post alone. The capability
assignment α is uniform, since α(ai) = O for every agent, so α stays generic. The within-run state
Sbtw is the forum’s contents, and nothing carries to a later run, so the cross-run state Scross = ∅. The
policy π stays generic, since the meta-control policy πmeta applies no population heuristic and each
agent instead diagnoses its own failures from the training logs and reruns rather than abandoning
the direction. The initialization ι seeds each agent with a distinct, deliberately ambiguous one-line
research direction rather than a concrete idea, which sets ι. Directed seeding (ι) and temperature
(η) both spread the agents across directions, and the tuple keeps them apart as distinct coordinates.
The evaluator e is a server-side scalar interface scored by performance gap recovered (PGR), the
fraction of the strong-student gap a method recovers, with the agent submitting predictions to a
remote interface whose labels never enter the sandbox. The budget B is wall-clock time and dollars.
AAR’s directed-versus-undirected comparison isolates the ι contribution, holding θi, e, and B fixed
(Section 7), and the scalar interface is weakened by exploits cataloged in Section 5.

AI Scientist-v2 (πmeta). AI Scientist-v2 takes an open ML topic to a full manuscript with its
supporting code, searching within a single run rather than across a population [13]. Its agent set
A is a single manager agent. The manager runs four sequential stages, from a working prototype
through hyperparameter tuning, the research agenda, and ablations. Its private memory m is the
running agenda it carries across those stages (i.e., which stage is active and which node it handed
forward) so it passes the membership test of Section 3 and keeps |A| = 1. Within each stage a
model call generates the plan and code for each new node. These calls hold no persistent private
memory of their own, so they are modules in the mechanism rather than agents. The operations
O are the Python code each call generates and runs in an interpreter, reading the metrics and
logs back into the next call. The calls exchange no direct messages and coordinate only through
the shared tree, so the communication space Λ = ∅ and the message protocol σ is empty. Every
call holds the same operations, so the capability assignment α is uniform and stays generic. The
within-run state Sbtw is that tree, the only shared state, where a node holds an experiment script,
its execution result, recorded metrics, and feedback. Nothing carries to a later run, so the cross-run
state Scross = ∅. The meta-control policy πmeta is the fork-heavy rule that branches and prunes
those nodes, the one coordinate the system sets, handing each stage’s best node forward as the
seed of the next. The signal that prunes is composite (e.g., code that errors marks a node buggy,
a vision-language model gates the figures). This composite scorer is the selection rule inside πmeta,
not an evaluator e whose integrity is a separate choice, so e stays generic. The initialization ι is
the idea-generation phase that proposes a topic and checks its novelty against “Semantic Scholar”
before the run begins. The system fixes this phase rather than varying the seeding as a design
choice, and unlike AAR it runs no directed-versus-undirected comparison to single it out, so ι stays
generic. The branching here is over experiments, not over ideas or drafts, which are generated
linearly with a reflection pass. The budget B is per-stage compute.

MetaGPT (A, Λ, σ, πroute, ι). MetaGPT is a GPT-4 software-engineering team that turns a
one-line requirement into a runnable codebase [14]. Its agent set A is five fixed distinct members –
a product manager, an architect, a project manager, an engineer, and a quality-assurance engineer
– with the personas defined in ι. The operations O are role-specific tools run in a ReAct loop,
web search for the product manager, and code execution and debugging for the engineer, while
the architect emits system-design diagrams and interface definitions as structured outputs rather
than by invoking a tool. The communication space Λ is not direct messaging. Each agent writes
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its structured documents to a shared store and reads the ones its role depends on, so the edges
are the order those reads induce rather than a literal routing chain. The message protocol σ is the
fixed document format each role emits – a requirements document, then a design with interfaces,
then a task list, then code – which the authors set against free-form dialogue to stop information
from distorting across handoffs. The role-specific tools make the capability assignment differ across
agents, yet they are bundled into each role and never varied on their own, so α is an artifact of
the roles. That shared store is also the only within-run workspace. Its contents are the within-run
state Sbtw, which MetaGPT leaves generic, while the access order over it is the Λ the system sets.
Nothing carries to a later run, so Scross = ∅. The routing policy πroute is the fixed assembly-line
order in which roles hand off, the coordinate that most separates MetaGPT from the evolutionary
cases. The one piece of run-time adaptivity is a bounded retry loop in which the engineer reruns
failing unit tests up to three times, which we read as a small πstop rule rather than a structural
change, so πmeta stays trivial. The personas are the initialization ι, the per-role prompt fixing each
agent’s profile, goal, and constraints before the run, so A sets how many distinct slots there are
and ι sets what fills each. AAR sets the same axis with uniform agents instead. The evaluator e
is the unit-test pass rate on coding benchmarks, an inherited default rather than a coordinate it
sets, so e stays generic. The budget B is tokens and dollars.

EvoX (πmeta, Sbtw). EvoX is an evolutionary program-discovery system that rewrites its own
search policy as the run proceeds [15]. The tasks are optimization problems such as circle packing
and competitive-programming problems. The artifact is an evolved program scored by a task-
specific programmatic evaluator that returns a scalar with auxiliary logs. The agent set is a pair
of model calls, a solution generator and a strategy generator. An operation in O is a code edit
applied under one of three variation operators, local refinement, structural variation, or free-form.
The calls exchange no direct messages, so the communication space Λ = ∅ and the protocol σ is
vacuous. Either call may emit any edit, so the capability assignment α is uniform and generic. The
object EvoX rewrites is the search strategy itself, the rule that builds the next prompt from the
population by deciding which parent to mutate, which operator to apply, and which past solutions
to include as inspiration. Rather than fixing π at t = 0, EvoX stores that strategy as a typed
object in the within-run state Sbtw, alongside a history of past strategies and their scores, and lets
a separate language model emit a new version of it. Coordination stays within the run, so the
cross-run state Scross = ∅. The rewrite is demand-driven rather than periodic. When the best score
stalls over a window, a programmatic meta-evaluator scores the spent strategy by the progress it
produced, and the strategy model mutates a high-scoring past strategy into a replacement, while
the solution population is preserved across the switch. In tuple terms EvoX sets πmeta, which
emits rewrite-policy(π′), and the Sbtw that holds the policy object the rewrite acts on. Here
π becomes time-varying structural state rather than a fixed component, which is policy-as-state.
Every run starts from the same uniform random search strategy, so ι is generic. The evaluator e
scores the artifact through a task-specific objective, an inherited default rather than a coordinate
EvoX sets, so e stays generic, and the meta-evaluator that scores strategies is internal to πmeta, not
this e. The budget B is a fixed cap of 100 evaluation iterations per task.

ml-intern (πstop). ml-intern is a single-agent tool-calling loop for ML engineering, an open
harness from Hugging Face [16]. With |A| = 1, the harness is backbone-agnostic. The backbone
θ is a launch-time choice, not a coordinate the system sets. The one agent runs its loop over
operations O that read papers and datasets, edit files, run training jobs on local or sandboxed
cloud compute, and evaluate the outcome. With a single agent the communication space Λ is
trivial, and the capability assignment α sends all of O to that one agent, so α is trivial as well.
The within-run state Sbtw is the agent’s single message history, kept by a context manager that
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auto-compacts at a token threshold, and nothing carries to a later run, so Scross = ∅. The stopping
policy πstop is the set coordinate, built from harness-level primitives. A doom-loop detector watches
for repeated tool-call patterns and injects a corrective prompt when the run stalls, a hard cap of
three hundred iterations is the terminal backstop, and the run also ends when the agent stops
requesting tools. The meta-control policy πmeta is trivial. Initialization ι is the user’s one-line
prompt, problem-specific input rather than a coordinate the system sets, so ι stays generic. ml-
intern does not introduce a distinct external evaluator e. The agent interprets tool outputs inside
its own loop, so e is not a separately set coordinate in this system and remains generic. The budget
B is iterations, the same 300-step cap doubling as the terminal stop. The harness’s helpers (e.g.,
the file, shell, and sandbox tools) are stateless and hold no private memory across calls, so by the
membership test they are modules in O rather than members of A (Section 3).

SimpleTES (πroute). SimpleTES, for simple test-time evaluation-driven scaling, is a deliberate
negative control on cross-run memory [17]. The task is an open scientific-discovery problem across
six domains, including quantum-circuit compilation and GPU-kernel optimization, and the candi-
date solution is a program scored against a true objective the system cannot read directly. Its agent
set is a single generator large language model (LLM), held to an open gpt-oss model to isolate the
loop from generation-side scaling, so |A| = 1. An operation produces one candidate solution from
a constructed prompt. The capability assignment α and the communication space Λ are trivial
under a single agent. The within-run state Sbtw is the set of parallel refinement trajectories, and
the system pins Scross = ∅ at inference. It sets only πroute, a context constructor that selects which
prior solutions to place in the next prompt. The selection is a graph version of predictor upper-
confidence tree search (PUCT) that propagates value to a solution from the descendants it inspired
and adds an exploration bonus for solutions rarely used as context, so the constructor favors prior
solutions that seeded strong lineages. The replayed solutions are scoped to the current trajectory,
narrower even than the run, since the parallel trajectories keep separate histories. Each trajectory
starts from a baseline solution y0, a problem-specific input rather than a coordinate the system
sets, so ι is generic. The evaluator is a per-task programmatic surrogate V for the true objective,
an inherited default, so e stays generic. The budget B is evaluator queries, allocated across global
width, refinement depth, and local sample size, which the authors scale jointly.

Engram (πmeta, Scross). Engram inherits Glia’s problem layer and fills the cross-run store Scross

Glia leaves empty [18]. Engram’s agent set A is a sequential chain of single-active-agent explo-
rations, each on a backbone θi that was o3, or gpt-5.2 in some runs. The operation universe O, the
communication space Λ, and the capability assignment α are all inherited from Glia’s setting, with
the same shell, file-editing, and code-execution tools. The state S splits across two registers. The
within-run state Sbtw is one agent’s working context, reset at each handoff rather than shared. The
cross-run state Scross is set, holding two objects on disk – a per-experiment archive of code, scores,
and logs, and a research digest of attempted approaches, insights, recommended next steps, and
failed strategies, appended per agent – which agents read on demand through tool calls rather than
holding in context. Authors showed that ablating the digest costs more than ablating the archive,
so the distilled reasoning helps successors more than the raw artifacts do. The set policy is πmeta.
When an agent has spent its productive capacity, πmeta emits consolidate, kill, and spawn to
distill its trajectory, discard its context window, and seed a fresh agent with an empty context.
The seed ι stays generic, since each fresh agent receives the digest that spawn hands it from Scross

rather than a designed starting point of its own. The evaluator e is task-dependent, inheriting
Glia’s simulator (Vidur) for the request-routing task, a cost verifier (egress plus VM cost) for its
multi-cloud multicast task, and a prefix-hit-rate metric for its KV-cache task. The budget B is 100
evaluation runs per task.
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7 Discussion

In this study, we defined a shared vocabulary to describe the problem and architecture of a multi-
agent autoresearch system, and illustrated that our vocabulary can describe and distinguish the
designs of recently published autoresearch systems (Figure 4). The same vocabulary extends beyond
the case studies. For example, Shen et al.’s “subagent” architecture is a star Λ in which parallel
agents reach one another only through an orchestrator that joins their branches afterward, while
their “agent-team” is a fixed chain in Λ whose handoffs πroute schedules before any run begins [20];
Ueda et al.’s cohort size, interaction depth, and persona diversity resolve to |A|, dialogue length
under πroute, and the spread of roles ρi set by ι [21].

Our vocabulary shows that existing work rarely isolates the bare agent count |A|, usually tying
it to population size in πmeta, island count over Scross, or a fixed value (e.g., |A| = 9). The closest
empirical probe is a standardized sweep across architectures and agent counts, which finds that
architecture-task alignment rather than agent count predicts gains [22]. Error amplification rises
sharply in topologies that lack a centralizing verifier, which our vocabulary locates in Λ, πroute, and
the verification integrity of e rather than in |A|.

The run-time objective optimizes within a fixed M, but the same vocabulary also frames the
design question that precedes it, choosing which tuple to deploy for a task family, a budget, and
an evaluator. For that question, the tuple makes ordinary ablations explicit, each holding all
coordinates fixed except one. Vary Λ to test communication topology. Vary α to test capability
asymmetry. Strengthen e’s integrity while keeping πmeta fixed to test whether apparent gains were
evaluator artifacts. Compare ι-based diversity against η-based diversity under the same budget.
Some systems search this space automatically, for example over agent designs expressed as code or
over workflow graphs [23, 24], running the same proxy-optimization objective (Section 5) over the
space of tuples M rather than over the trajectories a fixed M explores.

The complaint that autoresearch systems lack taste covers two distinct failures, and our vocab-
ulary keeps them apart. Generative taste is the rate at which the trajectory distribution PM( · | x)
proposes novel trajectories before e selects among them. It is a property of the generation path,
set by the backbone priors θi, the seeding ι, the exploration term η, and what Scross has learned is
worth trying. We leave generative taste qualitative without a novelty measure over PM( · | x) that
would credit the generator the way ∆ω credits the evaluator. Evaluative taste is the proxy-quality
gap ∆ω between e and q (Section 5). We believe a lack of novelty is fixed by changing ι, η, or θi,
while a gamed metric is fixed by strengthening e’s integrity. For example, AAR’s directed seeding
raises generative taste by changing R0

1:n, while its evaluator e stays open to the exploits, a separate
evaluative-taste failure [3]. We should therefore attribute any reported gain to one or the other.

Generative taste sets how good the proposals are before selection, but e chooses which proposal
is returned. So, when e is miscalibrated, harder search returns trajectories that score high on e
and low on q regardless of how good the proposals were (i.e., the overfitting tax). We therefore
suggest improving the evaluator’s integrity before crediting a stronger generator. Crediting one
means judging proposals by their novelty and quality under an evaluator decoupled from e, not
by the final score. Integrity is one way to raise evaluative taste; e’s mechanism is another. When
a task has ground-truth labels, a judge trained on them narrows ∆ω past what a prompted LLM
judge reaches [25]. Since q is uncomputable in general (Section 2), it remains a target we design
toward rather than a quantity we can measure.

Many coordinates remain that the field has not yet experimented with. Capability assignment
is one. No system here changes α during a run, even though Glia exploits a non-trivial static
α. We take this as an engineering artifact, not evidence that dynamic capability control is useless.
Dynamic α is held back by practical constraints, not by any argument against it, as prompt changes
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are cheaper than building the permission infrastructure that dynamic grants would require.
The control policy π and the task distribution D contain three more under-exercised coordinates.

The exploration term η stays at its default, and even AAR injects diversity through ι rather than η.
Run-time rewriting of π itself is exercised by EvoX alone. A system that generates its own problems
rather than solving a fixed set changes D (Section 2), and no system here changes it. The pre-LLM
POET co-evolved environments with the agents that solve them [26], and in the LLM era CORAL
co-evolves agents and their solutions but keeps the problem fixed [27]. A recent system begins to
change D, synthesizing its own tasks at a target difficulty, though it tunes only the solver, so the
change stays partial [28]. Beyond these, no action in Πmeta changes the operation universe O or
the backbone θi at all. A recursively self-improving successor rewrites its own O [8] and updates its
θi mid-run [29]. Both are already components of our tuple, so adding an operation-editing action
over a mutable Ot and a weight-editing action over θi,t would let Πmeta reach that case.

The clearest near-term test is on capability assignment. A senior advisor who reviews and
redirects a junior researcher is useful partly because the advisor does not also write the code, run
the experiments, or spend the budget – the distance is what keeps the judgment independent.
Hand the advisor the keyboard and the role collapses into a second worker. Glia builds exactly this
distance into α, giving its Supervisor α(Sup) = ∅. The tuple turns the design into a one-coordinate
ablation, holding A, Λ, πroute, Sworld, and e fixed while comparing the published static assignment
against one that varies α during the run. A dynamic-α variant that improves score per dollar would
identify dynamic capability assignment as useful, while one that spends more for no better score
would credit the capability asymmetry rather than supervision alone. We expect the next round of
systems to be distinguished by which of these coordinates they change, a difference the vocabulary
makes explicit and a final score alone cannot.
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A Related work

We inherit our formulation from several literatures, generalize some of it, and depart from the rest.

Classical multi-agent systems. The structural core of agents, communication, and shared state
has a history in the multi-agent systems literature [30–32]. Those frameworks fix beliefs, desires,
and intentions as the agent’s internal state and treat communication as speech-acts over a typed
message ontology. We keep the structural shape – agents with private memory, a communication
channel, a control policy – but make two departures forced by the LLM-agent setting. First, the
agent’s internal state – its backbone θi, private memory mi, and role ρi – is not a structured belief
base, but a frozen language model plus an opaque context window, so propositional commitments
and inference rules over them are not available. Second, the central object of analysis shifts from
agent rationality to trajectory-distribution properties, meaning that what one can measure about
an LLM-agent system is its run-time behavior, not its proof-theoretic commitments. The classical
literature’s abstractions remain useful for labeling components, and the present formalism uses
them for that purpose, not for the soundness theorems they were designed to support.

Multi-agent reinforcement learning and Dec-POMDPs. The trajectory-distribution for-
mulation owes its shape to multi-agent reinforcement learning (MARL) and to decentralized par-
tially observable Markov decision processes (Dec-POMDPs) [33, 34]. From those frameworks, we
borrow the run-as-trajectory view, the role of a stationary control policy, and the use of expected
cumulative reward over a budget as the run-time objective. We deliberately do not borrow three
things. First, MARL/Dec-POMDP formulations assume a transition kernel P (s′ | s, a) that is
accessible for planning or learning; LLM-agent systems act on world state through operation calls
whose effects are not modeled, so the tuple treats Sworld as black-box and the trajectory distribution
PM( · | x) as the only object available. Second, MARL/Dec-POMDP fixes the agent population,
action space, and observation space at t = 0; we make structural change a primary action class
via Πmeta, covering spawn, grant, and consolidate. Third, MARL/Dec-POMDP assumes a
parameterized policy class amenable to gradient-based optimization; we permit this in principle
but do not assume it. Most LLM-agent components are continuous in temperature and combinato-
rial in everything else. The closest contemporary relative is the literature on language-conditioned
MARL (e.g., negotiation games and emergent communication), which shares the action-language
interface but typically fixes the agent population and works in much smaller state spaces.

LLM-agent harnesses and surveys. The recent wave of LLM-agent harnesses – AutoGen,
MetaGPT, CAMEL, ChatDev, AgentVerse, the Voyager skill-library line – has produced a large
taxonomy of design patterns such as planner/critic splits, supervisor-researcher dialogues, role-
prompted teams, blackboard architectures, skill libraries, evolutionary populations [14, 35–39]. A
parallel line makes the harness itself the object of optimization. Some search over agent designs
and workflows [8,9, 23,24]. Others evolve the cross-run store Scross our tuple names, accumulating
it as an itemized “playbook” [40] or co-evolving the store with the routine that maintains it [41].
Survey papers organize these systems along axes such as communication topology, memory scheme,
coordination protocol, and evolution mechanism [22, 42]. Gao et al. organize self-evolving agents
around what evolves, when it evolves, and how adaptation is governed, including models, memory,
tools, architecture, intra-test-time versus inter-test-time adaptation, and scalar-reward or textual-
feedback mechanisms [42]. Kim et al. take a complementary empirical route, fitting quantitative
scaling relationships across coordination pattern, model capability, system factors, and task factors
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while standardizing tools, prompts, and compute across hundreds of configurations [22]. Tie et al.
survey this space under the name autoresearch and organize systems along a five-level human-to-AI
autonomy spectrum, five workflow stages, and five evaluation dimensions [43]. Their axes measure
how much of the workflow the AI controls, executes, and validates, whereas we compare the agent
structure and coordination of the systems themselves. These surveys catalog what a system looks
like, but none gives the coordinates one holds fixed or varies to attribute an outcome to a single
design choice. The tuple supplies those coordinates, separating cases that survey-level labels merge
and recovering distinctions already present in the literature (Section 7).

Autoresearch systems. We work through detailed examples later, which sit inside a larger
autoresearch literature [13, 19, 27, 44, 45] (Section 6). These systems do not define their designs
in shared, comparable terms. They define them functionally, in prose about research threads,
branches, memory, and a correctness audit, with a benchmark number attached. We use the tuple
to label those design choices. As an example, one recent system runs many long-horizon research
threads and combines promising branches, a meta-control search πmeta. It also consolidates context
across experiments, a cross-run store Scross [7]. Most autoresearch systems share both coordinates.
What sets this system apart is the third coordinate. It strengthens e’s integrity against reward
hacks inside the loop rather than fixing the evaluator in advance.

Reward hacking and Goodhart’s law. The alignment literature has long studied what hap-
pens when an agent optimizes a proxy in place of the quality it should match. Amodei et al. identify
reward hacking as a safety problem, and Krakovna et al. catalog specification gaming across sys-
tems that met a stated objective while violating its intent [46, 47]. Manheim and Garrabrant
decompose Goodhart’s law into regressional, extremal, causal, and adversarial variants, separating
benign proxy drift from optimization that seeks the gap [48]. Skalse et al. define reward hacking
formally and prove conditions under which a proxy is unhackable [49]. Gao et al. fit scaling laws
for how true reward diverges from proxy reward as optimization pressure grows [50], and Pang et
al. show the same divergence in conditional text generation [51]. Wang and Huang treat the same
problem as an equilibrium, proving that an agent optimizing a finite-dimensional evaluation signal
must under-invest in the quality dimensions that signal omits [52]. The shared finding is that the
gap widens with pressure and is a property of the proxy, not the optimizer’s intent. We make
two departures this literature does not. First, we identify the proxy with a single component, the
evaluator e, so reward hacking becomes a property of e rather than of the agents, and the distance
from true quality is the proxy-quality gap (Section 2). Second, we tie optimization pressure to
how aggressively the meta-control policy πmeta searches against e, so two systems with the same e
but different pressure occupy different points in the vocabulary. We then use both components to
identify each documented hack as a specific integrity property of e that failed (Section 5).
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