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Groups can achieve more than individuals in the same amount of time, but only if their members coordinate: they
must decide who works on what and what to share. However, this organization in multi-agent systems today usually
comes from arbitrary, static harnesses designed a priori without adapting to agent behaviors or task specifications.
We ask whether agents can instead learn to organize themselves. We introduce s3, the first multi-agent reinforcement
learning method in which agents decide for themselves how long to work alone and when to share findings or read
teammates’ messages, with no predefined organization or roles. Our s3 agents learn to take different approaches, read
each other’s work, exhibit emergent roles that complement each other in the swarm, and generalize to bigger teams.
We study both coordination, where agents must combine private information, and parallel exploration, where sharing
discoveries can make search more efficient. With matched training and inference budgets, s3 swarms evaluated with
twice as many agents as in training solve over 25× more coordination problems than the strongest baseline, and
in exploration, communicating agents reduce repeated work by nearly 50% and outperform best-of-N by up to 9.4
percentage points. Rather than being designed in advance, s3 enables organization to emerge from a shared goal.
This opens the door to capable systems built from many models that learn to work together.

Figure 1. Left: prior multi-agent systems organize agents with static harnesses designed in advance, such as a controller that assigns tasks or a leader thatdirects a shared forum. Right: s3 is the first multi-agent reinforcement learning method in which agents decide for themselves how long to work alone andwhen to share findings or read teammates’ messages, with no predefined organization or roles. Agents are trained with a shared team reward, and theirorganization emerges from training.

1 Introduction
Intelligence has always been a collective achievement: human brains
are thought to have evolved for life in groups, and human knowl-
edge has grown by being shared and built upon across generations1–3.
Artificial intelligence has recently begun to scale the same way, by
running many language models (LMs) at once. Tens of thousands
of agents were deployed to prove a long outstanding theorem about
the Navier–Stokes problem4, agent swarms split a task across par-
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allel subagents to cut latency5, and agents that share findings at
test time discover solutions that independent attempts miss6. Many
multi-agent systems use an organization specified by their designers.
A central orchestrator decomposes the task and merges results7–9,
agents debate in rounds10, or each agent is given a role11.

Hand-designed organizations are fixed guesses about how a team
should work, and they often break down. Orchestrated systems du-
plicate work, flood each other with updates, and fail to reconcile sub-
agents that disagree9,12. Human organization, by contrast, is adaptive.
How people divide labor, specialize, and share information depends
on the task, and much of this structure emerged through cultural
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evolution rather than by design3,13. Centrally planned economies
often struggled in part because no planner could gather what the
people doing the work knew14. A fixed harness, or even a prompted
one, can likewise miss the specializations a task calls for. The bitter
lesson of AI is that learned behavior repeatedly overtakes behavior
designed by hand15,16: reasoning models, for example, improved most
by learning to reason through reinforcement learning on checkable
outcomes, rather than by following reasoning strategies written by
people17,18. We think the same holds for multi-agent organization.
Rather than imposing our own ideas of how agents should interact,
we let the organization emerge from training. If a central coordinator
is the best way to solve a task, the team should learn to create one;
if a task rewards specialization, agents should learn to divide the
work. Because each agent works on its own copy of the task, agents
can coordinate only through what they tell each other, so learning to
organize means learning to communicate: what to share, with whom,
and when sharing is not worth its cost.

To enable agents to learn to organize themselves, we introduce s3,
a method for training and scaling swarms of language model agents
(Figure 1). A team is N copies of one model. No agent is a leader,
no agent has a role, and there is no turn order. All agents work at
the same time, each on its own copy of the task, and whenever it
chooses, an agent can message any teammate or all of them and read
the messages others have sent it. Any organization can arise from this
setting, including a single leader that collects results and directs the
others. s3 trains the shared policy with group-relative reinforcement
learning, with every agent receiving the same team reward. For each
problem, we sample independent team attempts, normalize their
team rewards, and assign every token an agent generates its team’s
advantage. This trains task actions and communication together, so an
agent can be rewarded for helping a teammate succeed. For training to
reinforce effective communication, agents must be able to act on one
another’s discoveries while they are still useful. Our infrastructure
interleaves agents’ computation, handling tool calls and message
delivery asynchronously so that a slow agent does not hold up its
partners (Section 3.1).

A trained swarm is worth having only if it beats N agents working
alone. This best-of-N baseline is strong, it allows agents to use ad-
ditional compute and empirically, best-of-N performance improves
as N grows19–21. Thus, a swarm can appear to perform better sim-
ply because it runs more agents, even if its members never help
each other, and these gains can shrink or disappear when budgets
are matched22,23. With learning and inference compute matched to
single-agent counterparts, we ask: how can we train swarms to become
more capable as they grow by learning to communicate, coordinate, and
build on one another’s discoveries?
We study two tasks that test how swarms share and use informa-

tion. First, we explore an information aggregation task, which tests
whether agents can coordinate to combine private information held
by different members of the swarm. We then study decentralized
exploration, where agents must discover information through inter-
action and can share what they learn to divide the search and avoid
repeating work. This models collaborative discovery, where findings
from one search can guide another24. Across both tasks, s3 swarms
coordinate where imitation and individual rewards fail, keep working
with more agents than they were trained with, and divide their search
to outperform best-of-N . Our contributions and findings are:
1. Learning coordination through cooperative MARL: to our

knowledge, we provide the first demonstration that coopera-
tive multi-agent reinforcement learning (MARL) can train asyn-
chronous LM swarms whose emergent coordination outperforms
best-of-N sampling from solo policies trained with matched roll-
out budgets and per-agent token allowances, without prescribed
roles or communication structures (Section 5).

2. Careful benchmarking of learned collaboration: by comparing

against independent agents with matched training and token
budgets, and by ablating communication, the shared reward, and
demonstrations, we show that the gains come from learning to
coordinate (Section 5).

3. Generalization to larger numbers of agents: swarms retain an
advantage over the controls when evaluated with more agents
than they were trained with, showing how learned coordination
can support scaling at inference without retraining (Section 5).

4. An account of how organization emerges: training trajectories
reveal how shared rewards favor efficient information exchange
and coordinated exploration, while individual rewards create a
social dilemma that undermines cooperation (Section 6).

2 Related work
Prompted multi-agent systems benefit from specialized roles, discus-
sion, and coordinated workflows, but their interaction patterns are
specified by their designers11,25–28. More recent work searches over or
evolves agent workflows and harnesses to improve performance while
keeping model weights fixed29–33. Multi-agent RL has also trained
collaboration within debate, assigned roles, or synchronous inter-
actions34–37. Closest to our setting, Avalon-M1 jointly trains agents
with a collective reward, but builds in a CEO that hires specialists
and organizes their work22; it does not establish a coordination gain
over best-of-N sampling from a solo policy trained with a matched
budget. To our knowledge, we are the first to demonstrate this gain
in asynchronous swarms without prescribed roles or communication
structures. Appendix B provides the full related-work discussion.

3 Methods
3.1 Setting and harness
A problem x is attempted by a team of N agents. All agents share
one policy πθ, but each agent i has its own history, its own private
observations, and its own copy of the task tools. Agent i has a limit
of L generated tokens in total, counting reasoning, tool calls, and
messages. The whole team receives one reward.
To communicate, each agent has a tool called message(to,

text), which sends text to one teammate or to all, and a tool
called read_messages(), which returns its unread messages. Agents
choose whether to read what teammates wrote. There is no limit
on the number of tool calls or messages within the token allowance,
and no separate reward or penalty for messaging. Teammates are ad-
dressed by public names sampled without replacement from agent_1
to agent_64 in each episode, and each agent sees its teammates in a
shuffled order, so cannot learn conventions dependent on a particular
teammate name. The full tool definitions appear in Appendix F.
Agents use these tools asynchronously: each generates text, calls

tools, and resumes when its own tool result returns. One agent can
therefore keep exploring or share a discovery while another is waiting
for a tool, instead of the entire swarm progressing at the pace of
its slowest member. When a message arrives, the harness inserts a
notification into the recipient’s history as a tool output, listing unread
counts by sender. If the recipient is generating text, the notification is
inserted after its current inference request finishes; an idle recipient
is woken immediately. The notification tells the agent that a message
is waiting, and read_messages() supplies its contents. An agent
that ends a response without a tool call becomes idle and spends no
tokens until another message arrives (Appendix F).
As the swarm grows, its agents compete for the same inference

server. The server has a fixed number of slots for concurrent sequences,
a token budget per inference batch, and limited KV-cache memory
for retaining each agent’s history. Long generations occupy sequence
slots, while long histories consume KV-cache capacity, limiting how
many agents can generate at once. If a few agents monopolize these
resources, their teammates wait, and an agent may finish most of its
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Table 1. Controls and baselines. Swarm controls are ablations of s3; individual-reward swarms still communicate and learn together, whereas solo agents trainindependently. SFT denotes supervised fine-tuning. The SFT ablation applies to decentralized exploration; information aggregation starts from the base model.Team learners train with four agents and solo learners with one. Within each task, matched learners use the same problems, number of agent trajectories perupdate, per-agent token allowance, and optimizer. Rewards include the token cost in Equation 1.
Condition Description
Solo (SFT+RL) Train a single agent with individual reward; evaluate independent copies as best-of-Ns3 − communication Team reward with messaging tools disableds3: individual reward Messaging enabled; each agent is rewarded for its own successs3: online SFT Train on successful communicating teams sampled from the current policySFT only / initial Fine-tuned checkpoint or base model, without RLs3 − SFT Team reward and messaging, trained from the base modelSolo RL (no SFT) Single-agent RL from the base model, evaluated as best-of-N

0 50 100
Success (%) ↑

s3 (Ours)

s3: individual reward

s3: online SFT

Information aggregation

Figure 2. Bars show mean ± SE across six seeds on held-out problems at thetraining swarm size, N = 4. Higher success is better. Ablations modify s3;solo policies train independently (Table 1).
search before its partners can contribute. We therefore split genera-
tion into requests of at most 1,024 new tokens. A request ends early
at a tool call or the end of a response; otherwise the agent continues
from its exact generated prefix. These boundaries give other agents
opportunities to progress and allow pending notifications to be in-
serted, without adding a new turn or an instruction to the model.
Agents can thus respond to one another during their work without a
fixed turn order (Appendices F and I).
Throughout these interactions, agents never see each other’s rea-

soning or tool results; they share information only through messages
they choose to send and read. A shared prompt describes the tools
and the shared objective. It also gives general guidance on collabora-
tion, suggesting useful kinds of messages while stating that no roles
are assigned and that working alone is allowed (Appendix G).

Formalization. This setup can be modeled as a decentralized par-
tially observable Markov decision process (Dec-POMDP)38, the tuple
⟨I,S, {Ai}, P, {Ωi}, O,R,H⟩. Here I = {1, . . . , N} is the set of
agents. A state s ∈ S collects the agents’ private task states, histo-
ries, message queues, and remaining budgets. The action space Ai

of agent i is generated text, including tool calls and messages. The
transition function P (s′ | s,a) updates histories and budgets as text
is generated, private task states when task tools execute, and message
queues when agents send or read messages. The observation space
Ωi contains agent i’s private task input, tool responses, notifications,
and the messages it reads, and the observation function O(o | s′,a)
determines what each agent receives after a joint action a. The reward
R is the shared team return of Equation 1, received by every agent,
and the horizon H is finite because each agent generates at most L
tokens. Agent i acts on its own history hi of actions and observations,
and the shared policy samples ai ∼ πθ(· | hi).

3.2 Team reward
Let S ∈ {0, 1} be binary team success, which is 1 if at least one agent
reaches the correct final answer. The team reward is

R = S

(︄
1− λmin

(︄
1,

∑︁N
i=1 |τi|
NL

)︄)︄
, (1)

where |τi| is the number of tokens agent i generated and λ = 0.25.
The cost is the fraction of the team’s total allowance NL that the
team spent, so its effect is the same regardless of team size: a team of
any size that spends half its allowance pays the same cost. We charge
it only when the team succeeds. Charging failures would reward
a failing team for quitting early. Among successful teams, it favors
those that succeed with fewer tokens, for example by not sending
redundant messages. Since λ < 1, any success earns more than any
failure.
The reward is the best outcome of the team, not the sum over its

agents. A sum would make a larger team worth more simply because
it is larger, and the loss below would weight teams by size. With the
max, a team is rewarded only for what it achieves, so adding agents
helps only if they contribute. An average over agents would instead
reward each agent for being right itself, which encourages agents to
solve the problem separately and then argue toward a consensus.

3.3 Team-relative advantage
For each problem we sample G = 8 independent team attempts,
each with its own names, histories, and message board. With Rg the
reward of team g, every token generated by every member of team g
receives the advantage

Ag =
Rg − R̄

σR + ϵ
, (2)

where R̄ and σR are the mean and standard deviation of the G team
rewards. This is the group-relative advantage of GRPO39 with the
team, not the single response, as the unit being compared. The com-
parison between independent teams on the same problem replaces
per-agent credit assignment: behavior that separates successful teams
from failed ones is reinforced, and behavior common to both cancels
out.
We apply the loss only to tokens each agent generates. System

prompts, tool results, notifications, and received messages provide
context but are not training targets. Let Tg be the trained tokens of
team g and B the teams in a batch. For the decentralized exploration
experiments we use IcePop40 with score centering to correct the
gradient bias introduced by masking off-policy samples41. We average
over each team’s generated tokens and then over teams, so teams
with more agents or longer rollouts do not receive more weight. The
policy-gradient term is

LPG(θ) = −
1

|B|
∑︂
g∈B

1

|Tg|
∑︂
t∈Tg

mt ρt Ag. (3)

Here ρt = πθ(at | ct)/µ(at | ct) compares the probability of token
at under the policy being trained with its probability under the policy
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µ that generated it. The mask mt = 1[0.2 ≤ ρt ≤ 5.0] excludes
tokens whose probabilities have changed too much, and is held fixed
when differentiating.

Appendix A describes the training configuration, baselines, evalua-
tion protocol, and score-centering correction in detail.

3.4 Training and evaluation
Information aggregation uses Qwen3-0.6B; decentralized exploration
uses Qwen3-1.7B. Swarms train with four agents for 200 RL updates.
Exploration learners start from 50 updates of supervised fine-tuning
(SFT), except in the ablation without SFT. Solo learners receive the
same number of agent trajectories per update and the same per-
agent token allowance. We evaluate on 32 held-out problems with
six seeds and one attempt per problem per seed, using populations
of N ∈ {1, 2, 4, 6, 8, 12, 16} without retraining. Token efficiency is
solve rate divided by the mean fraction of the population’s token
allowance used, including failed attempts. Appendix A gives the full
protocol.

4 Tasks and why coordination is hard to scale
4.1 Coordination vs. parallel exploration
Communication can help a swarm combine information that its mem-
bers hold privately or coordinate the search for information they
have yet to discover42,43. These settings place different demands on a
policy as the number of agents grows. We train with four agents and
evaluate with up to sixteen to test both.
Information aggregation. When each agent holds information

that the others need, solving the task requires coordination: at least
one agent must collect and correctly combine the distributed informa-
tion. Adding independent agents cannot substitute for this exchange.
Suppose each agent holds one piece of information and each of the
N − 1 transfers needed by a recipient succeeds independently with
probability q < 1. A transfer includes sending, reading, and correctly
recording the information. That recipient has all the information with
probability qN−1, and a union bound over possible recipients gives

Pcoord(N) ≤ min
(︂
1, NqN−1

)︂
, (4)

which eventually decays exponentially in N at fixed q. Sustaining
success as swarms grow therefore requires increasingly reliable infor-
mation exchange. The problem also becomes more complex as the
swarm grows: an agent’s inbox can be in 2N−1 states depending on
who has reported, 8 with four agents and 32,768 with sixteen. Agents
must learn a rule such as “wait for N − 1 distinct senders” rather
than a behavior for each state. If every agent broadcasts once, the
swarm exchanges N(N − 1) message deliveries in total. Each agent
receives N − 1 messages, which take up context space and leave less
room for its own reasoning and task history (Appendix E).
Decentralized exploration. Here, any agent can find a solution

independently, but communication can help agents divide the search
and use one another’s discoveries. If each independent attempt suc-
ceeds with probability p, best-of-N sampling succeeds with probabil-
ity

Psearch(N) = 1− (1− p)N , (5)
which rises with N . Unlike information aggregation, adding agents
does not require an independent search policy to manage more in-
coming information. Communication must improve on this growing
baseline by reducing repeated exploration or directing agents toward
useful discoveries. Generalizing to larger swarms thus tests whether
agents can maintain reliable information exchange in aggregation
and coordinate exploration well enough to improve on independent
search.

4.2 Task implementations
Information aggregation. Each of the N agents receives one private
integer from 1 to 99, written in English (e.g. “forty-two”). The swarm

must return allN numbers in ascending order, keeping equal numbers
from different agents as separate entries. It succeeds if any agent
submits the full, correct list. Ordering the numbers is simple once
they are available; the challenge is to share one’s own number, read
the others, track who owns which value so repeated messages do
not create duplicates, and submit only after hearing from everyone.
The shared prompt explains these requirements and gives example
message and read calls (Appendix G). Agents must learn to carry
out these instructions reliably as messages arrive in an unpredictable
order.

Decentralized exploration. Each agent explores an unknown tree
of rooms. Each junction has b = 3 doors leading deeper into the tree,
with corridors requiring ten moves between successive junctions or
terminal rooms, down to depth d. One of the bd deepest terminal
rooms is the exit. Passages can be traversed in either direction. Room
names are random, so they carry no information. Each room lists
its doors in an order fixed at generation and shared by all agents,
so agents with similar search habits retrace the same paths. Every
agent starts at the same room in its own copy of the tree and uses
move(room) and look() to observe its current room, its doors, and
whether it is a dead end. Moving never moves another agent. The
first agent to reach the exit solves the task for the swarm and ends
the episode. At depth three, the tree has 391 rooms and 27 terminal
rooms; a full depth-first search can take up to 780 moves, usually
beyond what a reasoning model can afford within its 8,192-token
allowance. Agents can reduce repeated work by claiming branches or
reporting exhausted ones, but must learn how to use these messages
to coordinate their search.

5 Results
We first examine whether swarms learn to coordinate in each task,
then test generalization to larger numbers of agents and the contribu-
tion of each training component. Results use held-out problems and
six evaluation seeds. Statistical comparisons use paired, two-sided t
tests with Bonferroni correction for multiple comparisons; we report
paired effect sizes as dz . Appendix A and Appendix Table 9 give the
test definitions and detailed comparisons.

5.1 RQ1: Can swarms learn to aggregate private
information?

Figure 2 shows that s3 learns reliable information aggregation, sub-
stantially outperforming both controls. It reaches 93% success, com-
pared with 35% for s3: online SFT on successful swarms and 13%
for s3: individual reward (both corrected p < 0.001; dz = 5.72 and
11.15, respectively). In the individual-reward variant, agents still
communicate within a swarm, but each is rewarded only when its
own submitted list is correct; helping another agent answer earns no
reward. Online SFT instead imitates the actions of successful swarms.
Both controls receive the same collection budget as s3, so additional
interaction or successful examples alone do not explain its advantage.
s3 agents also send fewer messages than the controls. In Figure 3

(top), each s3 agent broadcasts its number about once, and all agents
send about equally. The controls send more messages, but a few
agents send most of them while the rest send little. Section 6 traces
how this behavior develops during training.

5.2 RQ2: Does learned coordination improve
decentralized exploration?

Figure 4 shows that communicating swarms also benefit when each
agent could solve the task alone. Both swarm and solo policies begin
from demonstrations of valid exploration, with messages included
only in the swarm demonstrations. Communication already raises
success before RL, and RL then improves both the communicating
swarm’s success and its token efficiency (Appendix Figure 8; Appendix
Table 7).
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Figure 4. Bars show mean ± SE across six seeds on held-out problems at thetraining swarm size, N = 4. Higher success is better. Ablations modify s3;solo policies train independently (Table 1).
The ablations show that communication contributes to this gain.

Removing messages while retaining the shared reward lowers four-
agent success by 19 percentage points (corrected p < 0.01, dz =
2.21). Communicating agents also explore fewer of the same rooms:
their overlap is nearly half that of the communication-disabled control
(Appendix Table 9). They use discoveries to divide the search, rather
than simply addingmore independent attempts. At four agents, s3 also
has higher success than solo-trained best-of-four, which is significant
before Bonferroni correction but not after (Appendix Table 9).

5.3 RQ3: Do these gains extend to larger numbers of
agents?

Figure 5 evaluates the same policies with more agents than the four
used in training. In information aggregation, s3 retains useful success
after the controls largely fail: at eight agents it succeeds more than
twenty times as often as online SFT. Its advantage over both controls
persists through twelve agents (all corrected p < 0.01, dz ≥ 3.24;
Appendix Table 9). All methods struggle at sixteen. The learned
exchange therefore transfers beyond the training size, but does not
eliminate the growing difficulty of collecting and tracking everyone’s
information.
In decentralized exploration, independent best-of-N already im-

proves as agents are added. Communicating swarms reach high suc-
cess sooner: four agents nearly match six solo-trained agents, and
six nearly match eight. At six agents, s3 exceeds best-of-six by about

seven percentage points (corrected p < 0.05, dz = 1.71). This gain
comes without a statistically detectable decrease in token efficiency
after correction. The same is true of the efficiency comparisons at
the larger evaluated swarm sizes (Appendix Table 8; Appendix Fig-
ure 13). At the largest sizes, independent search also approaches
perfect success, so communication’s main benefit is reaching that
performance with fewer agents.

5.4 RQ4: Which ingredients of s3 drive its gains?
We first test whether decentralized exploration needs the demon-
strations that both swarm and solo policies start from. Without SFT,
both swarm and solo learners remain much less successful, and the
four-agent swarm has no significant advantage over solo-trained best-
of-four (uncorrected p > 0.05, dz = −0.48). Starting from the base
model, RL raises swarm success only modestly. Demonstrations in-
stead start both swarm and solo policies at much higher success, and
RL then keeps improving the swarm (Appendix Figures 12, 8, and 9;
Appendix Table 7).

One explanation for these gains is that agents can communicate, not
that they are trained to help each other. To test this, we train a control
in which agents still work as a swarm and can message each other, but
each agent is rewarded only for solving the task itself: for reaching
the exit in decentralized exploration, or for submitting a correct list
in information aggregation. In decentralized exploration, this control
performs about as well as shared-reward training, with no significant
success difference (uncorrected p > 0.05, dz = −0.28), and it also
outperforms solo-trained best-of-four (corrected p < 0.01, dz =
2.21). This is expected: any agent can reach the exit alone, so reports
from teammates help each agent earn its own reward. In information
aggregation, however, an agent gains nothing by sending its own
number, since that only helps its teammates answer. Individual reward
fails there (Figure 2), and agents learn to stay silent (Section 6).
Together, the ablations show why the shared objective is useful

across tasks. Individual rewards support effective exploration when an
agent can earn its own reward by finding the exit, but perform poorly
when success depends on teammates sharing private information.
Shared rewards support both forms of coordination, so swarms can
adapt even when we do not know the structure of a problem in
advance.
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6 How organization emerges in decentralized
swarms

In this section, we analyze the swarms’ training traces to see how
agents learn to share information and divide their search over the
course of RL. Appendix K describes the data, sampling, and statistical
analysis in more detail.

Information aggregation swarms learn to share once and share
early. We first group each information aggregation swarm by how its
agents message one another and follow these groups over training
(Figure 6a). Early on, about half of swarms include an agent that
never sends its number, and most of the rest exchange direct mes-
sages. Partway through training, swarms switch to broadcasts, at first
repeating them, and by the end about 80% settle on one broadcast
per agent. These learners start from the base model without demon-
strations, so this exchange emerges from RL; the prompt only shows
an example broadcast. Agents also learn to share before they read:
the share of s3 agents that check their inbox before sending their own
number falls to nearly zero (Figure 6b).
Early in training, while few swarms use one broadcast per agent,

those that do succeed about 30 percentage points more often than
swarms that converse through direct messages on the same prob-
lem with the same policy. The shared reward therefore favors this
exchange as training continues (Appendix Figure 18).
Under individual rewards, agents stop sharing. We also follow

the individual-reward swarms from RQ4, where each agent is re-
warded only for its own answer. Here agents move the other way:
more and more of them read their teammates’ numbers before send-
ing their own, and many eventually never send at all (Figure 6b).
This is a social dilemma, much like a public goods game44,45: every
agent would have a better chance of answering correctly if all of them
shared, but an agent’s own number only helps its teammates, so each
one is better off waiting for the others to share first. When every agent
waits, no one shares. A shared reward removes the dilemma, because
an agent gains whenever any teammate answers correctly. Decentral-
ized exploration has no such conflict, which is why individual-reward
swarms still do well there.
Communicating explorers split up the search. In decentralized

exploration, every agent sees a room’s doors listed in the same order,
so agents with similar habits tend to take the same first door. If they

all start down the same branch, they find the exit quickly only when
it lies down that branch. To test this, we sort the held-out search
trees by whether the exit lies behind the first, second, or third door
listed at the first junction, and compare success across these three
groups (Figure 6c). Swarms that cannot communicate succeed less
often when the exit is behind the second door and much less often
when it is behind the third. s3 swarms succeed at about the same
rate wherever the exit is, because agents claim different branches
and report the ones they have finished. These findings suggest that s3
trains swarms to use messages to divide the search effectively, rather
than to communicate arbitrarily (Appendix Figures 20 and 21).

7 Discussion and next steps
These experiments show that language-model swarms can learn ef-
fective communication and coordination through cooperative MARL.
The asynchronous infrastructure lets agents exchange discoveries
while their partners are still working, and the shared reward trains
those exchanges alongside task actions. In information aggregation,
swarms learn an efficient exchange that continues to work with more
agents than were used in training. Communicating swarms improve
decentralized exploration at the same population size, and smaller
swarms nearly match larger solo-trained best-of-N populations.
Our experiments are limited to two tasks, small models, and one

training run per condition, so additional runs may change some of
our findings. The analysis of the swarms’ behavior over the course of
training points to a next step: agents sometimes submit a wrong an-
swer despite having all the information, repeat a teammate’s search,
or trust an unverified report. Training agents to track what their part-
ners know and whether their reports are justified could make larger
swarms more reliable without more communication, and broader
tasks and larger models will test how far these findings extend.

The main result is that effective collaboration can be learned in the
same process as task solving. With a shared goal and infrastructure
that allows agents to act asynchronously, useful ways of exchanging
information and dividing work develop during training. Their transfer
to larger populations shows how training a small swarm can support
scaling at inference.

6 | s3: Simple Scaling of Swarms
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Figure 6. How coordination changes during training. (a) Information aggregation: swarms progress from incomplete information sharing, through repeatedbroadcasts, toward one broadcast per agent. Categories distinguish incomplete participation (at least one agent never sends) from swarms where everyonesends: with direct messages, with broadcasts only but some repeated, or with one broadcast per agent. (b) Agents that read incoming messages beforesharing their own information. (c) Decentralized exploration: success according to which branch at the first junction contains the exit. Communication-disabledagents favor the first-listed branch; communicating swarms succeed more consistently across exit locations. Bands and bars show mean ± SE across groupsof attempts on the same problem in ten-update bins (a, b) or across search trees (c).
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A Extended methods
Models and training. Information aggregation uses Qwen3-0.6B46 with thinking on and a per-agent allowance of
8,192 work tokens plus 1,024 for the final answer. Decentralized exploration uses Qwen3-1.7B with thinking on,
all reasoning retained in each agent’s history, and 8,192 work tokens plus one final token per agent. Both use 200
RL updates. Information aggregation uses 32 problems with eight four-agent teams each, for 256 teams per update;
decentralized exploration uses 16 problems with eight teams each, for 128 teams. The matched exploration solo
learner uses 32 single-agent episodes per problem, for the same 512 agent trajectories per update as an exploration
team learner. Decentralized exploration collection permits 196 teams or 784 solo episodes in flight; rollouts may
lag the trained policy by up to four updates, as in asynchronous off-policy RL for LLMs47. Information aggregation
uses learning rate 5× 10−7; decentralized exploration uses 2.5× 10−7. Appendix I lists the settings and numerical
precision.
Demonstrations for decentralized exploration. So that RL starts from a policy that uses the search tree and

message tools validly, we first fine-tune on scripted demonstrations. Four scripted explorers run depth-first search in a
depth-2 search tree (121 rooms), announce which branch they are taking at each junction, report exhausted branches,
read messages, and back out of branches a teammate reported as empty (Appendix L). The planner communicates
verified dead ends and uses only what each agent could have observed or read. The solo learner is fine-tuned on
matched demonstrations: the same search trees and random seeds, with four explorers that do not communicate.
Each fine-tuning stage runs for 50 updates. RL then uses harder depth-3 search trees. The no-communication and
individual-reward exploration controls start from the same fine-tuned team policy; separate social and solo runs start
from the base model.
Baselines. Table 1 lists the conditions. The main comparison for decentralized exploration is solo-trained best-of-N .

It sees the same problems and the same number of agent trajectories per update as the team learner, but each trajectory
is a single agent rewarded for its own success, grouped with the other 31 attempts at the same problem. At evaluation
we run N copies independently with the same per-agent allowance as the team, and count a success if any copy
reaches the exit. The no-communication control keeps the team reward but removes messaging, which separates the
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value of talking from the value of the team objective. The information aggregation control performs online supervised
fine-tuning on successful teams, a training signal related to rejection sampling, expert iteration, and recent multi-agent
self-improvement48–50. It imitates all generated actions in successful teams, including redundant messages, and gives
failed teams zero weight. Information aggregation has no no-communication or solo baseline, since no agent can
succeed alone.
Evaluation.We evaluate starting policies and final policies after 200 updates on a frozen held-out evaluation dataset

of 32 problems per task, disjoint from training (Appendix H). For each policy and team size N ∈ {1, 2, 4, 6, 8, 12, 16},
we use six evaluation seeds with one team or population attempt per problem per seed, fresh names in every episode,
and the training allowance per agent. We report the mean and standard error across the six seed means. Besides solve
rate, we report token efficiency: solve rate divided by the fraction of the team’s allowance spent, SR ·NL/T̄ , where T̄

is the mean number of tokens generated by the entire population, failures included. Training traces track reward,
success, token use, and communication over the course of training. From every episode we build the directed message
graph and measure outgoing-delivery concentration, reciprocity, and room overlap. Tests are paired, two-sided t tests
on the six seed means, and dz is the standardized paired effect. Bonferroni correction is applied within pre-specified
families that group contrasts by analysis, task, metric, team size, and comparison type; tests at different team sizes
are pointwise. Table 9 lists the main comparisons and each family’s size.

A.1 Score centering and off-policy training
Inference and training use separate engines and numerical precisions. For decentralized exploration inference, model
weights use blockwise FP8 quantization and the KV cache uses FP8 E4M3 with computed scales; activations use
BF16. Training uses BF16 forward and backward computation with FP32 optimization parameters, AdamW51 states,
and gradient reduction. Information aggregation inference uses BF16 model weights and activations, with FP32
optimization and gradient reduction during training. Furthermore, we run training and inference asynchronously with
in-flight updates47: inference continues collecting episodes while the trainer updates, with a maximum accepted lag
of four updates.
These numerical differences and the lag between collection and training cause the sampling distribution µ to

differ from the trained policy πθ. To account for this mismatch, we use IcePop40, which masks tokens with extreme
importance ratios. However, masking introduces bias that leads to compounding drift during training41. To remove
this drift from the policy-gradient signal, we apply additive score-centering (SC) correction proposed by Marek and
Ryabinin 41 .
Let sθ(a, c) = ∇θ log πθ(a | c) be the score for token action a and define the masked importance weight

wθ(a, c) = 1

[︃
0.2 ≤ πθ(a | c)

µ(a | c) ≤ 5.0

]︃
πθ(a | c)
µ(a | c) . (6)

For each generated-token context ct, let bθ(ct) = Eu∼µ(·|ct)[wθ(u, ct)sθ(u, ct)] be the sampler’s expected weighted
score. The SC corrected gradient direction is

gSCt = Ag
[︁
wθ(at, ct)sθ(at, ct)− bθ(ct)

]︁
. (7)

We estimate bθ using independent token draws ut,k ∼ µ(· | ct) with a given context ct, where K is SC’s sample-count
hyperparameter:

ˆ︁bθ(ct) = 1

K

K∑︂
k=1

wθ(ut,k, ct)sθ(ut,k, ct). (8)

We use K = 32 in the decentralized exploration experiments. The draws and their sampler log probabilities are
recorded during inference. The correction uses detached importance weights multiplying the score gradients.
Since the smaller information aggregation model is inexpensive to run, we do not use mixed precision in the inference

engine and disable SC. Algorithm 1 in Appendix C gives the shared collection and team-weighting procedure.

B Additional related work
Decentralized coordination. Decentralized partially observable Markov decision processes formalize cooperative
decision-making with separate agent observations and decentralized policies38; multi-agent reinforcement learning
studies how such policies can be learned from shared experience and rewards52. Our agents likewise act from separate
histories, but their actions include language-model tool calls and voluntary messages, and their shared policy must
also work at team sizes not seen in training.
Learned communication in multi-agent RL. Classical multi-agent RL learns communication through differentiable

channels42,43, discrete referential games53, targeted messages54, learned gates that decide when to speak55, and
rewards for influencing others56. Credit assignment under a shared reward has been studied through difference
rewards57, counterfactual baselines58, value factorization59, and centralized critics52, while independent PPO with
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a shared reward is a strong baseline60. Our agents communicate in natural language through tools, and we use
comparisons between independent team episodes as the baseline instead of estimating each agent’s contribution.
Ad hoc teamwork and generalization. Zero-shot coordination asks agents to work with partners they did not

train with61–63, and training across many environments yields cooperative norms that transfer to new partners and
problems64. We ask the analogous question across team sizes.
Designed multi-agent systems. Most LLM teams fix how agents interact. Agents debate in rounds10, play assigned

roles in a software company or a conversation11,25,26, aggregate each other’s samples in layers28, or work under an
orchestrator that spawns and merges subagents7–9. Closest in spirit, agents in Park et al. 6 claim distinct approaches
and share reproducible findings at test time. All of these use frozen models.
Parallel reasoning without training. Parallel instances of one model can attend to each other’s partial outputs

through a shared cache65 or interleave threads at the token level66, and independent sampling with voting or
verification improves steadily with the number of samples19–21.
Searching over structures. A second line keeps model weights fixed and searches over the structure itself: prompts

and edges of an agent graph33, communication topologies proposed by a graph network32, workflows found by tree
search29, agent designs written as code30, or architectures sampled from a supernet31. These methods learn which
designed structure to use, not how agents should behave inside one.
Self-improvement through prompts and harnesses. Many methods improve the instructions or harness that a

fixed model follows, through reflection67,68, prompt evolution69,70, or self-modifying agents71,72. Gains from evolved
harnesses depend onmodel size, withmid-sizedmodels benefitingmost73, and populations of self-improving agents that
can copy each other become more efficient but not more effective than independent agents at the same cost23. Putting
collaborative skill in the weights instead leaves the context for the task itself, which matters because performance
degrades as context grows74,75.
Training a central controller. Other work trains weights, but only for a controller that decides the structure. An

orchestrator is trained with RL to choose which agent acts next76 or to dispatch parallel subagents while the subagents
stay fixed5, a planner is trained inside a fixed agent pipeline77, or one model learns to fork and join its own reasoning
threads78,79. The organization is still centralized by design.
Training team weights for coordination. The closest prior approach to ours fine-tunes the model on its own

successful multi-agent trajectories. Lee et al. 50 alternate search over multi-agent workflows with supervised fine-tuning
on trajectories the model judged successful, and Subramaniam et al. 80 fine-tune separate copies of a model on debate
outputs. Our information aggregation control uses verified success as its online fine-tuning signal, with matched
collection and update opportunities (Section 5). Multi-agent RL for LLMs has trained debate34, generator, verifier and
refiner roles35, a meta-thinking agent above a reasoning agent37, agents that collaborate with a simulated human81,
and self-play in zero-sum games82. These train a small, fixed number of agents with assigned roles or turn order.
MAGRPO36 also shares a group-relative advantage across cooperating agents, but agents act in synchronous turns,
each has its own parameters, and the group is formed per turn from joint actions. Our agents share weights, act
asynchronously, decide for themselves when and to whom to speak, and are compared as whole episodes, so one
policy can be deployed at team sizes it never saw.
Avalon-M1. Concurrent work trains a 120B mixture-of-experts model (12B active) to run agent organizations with

one collective advantage22. A CEO agent designs the organization, hires up to eight specialists with roles it writes,
and can hire and fire them; we impose no structure at all, during training or deployment. Avalon studies how to run
an organization; we study how organization emerges from identical agents. Avalon agents exchange messages and
shared files and can read any teammate’s full trace, so a gain could come from one agent effectively seeing everything;
ours share information only through messages they choose to send. Avalon sums rewards over all agent trajectories
and penalizes organizations that hire fewer agents than their budget allows; we use the team’s best outcome and
weight teams equally, so the objective does not favor more agents unless they contribute. Avalon starts RL from a
model fine-tuned on GLM-5.2 traces and does not separate the contributions of fine-tuning and RL; it also notes that
it does not train a single-agent model on the same environments, and that at matched tokens a single agent with
extended thinking recovers about three fifths of its gain. We compare against a solo learner trained with the same RL
budget and report fine-tuning-only, RL-only, and ablated controls. Finally, we train with a fixed team size and test
generalization to other sizes, and we work with small open models.

C Training algorithm and controls
All G attempts at a problem share a dispatch policy version, and every member of a team receives the same reward;
we check both. Complete groups form the MG teams collected for an update. Groups with infrastructure failures are
discarded and recollected rather than scored as zero. We use ϵ = 10−8. Groups in which all teams receive the same
reward have zero advantage; they still count toward the collection budget.
s3: individual reward. Each agent’s reward is its own outcome: si ∈ {0, 1} times the same token-cost factor as
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Algorithm 1 s3: team-relative RL for decentralized LLM teams
Require: policy πθ; problems D; team size N ; attempts per problem G; problems per update M ; allowance L; cost λ
1: for each update do
2: for each of M problems x ∼ D do ▷ episodes run concurrently, subject to the in-flight limit
3: for g = 1, . . . , G do
4: Sample N distinct names from agent_1..agent_64; shuffle each agent’s partner list
5: Open a fresh message board and give each agent its observation and tools
6: Run agents asynchronously until success, all agents idle or finished, or allowances are spent
7: Compute Rg (Equation 1)
8: end for
9: Ag ← (Rg − R̄)/(σR + ϵ) ▷ Equation 2

10: Assign Ag to every generated token of every member of team g; mask all received context
11: end for
12: Average token losses within each team, then over teams (Equation 3)
13: Update θ; send weights to the inference server; rollouts may lag by up to four updates
14: end for

Equation 1. In information aggregation, si is whether agent i’s own final list is correct. In decentralized exploration, it
is whether agent i reached the exit itself; because the episode ends when anyone exits, at most one agent per team is
rewarded. Advantages are normalized over all GN = 32 agents attempting the problem. Collection, team batching,
and equal weighting of teams in the loss are unchanged, so only the credit signal differs.
Solo learner. Each episode has one agent with no messaging tools and the same per-agent allowance as a team

member. For each problem we run GN = 32 episodes and normalize advantages over them, and the loss averages
tokens within each episode, then over episodes. Per update it therefore sees the same 16 problems, 512 agent
trajectories, and per-agent token allowance as the team learner (Table 5).
s3 − communication. The team learner with messaging tools and messaging text removed from the prompt. Agents

still form a team, receive the team reward, and share one advantage.
s3: online SFT. The information aggregation control trains on the generated tokens of successful teams sampled

from its current policy. Its successful-team cross-entropy loss is

LSFT = − 1

|B|
∑︂
g∈B

1[team g succeeds]

· 1

|Tg|
∑︂
t∈Tg

log πθ(at | ct).
(9)

This is related to REINFORCE83 with a binary success weight and no baseline. Failed teams have zero loss weight and
count toward the collection budget. It uses no group-relative advantage, importance ratio, trust region, or KL term.
Nothing is replayed or refilled, and an update with no successful team skips the optimizer step but still counts toward
the collection budget.

D Design choices in the team objective
One normalization per team. Treating the members of one team as independent samples would count one outcome
N times and compare teammates with each other, although they share the same reward.
Equal weight per team. The loss averages tokens within a team and then averages teams, so teams that generate

more tokens, because they talk more or think longer, do not dominate the update.
The same credit for every action. Messages, reads, moves, and private reasoning all receive the team’s advantage.

We do not estimate each agent’s contribution, as difference rewards or counterfactual baselines do57,58. Comparing
independent teams on the same problem serves as the baseline instead.
Training targets. Only tokens an agent sampled are trained. Tool results, notifications, and messages received from

teammates are in the agent’s context but masked from the loss, so an agent is never trained to reproduce what another
agent wrote. The exact sampled tokens and their sampling log probabilities are kept across tool calls and interruptions,
so the importance ratio in Equation 3 compares the trained policy with the exact distribution that produced each
token.

E Why coordination becomes harder with team size
Equation 4 treats transfers as independent, but three further effects grow with N . Each agent receives N − 1 messages,
and broadcasts from all agents produce N(N − 1) deliveries, so contexts grow while each agent’s allowance is fixed.
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An agent’s inbox can be in 2N−1 states depending on which teammates have reported, so a policy must apply a rule
that depends on N , such as waiting until it has heard from N − 1 distinct senders, rather than memorize what to
do in each state. Finally, with a shared reward, one agent’s actions account for a smaller share of the outcome as N
grows, so its training signal becomes noisier. None of these affect independent search, where each agent’s behavior
can ignore team size.

F Harness: tools, asynchrony, and episode phases

Table 2. Tools available to each agent. Descriptions are shown to the model as tool schemas.
Tool Description given to the model
message(to, text) “Send plans, questions, tentative ideas, dead ends, or checked results to one available teammateor all available teammates. Label uncertainty and verification status. Delivery is immediate.Sending does not read incoming messages or wait for replies; use read_messages when notified.”

to is a teammate’s name or all.
read_messages() “Read explicitly received unread peer messages.” Returns up to 16 unread messages with theirsenders.
check_notifications() “Check unread message counts by sender without reading messages.” The harness also pushesthis tool’s output on every arrival.
move(room) (decentralized exploration) “Walk through a door of your current room into the named adjacent room. Returns what you seethere. Your position is private: moving never moves a teammate.”
look() (decentralized exploration) “Describe your current room again without moving.”

Generation and notifications. Each agent generates until it emits a complete tool call, ends its response, or spends its
allowance. Generation is requested from the inference server in pieces of at most 1,024 tokens, and an agent’s response
may continue across pieces up to its remaining allowance. The response length is not otherwise limited. Messages
arrive asynchronously at any time. If the recipient is generating, the arrival is recorded immediately and its notification
is incorporated after the current request finishes: the sampled prefix is kept unchanged, a notification is appended as a
tool output, and the agent continues. An idle recipient is woken by the arrival; there are no synchronized notification
rounds. A partial tool call is not executed, and a partial final answer is not graded. A notification looks like

{"unread_by_sender": {"agent_17": 1}, "notice": "You have 1 unread message from agent_17.\nUse
read_messages to read them; this notification does not mark messages as read."}

A notification is sent only when the unread counts change, and never includes message contents.
Idleness and termination. An agent that ends a response without a tool call becomes idle. It spends no tokens and

resumes when a new message arrives. In decentralized exploration, the episode ends as soon as any agent reaches
the exit. In information aggregation, an agent can end its own work at any time by replying with a final answer that
begins with ####. Its work phase also ends when its work allowance is spent or its context is full, or when every agent
is idle or finished. Each agent that has not answered is then asked once for its final answer, with its own reserved
allowance of 1,024 tokens: “Submit the sorted list of all four agents’ numbers now. Reply with one line: #### followed
by a JSON array of four integers in ascending order, retaining duplicates. The messaging phase has ended.” The fixed-team
runs reported here never add reminders or prompts to keep working.
Messaging service. Messages go through a message board shared only by the members of one episode. Each team

attempt has its own board, so attempts at the same problem cannot see each other. A broadcast is delivered to every
teammate.
Sampling. Each agent has its own random stream, so the order in which the server answers requests does not

change which tokens a given agent samples.

G Prompts
Prompts are identical across learners and evaluation conditions, except that messaging text and tools are removed
when communication is off. Names, teammate lists, numbers, and room names below are filled in per episode.
Information aggregation. The system prompt has five parts. The first states the task:

“You are in a team solving a private-information number sorting task. Each of four agents receives one English-written number.
You initially know only your own number. Share your actual assignment, explicitly read partners’ messages, and associate each
received number with its sender so repeated messages do not create duplicates. Collect one number per agent and sort by numeric
value, retaining equal values from different agents. Every agent can submit the full list. The team earns reward if at least one final
answer is correct; there is no message-count reward. Successful rewards are reduced by at most 0.25, in proportion to the tokens
all agents generated divided by the team’s total generation allowance. Failures pay no token cost, and a correct answer always
earns more than a failure.”
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The last two sentences appear only when the token cost is on, as in all runs reported here; without it, the sentence
reads “there is no message-count or length reward.” The second part is general guidance on communication:

“Agents work toward the same team objective; no specialist roles are assigned by the harness. A task may give you private
information that partners do not know. Work independently when useful. Communicate when you have information, checked
evidence, a counterexample, a correction, or a specific question that may change a teammate’s next step. Distinguish verified facts
from guesses. Read replies explicitly; sending does not read messages. Teammate names are recipients of message, never function
names. Use one recipient or all. Do not count repeated claims as independent verification. If evidence conflicts, compare the
underlying reasoning. [. . . ] Submit your own checked answer when asked. Examples are hypothetical and contain no evidence
about the current problem.”

The third part states the shared reward: “All participating agents share the same reward if at least one agent active at the
end submits a correct answer. [. . . ] There is no individual-correctness bonus.” The fourth gives the agent’s name and its
teammates in shuffled order. The fifth shows two example tool calls: a broadcast (“My private number is forty-two
(42). Please share your own assignment.”) and a call to read_messages. The first user turn is

“Solve this problem with your team: Four agents each have one private number, written in English. Find all four assigned numbers
through communication and return their numeric values in ascending order. Include duplicates once per owning agent. You know
only your own assignment; other agents do not know it unless you tell them. Final format: #### followed by a JSON array of
four integers. Your private number: seventy-three.”

Decentralized exploration. The system prompt begins with the shared collaboration prompt:

“You are a decentralized team working together to solve the SAME complete task as efficiently as possible. Everyone has the
full task and a private reasoning history. The task tools specify which artifacts or environment state, if any, are shared. There
is no leader or assigned specialist. Any member’s success solves the task for the team; optimization follows the task’s stated
candidate-selection and scoring rule. Choose whether communication will help this task. You may work independently, start
useful task work immediately, or propose collaboration through message when it is useful. No opening message, role assignment,
negotiation, or consensus is required. Invite complementary approaches, and tell partners which part you are investigating so they
can avoid duplicating it. [. . . ] Share partial observations, tentative hypotheses, promising directions, counterexample candidates,
failed attempts and dead ends, clearly distinguishing guesses from checked facts. [. . . ] Keep messages concise and avoid repeating
identical updates, but do not treat uncertainty as a reason to stay silent. Ordinary assistant prose is private: only calling message
sends information. This protocol applies unchanged across tasks.”

It is followed by the task rules:

“You are exploring a maze of rooms connected by doors to find the exit. Use native tools: move(room) walks through a door of
your current room into the named adjacent room and shows what you see there; look() describes your current room again. Only
the doors listed for your current room are reachable in one move; to go back, move to the room you arrived from. Every teammate
has the same layout and starts in the same room, but each agent has its own private position. A room whose only door leads back
is a dead end. Room names carry no information about where the exit is. Keep track of the rooms you have visited and the doors
you have not tried yet, so you do not repeat paths. Reaching the exit solves the task for the whole team and ends the episode.
There is no limit on moves or messages; only your token allowance limits how much you explore, so keep each step short. If you
end a response without a tool call, you wait until a partner sends you a message.”

Then come the agent’s name, its teammates, and “Your generation allowance is 8192 tokens; your context window
is 32768 tokens, including observations.” Without communication, the collaboration prompt and teammate list are
replaced by “You explore independently. No messaging or shared notes are available.” The first user turn gives the task
and the initial observation of the start room.
Harness rules (both tasks). Communicating agents receive the notification rules: “While you are working, we will

immediately notify you whenever another agent sends you a message, interrupting your current generation if needed.
Notifications show unread-message counts by sender. If you have no unread-message notification, there is no need to check
your inbox. Use read_messages when notified; do not repeatedly poll an empty inbox. You can continue reasoning or
doing useful work while waiting for a notification.” All agents receive the rules for idleness: “A complete tool call runs
immediately and you receive its result. [. . . ] If you end a response without a tool call or final answer, you become idle: no
tokens are spent while waiting, and a new peer message wakes you. If everyone is idle or finished, you will be asked for
your final answer once. Do not repeat statements merely to keep yourself active.”

H Task generation and data
Information aggregation. Each problem lists private integers drawn uniformly from 1 to 99. Training problems have
four numbers, one per agent. Development and evaluation problems have sixteen, of which the first N are used, so the
same problem can be evaluated at every team size. Numbers are shown to agents as English words. Final answers are
graded by exact match against the sorted list of the participants’ numbers.
Decentralized exploration. Search trees are generated level by level. From each junction, b doors lead into corridors

of c rooms, and the last room of each corridor is the next junction; after d levels, the corridor ends are dead ends,
and one of them is chosen uniformly as the exit. Room labels are random numbers with a fixed number of digits.
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Each room’s door order is shuffled once, when the search tree is generated, and is then identical for every agent and
every visit. We do not randomize door order per agent, since that would give the team diverse exploration for free. An
observation is a JSON object with the current room, its doors, whether it is the exit, the room the agent arrived from,
and a notice for dead ends, for example

{"room": "R4821",
"doors": ["R1937", "R7550", "R3104", "R6612"],
"exit": false, "arrived_from": "R1937"}

A search tree episode succeeds only when an agent’s move reaches the exit; claims in text are never graded.

Table 3. Exploration task settings. All search trees have branching b = 3, corridor length c = 10, and no loops.
SFT on demonstrations RL and evaluation

Depth d 2 3Rooms 121 391Dead ends (exit candidates) 9 27Moves on the shortest path 20 30Moves for a full depth-first search 240 780Training / development / evaluation search trees 1,024 / 32 / 32 1,024 / 32 / 32

Splits. Training, development, and held-out evaluation sets are generated from different seeds and fixed before any
training. Development sets are used to monitor training. The prespecified checkpoint and final evaluations use the
fixed evaluation sets; evaluation outcomes are not used to choose settings.

I Training details and budget matching

Table 4. Training settings.
Setting Information aggregation Decentralized exploration
Model Qwen3-0.6B, thinking on Qwen3-1.7B, thinking on, all reasoning retainedInitial policy Base model 50 SFT updates on demonstrations (Appendix L)RL updates 200 200Teams per update 256 (32 problems × 8 attempts) 128 (16 problems × 8 attempts)Team size in training 4 4Per-agent allowance 8,192 work + 1,024 final 8,192 (+1 unused final token)Generation request size 1,024 tokens 1,024 tokensContext length 40,960 32,768Sampling temperature 1.0, no top-p/top-k temperature 1.0, no top-p/top-kToken cost λ 0.25 0.25Concurrent episodes 256 196 teams / 784 solo episodesMaximum policy lag 4 updates 4 updatesOptimizer AdamW, β = (0.9, 0.999), ϵ = 10−8 sameLearning rate 5× 10−7, constant, no warm-up 2.5× 10−7, constantWeight decay / gradient clipping 0 / norm 1.0 samePolicy-gradient correction Probability mask and KL penalty IcePop and MC32 score centeringScore-centering samples K — 32 per generated-token contextPrecision BF16 inference, FP32 optimizer and gradient re-duction FP8 weights and KV cache, BF16 activations; FP32optimizer and reductionCheckpoints every update; retain evaluation checkpoints sameGPUs per run 2 trainer + 2 inference 2 trainer + 6 inference

Table 5. What each learner sees per update in decentralized exploration. Allowances are per agent.
Learner Problems Episodes Trajectories Adv. group Loss unit
s3 16 128 teams of 4 512 8 teams teams3 − communication 16 128 teams of 4 512 8 teams teams3: individual reward 16 128 teams of 4 512 32 agents teamSolo learner 16 512 single agents 512 32 agents agent

Asynchronous training. Rollouts and training run at the same time. The inference server keeps generating new
episodes while the trainer updates, and new weights are loaded as they become available. For decentralized exploration
the maximum accepted policy lag is four updates; stale rollouts are discarded. The in-flight limits of 196 teams and
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Figure 8. Decentralized exploration training with SFT. Swarm learners appear above and solo learners below. Columns show reward, success, andtoken efficiency; higher is better. Each panel uses its own vertical range to show learning within the condition. Success is per swarm for swarmlearners and per single-agent episode for solo learners. Dashed curves show individual updates; solid curves show trailing five-update means.
784 solo episodes are queue bounds, not batch sizes: each team update uses 128 teams and each matched solo update
uses 512 single-agent episodes. Generation uses chunks of up to 1,024 tokens, with message notifications delivered as
tool results. Decentralized exploration training uses two H200 GPUs for training and six for inference. The social and
solo runs fine-tuned on demonstrations use one trainer and seven inference GPUs for their first six and five optimizer
updates, respectively.

I.1 Training trajectories and communication
Table 6 reports reward, success, and token efficiency at the start and end of training for every learner. Figure 10
separates direct messages from broadcasts. In information aggregation, s3 initially sends repeated broadcasts, then
falls to 4.19 broadcasts and 0.03 direct messages per team over updates 181–200, close to one broadcast per agent.
A broadcast counts as one message call, irrespective of the number of recipients; solo and communication-disabled
learners send no messages.
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Reward Success (%) EfficiencyLearner Start End Start End ∆ (pp) Start End

Sortings3 (Ours) 0.027± 0.005 0.926± 0.002 3.0± 0.5 93.3± 0.3 +90.3 0.09± 0.02 29.61± 1.83s3: individual reward 0.007± 0.001 0.018± 0.001 3.1± 0.2 8.5± 0.5 +5.4 0.09± 0.01 0.11± 0.01s3: online SFT 0.025± 0.003 0.262± 0.012 2.8± 0.3 28.7± 1.3 +25.9 0.08± 0.01 0.82± 0.05

Mazess3 (Ours) 0.745± 0.009 0.793± 0.005 84.0± 0.9 89.4± 0.5 +5.4 1.60± 0.04 1.78± 0.02s3 − communication 0.643± 0.004 0.694± 0.017 70.9± 0.5 75.8± 1.8 +4.9 1.34± 0.02 1.59± 0.08s3: individual reward 0.187± 0.001 0.198± 0.001 84.6± 0.4 89.3± 0.5 +4.7 1.62± 0.03 1.82± 0.02s3 − SFT 0.051± 0.003 0.141± 0.016 5.7± 0.3 17.1± 2.0 +11.4 0.11± 0.01 0.27± 0.03Solo (SFT+RL) 0.318± 0.013 0.342± 0.003 36.0± 1.5 38.7± 0.3 +2.7 0.46± 0.02 0.50± 0.01Solo RL (no SFT) 0.041± 0.004 0.066± 0.008 4.6± 0.4 7.4± 0.9 +2.8 0.08± 0.01 0.10± 0.01

Table 6. Training metrics at the start and end of training for every learner. Start and end are means over epochs 1–20 and 181–200. Values aremean ± SE over four consecutive five-update block means within each window; these SEs describe variation within one training trajectory. ∆ isthe change in success rate in percentage points. Higher is better for all three metrics. Reward uses each condition’s reward signal; efficiency issolve rate divided by the mean fraction of the token allowance consumed.

J RL gains and the main comparisons
Table 7 isolates the change produced by training from each learner’s actual starting policy. The starting checkpoint is
the corresponding SFT policy or base model, evaluated on the same held-out evaluation problems as the final policy.
Each value averages 32 problems within seed and then reports mean ± SE across six seeds.
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Figure 10. Training communication in information aggregation (top) and decentralized exploration (bottom): mean direct-message calls per team(left) and broadcasts per team (right). In information aggregation, the horizontal dashed line marks four broadcasts per team, one per agent; s3

approaches this symmetric protocol as direct messages disappear. Light dashed curves show individual updates; solid curves show trailingfive-update averages. Learner names follow Table 1.
Table 7. Starting versus final policy at N = 4, evaluated on the same 32 held-out evaluation problems and six seeds. Means ± SE across seedmeans; gain uses paired seed differences. Starting policies are the corresponding SFT checkpoints or initial base models.
Learner Start success (%) Final success (%) Gain (pp)
Exploration: s3 (Ours) 84.9± 1.9 89.6± 1.5 4.7± 1.3Exploration: Solo (SFT+RL) 81.8± 1.9 80.2± 2.1 −1.6± 1.3Exploration: s3 − communication 69.8± 2.6 70.3± 2.4 0.5± 2.0Exploration: s3: individual reward 84.9± 1.9 90.6± 1.4 5.7± 2.0Exploration: s3 − SFT 2.6± 1.3 13.5± 1.0 10.9± 0.7Exploration: Solo RL (no SFT) 12.0± 1.0 15.1± 1.3 3.1± 1.1Aggregation: s3 (Ours) 1.6± 1.1 93.2± 2.0 91.7± 1.9Aggregation: s3: individual reward 1.6± 1.1 12.5± 1.8 10.9± 2.4Aggregation: s3: online SFT 1.6± 1.1 34.9± 3.2 33.3± 2.8

Figure 13 and Table 8 show where the social team improves on matched solo-trained best-of-N . The team fine-tuned
on demonstrations is paired with the solo learner fine-tuned on matched demonstrations, and the team trained
without SFT with the solo learner trained without SFT. Positive differences favor the team. The largest decentralized
exploration success-rate gains occur at four and six agents, before independent search reaches its success ceiling.

Table 8. Paired decentralized exploration comparisons against solo-trained best-of-N : s3 versus Solo (SFT+RL), and s3 − SFT versus Solo RL(no SFT). Means ± SE of six within-seed success differences and efficiency differences. Positive differences favor the team.
Team learner N Success gain (pp) Efficiency gain
s3 (Ours) 1 −8.3± 1.9 −0.13± 0.03s3 (Ours) 2 4.7± 3.2 −0.00± 0.08s3 (Ours) 4 9.4± 3.1 0.09± 0.17s3 (Ours) 6 7.3± 1.7 0.00± 0.22s3 (Ours) 8 0.5± 1.9 −0.60± 0.35s3 (Ours) 12 −1.6± 0.7 −0.67± 0.25s3 (Ours) 16 0.0± 0.0 −0.78± 0.47s3 − SFT 1 −1.0± 2.1 0.00± 0.03s3 − SFT 2 1.0± 0.7 −0.00± 0.01s3 − SFT 4 −1.6± 1.3 −0.03± 0.02s3 − SFT 6 −2.1± 1.0 −0.04± 0.01s3 − SFT 8 −2.6± 1.9 −0.05± 0.02s3 − SFT 12 −3.1± 1.6 −0.05± 0.02s3 − SFT 16 −3.1± 1.6 −0.05± 0.02
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Figure 11. Held-out evaluation across swarm sizes: information aggregation above, decentralized exploration below. All swarm policies weretrained with four agents (dashed line); solo policies were trained one agent at a time. Other sizes test generalization without retraining. Columnsshow success, token efficiency, and total generated tokens per episode, failures included. Token efficiency is solve rate divided by the meanfraction of the population’s token allowance used. Higher success and efficiency are better; lower token use is cheaper. Points and bars showmean ± SE across six evaluation seeds. Learner names follow Table 1; Appendix Table 7 compares starting and final policies.
J.1 Tests for the main comparisons
Tests are two-sided paired t tests on six evaluation seed means, with five degrees of freedom. Cohen’s dz standardizes
the paired difference. Bonferroni families separate training-size comparisons, scaling comparisons, ablations, and
communication analyses, and are further divided by task, metric, team size, and comparison type. Between-learner
contrasts, starting-versus-final contrasts, and within-learner scaling contrasts form separate families. Tests at different
team sizes are pointwise. For the main decentralized exploration success comparisons, the family contains two
social-versus-solo contrasts (with and without SFT); the decentralized exploration ablation family contains three
contrasts. Table 9 focuses on the main comparisons. Its before/after columns indicate significance at 0.05 before and
after correction, with the family size in parentheses. All contrasts in a family count toward its correction, including
those omitted from the table.
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Figure 13. Paired decentralized exploration success gains (left, percentage points) and token-efficiency gains (right) over solo-trainedbest-of-N . s3 is compared with Solo (SFT+RL), and s3 − SFT with Solo RL (no SFT). Positive values favor the team. Points and bars are means
± SE of six paired seed differences. Table 8 gives these main comparisons.
Table 9. Main comparisons (expl.: decentralized exploration; agg.: information aggregation; train: training-size comparison; scale:larger-population comparison; abl.: ablation; comm.: communication analysis) using two-sided paired t tests on six seed means. Before and afterindicate significance at 0.05 before and after Bonferroni correction; parentheses give the family size. Families group contrasts within the sameanalysis family, task, metric, team size, and comparison type. Tests at different team sizes are pointwise. Effects are first minus second; successdifferences are percentage points. Cohen’s dz standardizes the paired difference.
Family / task Contrast N Metric Effect ± SE dz Before After
Train / expl. s3 vs. Solo (SFT+RL) 4 Success 9.38 ± 3.13 1.22 Yes No (2)Train / expl. s3 vs. Solo (SFT+RL) 4 Efficiency 0.09 ± 0.17 0.23 No No (2)Scale / expl. s3 vs. Solo (SFT+RL) 6 Success 7.29 ± 1.74 1.71 Yes Yes (2)Scale / expl. s3 vs. Solo (SFT+RL) 6 Efficiency 0.00 ± 0.22 0.00 No No (2)Train / expl. s3 − SFT vs. Solo RL (no SFT) 4 Success −1.56 ± 1.34 -0.48 No No (2)Abl. / expl. s3 vs. s3: individual reward 4 Success −1.04 ± 1.55 -0.28 No No (3)Abl. / expl. s3 vs. s3 − communication 4 Success 19.27 ± 3.56 2.21 Yes Yes (3)Abl. / expl. s3: individual reward vs. Solo (SFT+RL) 4 Success 10.42 ± 1.92 2.21 Yes Yes (3)Abl. / agg. s3 vs. s3: individual reward 4 Success 80.73 ± 2.96 11.15 Yes Yes (2)Abl. / agg. s3 vs. s3: individual reward 4 Efficiency 41.39 ± 1.11 15.24 Yes Yes (2)Abl. / agg. s3 vs. s3: online SFT 4 Success 58.33 ± 4.17 5.72 Yes Yes (2)Abl. / agg. s3 vs. s3: online SFT 4 Efficiency 40.52 ± 1.14 14.53 Yes Yes (2)Comm. / expl. s3 vs. s3 − communication 4 Overlap −0.19 ± 0.01 -10.01 Yes Yes (3)Comm. / agg. s3 vs. s3: online SFT 4 Reciprocity 0.46 ± 0.01 27.41 Yes Yes (2)Scale / agg. s3 vs. s3: individual reward 6 Success 84.90 ± 1.25 27.63 Yes Yes (2)Scale / agg. s3 vs. s3: online SFT 6 Success 79.69 ± 2.25 14.48 Yes Yes (2)Scale / agg. s3 vs. s3: individual reward 8 Success 54.69 ± 3.59 6.23 Yes Yes (2)Scale / agg. s3 vs. s3: online SFT 8 Success 52.60 ± 3.37 6.38 Yes Yes (2)Scale / agg. s3 vs. s3: individual reward 12 Success 17.71 ± 2.23 3.24 Yes Yes (2)Scale / agg. s3 vs. s3: online SFT 12 Success 17.71 ± 2.23 3.24 Yes Yes (2)
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K Analysis of training trajectories
K.1 Data and method
Sources. Information aggregation: the per-update team logs of every training team (about 51,000 teams per learner,
155k in total, 1.07M messages), and the full agent traces, with reasoning, at updates 5, 100 and 195 (about 1,000
agents per learner and update). Decentralized exploration: the index of all 531k training episodes for outcomes, and
a 20% sample of the event logs (54k teams) for behavior; the sample’s success rates match the full index within 2
points per learner. In decentralized exploration, an episode’s update is assigned from its agents’ traces.
Names. Names follow Table 1. s3 uses shared team reward with communication. Its ablations are s3: individual

reward (communicating agents rewarded for their own success), s3: online SFT (imitation of successful communicating
swarms), s3 − communication (shared reward without messaging), and s3 − SFT (swarm RL from the base model).
Solo (SFT+RL) and Solo RL (no SFT) train independent agents, evaluated as best-of-N . In the trajectory figures, the
short labels Individual reward, Online SFT, No communication, and Team RL (no SFT) refer to these same ablations,
respectively.
Error bars. Bands and bars average each GRPO group (one problem, one policy version) first and then report mean
± SE across groups, in 10-update bins.
Within-group associations. To relate a team feature to success, we demean success and the feature within each

GRPO group (8 information aggregation teams on the same problem at the same policy version) and regress one
on the other (linear probability). Slopes are reported in percentage points of success per standard deviation of the
feature, with standard errors clustered by group. The 20% search tree sample has about 1.4 teams per group, so
decentralized exploration comparisons use the same search tree and 10-update bin instead. Decentralized exploration
teams stop when an agent exits, so search tree message counts are divided by the team’s moves, and message content
is measured as shares of messages.
Communication structure (information aggregation). Each team falls into one class: at least one agent never sends

a message; all agents send and at least one message is direct; all agents only broadcast and some agent broadcasts
more than once; or every agent sends exactly one broadcast. Message content is classified by rules that parse English
and numeric numbers in the message text and compare them with the team’s private numbers.
Reasoning. A turn ends when the agent emits a tool call or ends its response, or when a 1,024-token generation

request ends with a teammate’s notification pending (Appendix F). We call the last case an interruption. Thought
themes are regular expressions over each turn’s reasoning text.

K.2 Information aggregation
Graphs. Figure 14 shows the average graph. All learners start from the same pattern: the most active agent sends
about 0.7 direct messages to each teammate, and the least active agent sends nothing in 55% of teams. Under s3,
broadcasts take over, and by updates 181–200 each agent broadcasts about once and the inequality of sending across
agents (Gini) falls from 0.30 to 0.04. Under individual reward the graph becomes lopsided: the most active agent sends
3.3 direct messages per team, mostly to the two least active agents, which send nothing in 39% and 85% of teams,
and the Gini rises to 0.45. Online SFT on successes stays mostly direct, with broadcasts rising to 47% of messages.
Timing. Under s3, messages sent on the sender’s first turn dip from 50% to 33% around update 100 and then reach

95%; agents that read before their first send fall from 20% to 0.4%; the median time from send to read falls from 17 s
to 5 s; and turns per agent peak at 10.6 during the repeated-broadcast phase before falling to 3.3 (Figure 15). Under
individual reward, agents that read first rise to 48%, first-turn messages fall to 28%, and the median time from send
to read peaks at 69 s near update 135, as messages wait for agents that are themselves waiting.

Table 10. Information aggregation success by communication structure, relative to conversational teams in the same GRPO group (percentagepoints, SE clustered by group). The last column gives each structure’s share of s3 teams in updates 101–200.
s3

Structure 1–100 101–200 Share
An agent never messages −12.9± 0.5 −25.9± 1.3 8%Conversation (reference) 0 0 18%Repeated broadcasts +24.7± 2.0 +4.4± 0.7 26%One broadcast each +30.0± 3.2 +6.9± 0.7 48%

Structure and success. Figure 16 shows the structure shares for all learners and Table 10 their within-group success.
Individual reward and online SFT keep the starting mix. In the few teams where they produce a broadcast structure, it
also succeeds more often: repeated-broadcast teams under individual reward succeed 74± 11 points more often than
conversational teams in the same group over updates 101–200, and one-broadcast teams under online SFT 58± 5

points more often.
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Table 11. Message content (share of messages) and failure causes (share of failed teams, first matching cause). “Own number stated asrecipient’s” copies the agent’s own prompt line (“Your private number is X.”) into a message.
Updates 1–20 s3, 101–200 s3: individualreward,101–200

s3: online SFT,101–200
Message contentOwn number (“My private number is forty-two.”) 71% 90% 64% 74%Request only (“What is your private number?”) 21% 3% 26% 16%Own number stated as recipient’s 4% 1% 6% 3.5%Misstated own number 1.6% 1.2% 1.7% 1.9%
Failure causeA number withheld: an agent never messaged 53% 13% 74% 38%A number withheld: the agent only asked for others’ 17% 1.5% 9% 15%A number withheld: misstated or garbled 8% 2% 6% 9%Sent but never read 10% 0.3% 1.4% 8%Had all numbers, answer contains a wrong number 6% 71% 6% 22%Had all numbers, number dropped or duplicated, or list unsorted 3% 12% 1.5% 4.5%

Language. Under s3, messages lengthen from 56 to 74 characters during the repeated-broadcast phase, when
they carry a number and a request (“My private number is X. Please share your own assignment.”), and shrink to
41 characters at the end; the five most common templates cover 29% of messages at the start and 95% at the end
(Figure 17). The example message in the prompt (Appendix G) leaves traces: “Please share your own assignment”
appears in 23% of late s3 messages, and “forty-two” accounts for 25% of misstated numbers across learners, against
4% for the next most common value.
Content and failures. Table 11 classifies messages and failed teams. Early failures are failures to deliver information,

mostly because an agent never sends. s3 removes these, and its remaining failures are transcription errors by agents
that had every number. Under individual reward, three quarters of failures have an agent that never messaged.
What goes with success. Figure 18 reports within-group associations. The share of teammate numbers that are

sent and read is the strongest (+12.7, +14.5 and +20.6 points per SD under s3, individual reward and online SFT).
Reading before the first send goes with lower success under every learner (−7.6, −4.2, −4.4), including among teams
in which some agent had every number. Asking for a number without giving one’s own goes with lower success (−3.0,
−7.3, −9.3), and so do direct replies, a direct message answered by one in the other direction (−1.6, −0.5, −2.7).
Some associations change sign with the protocol: longer messages and relaying a teammate’s number go with lower
success under s3 (−2.2 and −2.1), whose converged message is short, and with higher success under individual reward
(+4.4, +3.3) and online SFT (+4.9, +4.0), where a longer message usually carries more numbers. Under s3, a wrong
or garbled number goes with −7.3 points.
Silence pays the silent agent. Within a group over updates 151–200 of individual reward, an agent that never

sends is correct 5.6% of the time, against 1.8% for agents that send (+4.3± 0.2 points within group), while its team
succeeds 6.1± 0.2 points less often. The same pattern holds at updates 1–50 for every learner (+2.4 to +3.2 points for
the agent, −3.5 to −4.2 for the team). Under the team reward, only the team’s loss counts.
Why agents never message. At update 5, the median first thought runs 700–880 words, about one generation

request, and 37–42% of agents whose first turn is interrupted by a teammate’s notification never message, against
11–13% of the others. At update 195 under individual reward the gap is 54% against 16% (Figure 19). An interrupted
agent reads the message, and its later turns concern the inbox: never-messaging agents at update 195 take 6.9 turns
on average, 63% ending in a tool call, mostly reads and the final answer. Their thoughts plan to send their own
number in 47% of turns (82% for agents that message, before their first send), mention reward or credit in 1%, and
believe they have already sent their number in 1%. Their final answers fill missing numbers with guesses. Under s3,
the median first thought falls to 65 words by update 195, and every agent sends before a notification can arrive.
Problem features. Information aggregation problems differ only in their numbers. Over updates 101–200, s3

succeeds on 86% of problems with a repeated number and 89–90% of the rest, regardless of the smallest gap between
numbers, and sends 5.7–5.9 messages per team in every gap range. Under individual reward, agents holding the
smallest to the largest number send 1.85–1.89 messages each.

K.3 Decentralized exploration
Which search trees need messages. All training search trees have the same shape, so they differ only in the order in
which doors are listed. Figure 20 relates success to that order. Without communication, success falls from 95% to 53%
across quintiles of the moves a lone depth-first agent needs (median 70 to 710 moves), and the gain from messages
rises from −6 to +34 points. The per-search tree gain correlates 0.67 with the exit’s door position at the first fork,
−0.05 and 0.05 at the second and third forks, and 0.63 with the depth-first cost; gains measured on updates 101–150
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and 151–200 correlate 0.46 across search trees. Communicating teams and solo-trained best-of-four stay within 4 and
5 points across search trees: both spread over the first fork’s doors, the teams through claims and the independent
agents through sampling (36%, 32% and 32% of first moves). Without communication, success on search trees with
the exit behind the third door rises only from 45% to 52% over training. Trained from the base model, teams take the
first door on 99.9% of first moves and solve 28% of first-door search trees against 0.3% of third-door search trees.
Communication over training. Teams fine-tuned on demonstrations keep the demonstrations’ two message

templates, a claim (“I’m checking the branch from R9639 through R4496.”) and a report (“Branch from R4496
through R1509 is exhausted; no exit.. . . ”), and stay constant on every measure in Figure 21. Every agent’s first action
is a claim, 99.9% of messages are broadcasts, and 98% are read. Because all four agents claim before reading, 40%
of the first four claims duplicate a teammate’s; later claims duplicate 14% of the time. After reading a teammate’s
claim at the same fork, agents choose a different door 58% of the time. Trained from the base model, teams with no
messages fall from 84% to 59%, messages per 100 moves rise from 1.5 to 9.8, the rate of the fine-tuned teams, and
messages shorten from 97 to 74 characters, in free text outside the claim and report templates. Early base-model
messages are often fabricated (“The exit is in R. . . . All doors have been checked”); late ones ask for help (“Let’s work
together to find the exit.”).
What changes during decentralized exploration RL. Fine-tuned s3 teams improve from 83% success in updates

1–20 to 89% in updates 101–200 (all training episodes). Within the same search tree, from updates 1–50 to 151–200
in the 20% sample, success rises 2.6 ± 2.0 points, moves per team fall by 22 ± 17 (469 to 457), tokens per team
by 835 ± 623, the share of teams in which some agent read a false “exhausted” report falls from 12.0% to 10.0%
(−2.2± 1.9 points), and duplicate claims stay at 16–17% of claims. Individual-reward teams do not improve over the
same updates (−0.7± 2.2 points within search tree).
Reports. The sender of a claim enters the claimed branch 98% of the time. Reports sent after the sender visited

every room of the branch (82% of forward reports, 122k reports) are never false. When the sender saw at most half
of the branch, the reported branch contains the exit 13% of the time, and 65% of these false reports still state that
the sender checked every onward door. In 32% of failed s3 teams some agent had read a false report about the exit’s
branch, and teams with such a report succeed 61% of the time against 89% without. Without communication, 44% of
failed teams stop short of 30% of the exit path, against 5.5–8% with messages.
What goes with success. Within the same search tree and 10-update bin (Figure 22), duplicate claims go with
−10.4 and −10.9 points per SD under s3 and individual reward, unequal sending across agents with −5.4, and the
share of messages read with +2.9 and +7.5. A higher share of claims and a lower share of reports go with success
(+7.6 and +9.0), partly because reports accumulate as a search exhausts dead ends. For teams trained from the base
model, the message rate and the number of agents that send have associations within ±1 point of zero.

L Exploration demonstrations
Scripted explorers. The demonstrations are generated by a script, not by a model. Four scripted explorers act in
a random, non-synchronized order on the real exploration environment, and messages pass through a simulated
mailbox with the same format as training. Each explorer runs depth-first search over its own observations. Its state is
built only from its own observations and the text of messages it has read; it never sees the search tree layout. At a
junction, it announces the branch it will take and prefers branches no teammate has claimed:

“I’m checking the branch from R1203 through R4410.”

After every door below a branch has been checked, it reports the branch, stating whether the conclusion rests on its
own search alone or also on teammates’ reports:

“Branch from R1203 through R4410 is exhausted; no exit. I followed it and checked every onward door before backtracking.”

It reads whenever it has unread messages, skips branches teammates have reported as exhausted, and backs out of
a branch if a teammate reports it exhausted while it is inside, explaining why in a short reasoning line (“agent_9
reported R1203 through R4410 exhausted. I am inside that branch; backtrack toward its entry.”). Every message
is a broadcast. The independent explorers used for the solo learner’s demonstrations run the same search with no
messages.
Data.We generate demonstrations on depth-2 training search trees and keep an episode only if the team reached the

exit, every agent’s supervised tokens fit within the 8,193-token allowance, and every history fits in the 32,768-token
context. We keep 512 training and 16 validation episodes. Each agent’s private history becomes one training example
rendered in the Qwen3 chat format with thinking on, and only the agent’s own actions and reasoning lines are
supervised. The solo data use the same 512 search trees and the same random seeds, with four independent explorers
per search tree.
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Fine-tuning. Each fine-tuning stage runs for 50 updates, each on 8 sequences of up to 32,768 tokens packed from
these histories, with AdamW, learning rate 10−5, and no weight decay. The goal is valid tool use and exploration while
retaining room for improvement on the larger RL search trees.

M Evaluation and metrics
Protocol. Starting policies and final policies after 200 updates are evaluated on the 32 held-out evaluation problems at
each N ∈ {1, 2, 4, 6, 8, 12, 16}. Starting policies include the base model and the corresponding SFT policy for conditions
fine-tuned on demonstrations. Each problem has one independent attempt for each of six evaluation seeds. Evaluation
seeds are distinct from training seeds, and names are resampled in every episode. Each agent gets the training
allowance and context. Sampling temperature is 0.7 for decentralized exploration and 1.0 for information aggregation.
Communicating policies run as teams. Solo-trained, initial-solo, SFT-solo, and no-communication policies run without
messaging, and the population succeeds if any agent succeeds. Each inference server is bound to the exact checkpoint
and can serve multiple evaluation sizes; native histories, messages, reads, and failure records are saved.
Statistics. For each seed, we compute solve rate and mean population tokens over the 32 problems, counting task

failures. We report the mean over the six seed means and its standard error.
Token efficiency. For each seed, eff = SR · NL/T̄ , where SR is the solve rate, NL is the team’s total allowance,

and T̄ is the mean number of tokens the team generated. A team that solves every problem while spending its whole
allowance has efficiency 1, and spending half as much doubles it.
Message graphs. From each episode we build a directed graph with an edge from i to j if i sent at least one

message that reached j; a broadcast adds edges to every teammate. With kj the in-degree of agent j and k∗ = maxj kj ,
centralization is

∑︁
j(k

∗−kj)/(N − 1)2, which is 0 when every agent receives from the same number of teammates and
1 when a single agent receives from everyone and no one else receives anything. Reciprocity is the fraction of edges
whose reverse edge also exists. For decentralized exploration, room overlap is (V − U)/V , where V =

∑︁
i(|Ri| − 1)

counts the distinct rooms each agent visited apart from the shared start, and U = |
⋃︁

iRi| − 1 counts the distinct
rooms the team visited. It is 0 when no two agents visit the same room and approaches 1 when all agents follow the
same path. It includes corridors that several agents must share to reach different branches, so it is not a pure measure
of wasted effort.
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