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ABSTRACT

LLM agent collaboration may take many forms, ranging from predefined or dy-
namic workflows to open-ended interactions, in which agents create and revise
tasks and choose when and with whom to work on the fly. Less structured collab-
oration lets agents organize their own work and adapt to diverse tasks, environ-
ments, and changing teammates, but performance also becomes less reliable and
harder to understand. Indeed, even if a workflow is predefined, agents may deviate
from it during execution, making tracing each agent’s contribution difficult. We in-
troduce Task-Environment-Agents (TEA), a flexible structural representation that
makes evolving collaboration explicit without prescribing agent reasoning, behav-
ior, or communication order. TEA couples an Agent Interaction Graph (AIG) to
both a Task Activity Graph (TAG) and the environment to form a collaboration
state, providing a basis for analysis and optimization. We demonstrate TEA’s
potential by representing and recovering emergent collaboration structures and
analyzing collaboration states. TEA also serves as an active framework through
which agents communicate, transform tasks, and act in the environment. We show
that TEA enables and improves decentralized agent collaboration on shared tasks.

1 INTRODUCTION

Giving multiple agents a joint task in a shared environment does not automatically mean that they
will successfully collaborate. Collaboration emerges when agents coordinate their contributions
toward accomplishing a task (Guo et al.| [2024; Yang et al., 2026b). In particular, LLM (large lan-
guage model) agents can use pretrained reasoning and tool-use capabilities (Sumers et al., 2024) to
create tasks, communicate progress, and divide and carry out work. Understanding and improving
such collaboration require tracking the relationships between agents’ interactions, task changes, and
effects on the environment without constraining execution.

In practice, LLM agent interactions with each other and the environment are often guided by a col-
laboration policy, e.g., LangGraph’s executable graphs (LangChain Inc.) or combinations of code
and instructions, as in the Agent Skills open standard (Anthropicl [2025). The policy may contain
rules that specify agent responsibilities, such as roles, task assignments, and output schemas; and
govern execution patterns, including sequential, parallel, and conditional execution of subtasks, as
well as loops. However, collaboration policies may not fully control agent coordination: LLM
agents may deviate from their specified policies when actually executing tasks, and the policies
themselves may not fully specify agent interactions. Partially specified policies provide a structure
while leaving some decisions to agents during execution: an orchestrator, for example, may dynam-
ically decompose work and assign tasks to subagents (Xu et al.,[2026)). In fully open-ended settings,
agents organize collaboration by themselves on the fly (Yang et al., |2026ajb). While these more
flexible policies can lead to superior task performance by taking advantage of LLM agents’ ability
to adapt to their environment, they make it difficult to track, and thus improve, agent collaboration.

*Contact: hanging3@andrew.cmu.edu.
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Figure 1: TEA and Infuse for representing and improving collaboration. (1) A collaboration
policy I may fully, partially, or minimally specify coordination, leaving room for agents to make
decisions. (2) TEA combines views of Task evolution, Environmental outcomes, and Agent in-
teractions. Solid edges represent behavior prescribed by the policy, while dashed edges represent
behavior emerging from agents. (3) Aggregation and trace analysis recover and discover the topol-
ogy and candidate execution rules from the actual collaboration process captured in TEA. (4) Infuse
queries these records to assess coordination against task progress and environmental outcomes. (5)
It proposes an updated policy I to execute.

Research challenges. Agents’ flexibility in determining their interactions means that collaboration
structure may (partially) emerge from agent execution rather than being pre-specified, raising both
representation and optimization challenges. Existing representations often assume turn-based col-
laboration (Zhang et al.l 2025d; (Cemri et al.| 2026), do not explicitly track agent-created task and its

progress (Zhaol [2026; |Yang et al.,[2026a)), or require explicit task validators (Zhang et al.,[2026D).

LLM agents, however, can create and reorganize shared work during execution without fully speci-
fied collaboration policies. We need a representation that can ground asynchronous interactions and
task evolution in environmental outcomes under combinations of specified and emergent behaviors.

By tying agents’ realized collaboration process to task progress and environment dynamics, a struc-
tured collaboration representation should enable systematic discovery of better collaboration poli-
cies. Existing approaches optimize explicit workflow structures or procedures (Zhuge et al.| 2024}
Zhang et al} 2025¢ta} [Liu et al.,[2024)), but improving collaboration from little or no prescribed coor-
dination requires discovering useful strategies in how agents organize shared work and interactions.
A flexible, yet structured collaboration representation provides the search space and reveals the re-
lationships between collaboration actions and task outcomes needed for such a discovery process.

Our contributions. (1) TEA representation. We introduce Task-Environment-Agents (TEA),
which connects an event-based model of asynchronous agent interactions to a task graph that agents
create and modify, grounding both in the shared environment. TEA preserves task identities and
versions, attributes task changes to agent activations, and lets agents attach evidence to task versions
as signals of progress. (2) Representation capabilities. We formally define collaboration poli-
cies and show that TEA can represent a large class of agent interactions. We then show how TEA
supports policy recovery and discovery through topology reconstruction and inference of candidate
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execution rules, alongside structural queries across its layers. (3) Representation experiments. We
demonstrate how TEA represents diverse interaction and task structures and correctly recovers their
topology and policy properties. (4) Improving open-ended collaboration. TEA also serves as an
interface for agent collaboration. We introduce Infuse, which learns from open-ended collaboration
by recovering a collaboration policy from TEA traces, assessing the traces through queries against
task progress and environmental outcomes, and updating collaboration policies.

After reviewing related work (Section [2)), Section [3] defines TEA for representing collaboration.
Section [4] examines policy recovery and structural analysis. Section [5] presents Infuse for iterative
policy improvement. Section [6]reports the experimental results, and Section 7 concludes the paper.

2 RELATED WORK

LLM multi-agent collaboration. LangGraph and AutoGen support orchestration and communi-
cation (LangChain Inc.; Wu et al 2024), while CAMEL and MetaGPT organize agent roles and
workflows (Li et al., 2023 [Hong et al., [2024). Collaboration policies can take the form of exe-
cutable graphs, as in LangGraph, or code and instructions, as in Agent Skills (Anthropic| [2025).
They may allow dynamic task decomposition (Xu et al.,2026)) or leave coordination to agents (Yang
et al.,[2026ajb). Our TEA representation captures both specified and emergent coordination.

Collaboration optimization. GPTSwarm and AFlow optimize graphs or workflow code using run
feedback (Zhuge et al.|[2024;|Zhang et al.l|2025c). MaAS optimizes prompts and topologies (Zhang
et al., |2025a), DyLAN adapts teams (Liu et al., [2024)), and other methods prune redundant com-
munication (Zhang et al., 2025b). These methods refine explicit structures or defined coordination
procedures. Infuse learns coordination guidance under partially specified policies, using TEA traces
to assess candidate strategies against task progress and environmental outcomes.

Collaboration representation and analysis. Existing LLM-agent traces assume turn-based activity
and produce turn-based trajectories (Cemri et al., 2026; Zhang et al., |2025d), which do not account
for asynchronous, overlapping agent activity. Langfuse nests calls (Langfuse), but nesting alone
does not establish information flow. GRADE separates execution order from information dependen-
cies (Zhao, 2026), and DIG captures asynchronous activations and exchanges (Yang et al., [2026al);
neither explicitly tracks agent-created work and its progress. iCORE links interactions to evolv-
ing obligations and evidence but requires predefined validation rules (Zhang et al.,2026b). TEA
connects task identities and versions to agent activations, evidence, and environmental outcomes,
supporting analysis and recovery of existing collaboration policies and discovery of better ones.

3 TASK-ENVIRONMENT-AGENTS (TEA)

TEA connects asynchronous agent inter-
actions to the tasks agents create and re- »
vise and to outcomes in their shared acting
environment. Let DT denote the TEA rep- ™
resentation of a collaboration process: *

DT = <D7 7’7 Z7 @7 u) (]) (D Task Tools Task Feedback (O)

Here D is the Agent Interaction Graph, 7 ) o L D%O\

is the Task Activity Graph, Z is the shared § »
environment, ® is the evidence attachment
set, and U/ is the tool space. We introduce "
these components below; full definitions
and proofs appear in Appendices[A]and [B]

Agent Interaction Graph (AIG). The : @-@®-@©© & & &€
AIG D = (€,H,Lp) is a directed bipar- =
tite graph, where £ is the event, H the acti-
vation, and L p the edge set. An activation Figure 2: TEA. Task layer is the TAG 7T, Interaction
h € H is one reasoning Cyc]e of an agent layer is the AIG D, and Environment layer is Z.

ip,. It records the reasoning interval, received events, and ordered tool calls with their results (Fig-
ure[3). Events, which are produced by activations, can contain any payload, including tool results
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and messages. In the Interaction layer of Figure[2] wide rectangles are activations, inner squares are
tool calls, and circles are events. AIG gives the following representation property.

Proposition 1 (DAG sufficiency of AIG). AIG supports {e;} — h — {e/;} and e — {h} }, with
each output event having exactly one parent activation. With inputs available at activation start,
it forms a temporal DAG (directed acyclic graph) that can represent any finite DAG of activation
dependencies. Timestamps consistent with these dependencies are recorded as annotations.

Remark 1 (Representing agent interaction). Events produced by earlier or ongoing activations can
wake agents and trigger new activations. Their execution intervals may overlap, while causal order
naturally emerges from event production and receipt. These interactions form a temporal DAG over
activation occurrences and events, which is precisely the structure represented by the AIG.

TAG: Task Activity Graph. The TAG T = (Q, A, LT)

is a directed bipartite graph, where Q is the task-version T ~
. R . Input Events (Ej,) U= <(D.O) (@.0) (Cl..)) 0o

set, A is the task-action set, and L is the edge set. A oe.. L comm tool /

tgsk version is g = (k, 9, 0) € .Q, where £ is its per- he = (2 B Th), U= (s L)) "”"E]‘g““'

sistent task identity, ¢ specifies its goal and evaluation task tool /

rule, and o is its state. Versions are immutable; a revi- D& OE &-o M‘. task event

sion to a task creates a new version. Each actiona € A — De /
records a task tool call issued by an agent activation. Its ¢ 4 t s tw ts  ty t, ¢ envevent
incoming edges identify existing input versions, and its Time

outgoing edges identify newly created output versions. Figure 3: In AIG, agent 7’s kth activation
In the Task layer of Figure[2] horizontal rows correspond  h; ;. records inputs, duration, and ordered
to task identities, orange circles represent versions, and tool calls with returned events.

squares represent actions. Table [T] summarizes the tool

calls that capture how agents act on tasks. CLOSE propagates closure backward through recorded

ancestry. Ata SPLIT, closure reaches the parent only when all tasks produced by that split are closed.

Task actions connect existing versions to newly created Table 1: Task tools in . Anedge ¢ — ¢’
versions, preserving a history as work branches and means that an action uses ¢ to create ¢’.
merges, giving the following representation property.

Proposition 2 (DAG sufficiency of TAG tools). Ta-  Task tool TAG effect

ble [Z]’s tools can represent any finite DAG of task ver-  open(s, o) @ —gq

sions. The TAG construction keeps the original depen- ~ F°15(¢,9") a—4q

dencies unchanged, adding at most one auxiliary leaf [Sjsflf(];??(]l’; ()sj,aj)}m ) gj} ‘qu, Cam)
for each version with one predecessor. Timestamps are 1oN({g; 17, K6, Ujfj (a1, dm}y = ¢
recorded as annotations. CLOSE(k) propagate closure

Remark 2 (Representing task evolution). Task dependencies are commonly represented as
DAGs (Deelman et al.| |2015)), and version-control systems such as Git record development history
as a DAG of commits (Loeliger & McCullough, |2012)). As agents generate and process tasks, their
actions link existing task versions to new ones, naturally forming a temporal DAG that preserves the
history of task processing. This is precisely the structure represented by TAG.

TEA: TAG, Environment, AIG. TEA couples the AIG Table 2: TEA transitions.
D, TAG T, and environment Z through tool calls and
evidence attachments. In addition to task and environ-  Tool call AIG TAG Env. Evidence
ment tools, it provides communication and evidence tools ; ;

Uy = {sendy, attachy, }. The tool call sendy (e, J) sends € Ur D T z ®

an event e to agents in J C V. The sending agent can €Uz D, T Z (I),
construct a new message, or forward an existing event. attachy () D, T 2 ®
The tool call attachy,(¢) adds this attachment to ®. Evi- sendufe, /) D' T 2 ®
dence remains attached to its target task version and does not carry over to later task revisions.

Every tool call updates the AIG by recording the tool call in its issuing activation h (Figure [3),
along with the returned event set E,,. Task and environment calls additionally act on TAG and the
environment, respectively. Table [2| summarizes these effects: primes indicate an update.

Remark 3 (Evidence and task progress). For a task version g, ®, = {(h,x,q) € ®} is the set of
evidence attached to it. Interpretations from different agents may agree, partially agree, or disagree.
The evidence set, its providers, and its content together provide signals of task progress. Different
interpreters at different times may assign different weights to evidence from distinct sources.
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4 EXPLORING THE POTENTIAL OF TEA

We explore TEA’s potential to (i) recover collaboration structure and policy properties from exe-
cution records, thus demonstrating its ability to represent collaboration structures; and (ii) analyze
relationships among agent interactions, task evolution, environment activity, and evidence.

We first formally define a collaboration policy for LLM agents. Each LLM agent follows its own
policy to decide what to do based on its available information and private state. The agents’ decisions
and message exchanges (captured by AIG’s activations and events) produce their collective behavior.
For a given team, task, and setup, this behavior follows a joint distribution over when agents activate,
what they receive, which tools they call, and what they send to whom and when. A collaboration
policy I shapes this distribution through the form and degree of its coordination specifications and
the freedom it leaves agents to organize collaboration on the fly.

Definition 1 (Collaboration policy for LLM agents). For a fixed agent team, task, and execution
setup, a collaboration policy I is an interaction topology along with a set of coordination rules that
together guide or constrain task execution, shaping the joint distribution of agent activations, tool
calls, and event exchanges over time.

4.1 RECOVERING/DISCOVERING COLLABORATION POLICIES

We recover the observed topology of agent interactions and infer candidate execution and coordina-
tion rules from TEA records.

Topology recovery through activation aggregation. Let S be the set of activations in AIG that
start and finish within the time interval [t,¢']: S = {h € H : t < s < fr, < t'}, where s, and
fn are activation h’s start and finish times. Let V' be the set of agents and X;; the list of messages
sent to agent j by agent ¢’s activations in S. We recover the agent topology by merging activations
by agent, giving the weighted graph G|, ;) = (V, E, w), with edges E' = {(4,7) : | Xy;| > 0} and
message frequency counts w;; = |X;;| as weights. The full agent topology is recovered when the
selected records cover every possible edge created under a given collaboration policy T'.

Inferring execution rules. Starting from Gy, ,/|, we examine ac- Table 3: Example trace.
tivation times, send and receipt records, and recorded decisions in
the corresponding TEA trace. We group consecutive activations o Receives
whose starts fall within 7 of each other and whose intervals sharea  Activation Interval from
common overlap. For distinct completed activations on a common  p,, , 0,1]  Task input
clock, execution order and overlap are formally defined by ho 1 1,4  haa
h<h' <= fo<sw, hl,h = |sp—sp|<7 @ N2 15,7 ha
ha,2 4,5 hpa
. . hp,2 5, 6] ha,2
In Table [3[s example, h; [s, f] denotes agent i’s kth activation B 78 hoashes
over [s, f]. Aggregation gives a > b and a < ¢, with two mes-  * 8100 hoa o
. . . c,2 3 ] a,3
sages per direction. With 7 = 0.6, hp 1 and h.; are grouped ', 10,11] heo

together, giving the following order of activation starts: {a} —
{b,c} = {a} — {b} — {a} — {c} — {a}. We can then deduce the following execution rules:

(1) Sequential execution. Apply < along the activation paths. In our example, both h, 1 < he1 <
ha,3 and hg 3 < hea < hg 4 support the local agent order a — ¢ — a.

(2) Parallel execution. Applying ||, shows that h. 1 overlaps hp 1, hge 2, and hy 2. Agent a can
therefore receive b’s result and send more work to b while ¢ remains active.

(3) Repetition. Follow message paths that return to later activations of the same agent. The path
ha,1 — hy1 — ha2 — hy2 — hg 3 contains two occurrences of a — b — a, identifying repeated
interaction in the trace.

(4) Conditional execution. The graph shows whom an agent sends to, but the conditions behind each
message must be inferred from its input messages and subsequent sending behavior.

(5) Joins. A join brings execution branches together. We infer its rule from observing which senders
provide inputs to an agent’s activations and how consistently these sets recur. For example, h, 3
receives from both b and c. Repeated activations receiving both under the same conditions support
an all-input rule; receiving either alone supports an any-input rule.
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4.2 ANALYZING RELATIONSHIPS IN TEA

Agents are the common actors across AIG, TAG, and the environment. Their activities induce
directed graph edges (—) and implicit links (—) in TEA; for example, a TAG tool call is recorded
in AIG and creates a corresponding action node in TAG. Table @] summarizes these relations.

Paths and queries. We analyze these rela- Table 4: Relations and tools in TEA.
tionships through gueries, which traverse
TEA’s edges and links in either direction, ,AIG . Actor (hyu) = h H/ih
within or across layers. Each path between ~ Mtcraction Event flow e hh—e
two entities gives an interpretation of their gjenmy c ar k. b
relationship based on its link types and TAG EPEN/U LOSE e gar
traversal directions. For example, tracing  task tools Ur) | <D0 PPATE = a—=q

. SPLIT q—a—{q;}
task versions can reveal who Worked on a JOIN {g;} > a— ¢
task, what they changed and in what or- Task action (h,u) = a,u € Ur
der, and the linked evidence and environ- Environment (hyu) — u,u € Uz
mental feedback. Tracing further back to TEA sendy, (in,e,4),5€J
agent activations shows whom they inter-  tools and links | attachy, (h,u) — ¢
acted with and what information they re- Feedback (hyu) = E, CE
ceived, helping explain their actions. Evidence p=hidp—qo—a
5 INFUSE

We instantiate TEA as a framework for agent collaboration and use Infuse to analyze the resulting
execution trace and propose collaboration policy.

Collaboration framework. A team of agents V' collaborates asynchronously through TEA. For
each agent i € V, the functions factivate(?) and fqeactivate(?) start and end its kth activation h; g,
respectively. During an activation, the agent acts on o; = (0z, 074, M;,n;), where oz ; is its
environment view, o7 ; is its TAG view, M; contains received messages, and 7; is its private memory.
Its tool calls support communication, task transformations, evidence attachment, and environmental
actions, all recorded through TEA.

TEA provides three mechanisms to control agent activation. (1) After each round of reasoning and
tool use, the agent decides whether to continue its current activation or deactivate. (2) The sleep
operation ends the current activation and schedules reactivation after a specified delay. (3) When
sending a message, the agent specifies whether it should interrupt the recipient. Delivery activates
an inactive recipient. If the recipient is active and interruption is requested, its current activation
ends and a new one begins with the incoming message.

Infuse. We consider improving the task performance of  Algorithm 1 Infuse

an LLM agent team in an open-ended setting: agents col- - .

- . Require: Agents V, policy I'

lectively attempt a task starting from an empty collabora- .

. . . # Execute and record collaboration
tion policy I' (Definition[I). Infuse refines how the agents 1: DT ¢+ foxecute(V,T)
collaborate by analyzing the resulting execution records & Recovery/diSCO\;ery: Sec. ]
and proposing an updated policy (Algorithm [I). TEA 2: T ¢ frocover(DT)
grounds the AIG and TAG in environmental outcomes by # Trace queries: Sec.
linking agent interactions and task updates to recorded 3. v Fanalyze(T, T, DT)
environmental activity and feedback. Infuse queries this LA
representation to check the recovered policy against the execution trace and assess its components,
guiding what to keep, add, revise, or leave open. In our implementation, GPT-6-Sol consolidates
this guidance into global lessons for the team and private lessons for individual agents, forming the
proposed policy I''. However, Infuse itself is agnostic to the algorithm for producing I'.

6 EXPERIMENTS

We conduct two types of experiments. Representation experiments test whether TEA preserves
agent interactions and task histories and supports coordination recovery. Empirical experiments
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test whether TAG improves open-ended collaboration and whether Infuse can discover and improve
a collaboration policy.

6.1 REPRESENTATION EXPERIMENTS

We implement different collaboration policies in LangGraph by designing workflows that specify in-
teraction graphs, coordination rules, and how agents process tasks. We then execute these workflows

and visualize the resulting TEA traces.

(a) AIG: collaboration patterns and their records

(b) TAG: the Git vocabulary as task tools

sequential hierarchical git commit git rebase
OPEN(3, 0) — ql UPDATE(g4,6) — q6
root | i
ml Y UPDATE(ql,6) — 2 ATTACH(S, X, 46)
m2 main
2! T wl [0} Yo k1 O—’O main ql q2 g5
2 G G q @ 0—>0q ki
T ¥y ¥ 2 (@ &) T
a3 1 i 7 3] -0 3 I
ad @ wd git branch /(*!1:;1171' B g4 g6
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i 2 O3 QO 872 ,u0-0%0
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Figure 4: (a) Interaction graphs and AIG traces for six collaboration patterns. (b) TAG is a general-purpose
task representation that expresses Git’s collaborative coding semantics through individual or composed actions.
(c) AIG represents teams of any size, illustrated by a 50-worker supervisor and a 40-agent hierarchy.

(a) i

ki

k2

k4
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worker]

z
©  order oP < W oW <V eV<P
parallel oW1 || W2 :
repetition e loop via W2 x1 ox2 X3
conditional estart — W1,W2 ecmpty — W2 o100 short — W2 ook — W1
Join oV « WI,W2 oV « W2 oV «— W2:any

Figure 5: (a) Task evolution (7)), agent activity (D), and environment transitions (Z). (b) Interaction graph
recovered from the record. (c) Execution rules inferred as the record grows (P: planner; W: workers; V: verifier).

Interactions and task history. Figure ] shows the distinct AIG traces produced by different Lang-
Graph patterns during execution. The Git examples show how individual or composed TAG actions
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represent revisions, branches, and merges. Figure[5]shows an execution trace generated by a hidden
collaboration policy. Following Section 4.1} we aggregate activations in the AIG trace by agent to
recover the interaction topology, with edges weighted by interaction frequency.

Queries. In Figure[j] the inferred rules show
repetition and execution order. Checking

) . collaboration graph 1| [collaboration graph 2| [collaboration graph 3)

TAG states helps explaln conditional rout- run for 140 steps run for 220 steps run for 165 steps
H 13 al
ing. We can also ask “Who worked on task () . \@
ko, and why?” The record shows that the \'\\ : b
planner creates k5 by splitting k; and sends g
messages to both workers. In the first round, ® :
worker] is the only worker that acts in the al
environment. It updates k2 and then sends a %
message to the verifier. at ' !

step 1 1404 360; 525
Changes over time. A task may have mul- , | i i ,
tiple milestones that benefit from different i .‘;' i

H a6 a’

collaboration policies. Figure [6] shows an . . i
example in which the policy changes across . ‘ ®
three phases. Aggregating interactions over “.Ol ‘ i
reasonable chunks helps recover the policy ) , ,= ;
in each phase. Here, dist . denotesthe Lo,

distance between the ground-truth and dis- ."' .
covered weighted adjacency matrices. How- ‘:\ \‘L'

ever, chunks that cross phases could greatly
affect the recovered interaction topology by
mixing interactions from different policies.
This opens up new opportunities in detect-

ing policy changes and selecting aggregation
windows.

dls! 0.10 dht 0.20 dl& dlsl 0.05

Figure 6: (a) Collaboration policies for three milestones
and (b) their execution trace. (c) Perfect chunking and
(d) equal-length chunking, with their recovered policies.

6.2 EMPIRICAL EXPERIMENTS

We empirically evaluate task performance in two domains, code refactoring and Silo-Bench (Zhang
et al., |2026a), using TEA as an open-ended collaboration framework and Infuse to improve the
collaboration policy. Both domains use five gpt—5. 6-terra agents without predefined roles. A
separate gpt—6-sol agent derives Infuse guidance from execution records and outcomes.

(1) Code refactoring. We define a task where agents modularize a correct but redundant codebase,
with performance measured by LoC reduction while passing fixed tests. We evaluate six repositories
at three difficulty levels based on repository size. Agents share all files but may modify only source
code, using list_files, read_file,edit_file, measure, and run_tests. Each run has
a budget of 100 total agent steps. We report final test pass rates and LoC reduction. (2) Silo-Bench.
We evaluate 30 distributed reasoning tasks across three difficulty levels. Each agent accesses local
information through read_data and uses submit to answer a query requiring information from
across the team. We report the task success rate (all agents correct) and mean S and P, where S is
the fraction of exactly correct answers and P averages scores allowing partial credit.

6.2.1 UNDERSTANDING THE PERFORMANCE OF TEA AS A COLLABORATION FRAMEWORK

To understand TEA’s contribution to collaboration, we ablate access to TAG and direct communica-
tion in four conditions: TAG + comm, TAG only, communication only, and neither.

Code refactoring. Without TAG, communication only and neither achieve similar reductions among
passing runs: 19.5% and 20.8% (Table[5). TAG increases reduction to 35.2% without communica-
tion and 43.0% with it. TAG + comm achieves the largest reduction. Figure[7]shows the reduction
gap widening during execution. Curves show the mean across five runs per condition, with shading
indicating + standard deviation.

Silo-Bench. With neither TAG nor direct communication, the success rate is 0.03. Communication
alone reaches 0.60, compared with 0.77 for both TAG conditions (Table EI) TAG provides a shared



Preprint

Table 5: Code refactoring on shop (left): five runs per T oaan
condition. Silo-Bench (right): 30 tasks. Pass counts runs — comm only
passing all tests; Ran and Rpass are mean LoC reductions neither
(%) over all and passing runs. Best values are bolded.

mean LOC reduction (%)
u
)

Code (shop) Silo-Bench 20 ———— 20.2%
Setting Pass T Ran T Rpass T Success T ST P1 10
TAG + comm  4/5 469  43.0 0.77 0.81 0.85 os 2 " " " o
TAG only 3/5 353 352 0.77 0.81 0.83 step
Comm only 3/5 202 195 0.60 0.73 0.78
Neither 4/5 213 208

0.03 0.15 0.20 Figure 7: LoC reduction over agent steps on
shop. Shading shows standard deviation of 5 runs.

task record for implicit communication and synchronization, which may help agents coordinate their
answers. TAG + comm further improves partial correctness (0.85 versus 0.83).

TEA’s shared task graph outperforms direct communication alone on both benchmarks, while com-
bining the two yields the strongest overall results.

6.2.2 INFUSE TO DISCOVER AND IMPROVE COLLABORATION POLICY

Infuse uses a separate gpt—6-sol agent to generate global and agent-specific lessons and refac-
toring file assignments from prior lessons, logs, and outcomes. We compare TEA performance with
and without Infuse.

Code refactoring. Table 6: Code-refactoring results before (TEA) and after one Infuse update (Inf.),
After one Infuse up- ith five runs per repository and condition. Average is the unweighted repository
date, the average pass mean; + denotes sample SD across passing runs, or repositories for Average. Better
rate rises from 0.63 to  paired values are bolded; ties are unbolded.

0.70 (Table [6). Mean

LoC reduction among Level Easy Medium Hard

passing runs increases codebase
in all six repositories,

shop plan ledger freight stay payroll Average
) . TEA Inf. TEA Inf. TEA Inf. TEA Inf. TEA Inf. TEA Inf. TEA Inf
with the repository
.. Pass Rate T 0.80 0.80 0.80 0.80 0.60 0.80 0.60 0.80 0.40 0.60 0.60 0.40 0.63 0.70
average rising from

25.5% to 30.4%. Pass LoC Redu. 43.0 56.6 28.3 31.6 22.1 25.1 20.6 22.1 20.2 24.8 18.8 22.2 255 304
’ A (%) 1 1102 £89 £59 £37 £34 £17 40 £35 26 444 25 490 492 +133

rates rise on ledger,
freight, and stay, remain unchanged on shop and plan, and only fall on payroll.

Silo-Bench.  Infuse increases success Table 7: Silo-Bench before (TEA) and after one Infuse update

rates in three of four settings (Table [7)). (Inf.) on 30 tasks. Bold marks the best value in each row.
With TAG + comm, success rises from

0.77 to 0.83 and exact correctness from
0.81 to 0.86. Communication-only suc-

TAG + comm TAG only Comm only Neither

cess rises from 0.60 to 0.67. With neither TEA Inf. TEA Inf. TEA Inf. TEA Inf
TAG nor communication, success rises Success? 0.77 0.83 0.77 0.73 0.60 0.67 0.03 0.17
from 0.03 to 0.17 but remains below the S T 0.81 0.86 0.81 0.75 0.73 0.79 0.15 0.19
other settings. TAG-only success slightly Pt 085 088 083 0.78 0.78 0.82 0.20 0.24
falls from 0.77 to 0.73.

Infuse enables TEA to refine its collaboration policy from experience and improve overall task per-
formance.

7 CONCLUSION

We introduce TEA to represent and analyze collaboration by connecting agent interactions, task
versions, and environmental outcomes. We define a collaboration policy as an interaction topology
and a set of coordination rules that together guide how collaboration unfolds. When the policy is
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unknown, TEA supports discovery of the observed topology and inference of candidate rules. TEA
also serves as a framework for open-ended collaboration. TEA also serves as a general representa-
tion and framework for open-ended collaboration, grounding agent-generated tasks and interactions
in environmental outcomes.

Al USE STATEMENT

We use large language models to polish the language, help implement TEA as an executable col-
laboration framework, and create code-refactoring tasks across six repositories of varying sizes.
The authors remain involved throughout the process and have reviewed and verified all Al-assisted
outputs. We take responsibility for the final content of this work.
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A FULL DEFINITION OF TEA

Agents activate asynchronously to receive and send information events to and from each other, per-
form private computations, and act in the environment. TEA unifies their interactions with other
agents, tasks, and the environment. Let DT denote the TEA representation of a collaboration pro-
cess:
DT =(D,T,Z,®,U), where
D= (E,H,Lp), T=(9,A Lp), U=UrUlUz UUy.

Here D, T, and Z are the Agent Interaction Graph, Task Activity Graph, and shared environment,
respectively. The set ® contains evidence attachments linking agent activations and events to task
versions, and U is the tool space. These components are defined below.

3)

A.1 AIG: AGENTS INTERACTION GRAPH.

The AIG D is a directed bipartite graph of agent activation and information event nodes. The k-th
activation of agent 7 € Z, denoted h; j, € H, records
h‘i,k,‘ = ([t : t/LEha Uh)7 Uh = <(U7-, E’r‘)>m u?" E u (4)

r=1"7

Here [t : t'] is the activation’s execution time interval, E;, C & is its input event set, and U}, is
its ordered sequence of tool calls u, paired with returned event sets £, C £. Events may carry
arbitrary, agent-determined payloads. Input edges e — h record event receipt, while output edges
h — €’ record events produced by the activation’s calls.

A.2 TAG: TASK ACTIVITY GRAPH.

The TAG T is a directed bipartite graph over the sets of task versions Q and task actions .4, repre-
sented as
q=(k,b,0)€Q, 6=1(9,¢), a=(hu)ecA (5)

Here £ is the persistent task identity, g is the goal, o is the state, and c is an evaluation rule whose
result ¢(g,0) € £ may be a score or statement. Each ¢ is an immutable version of task k. An
action a = (h, u) records a task tool call v € Ur issued by activation h. Its incoming edges identify
existing input versions, and its outgoing edges identify newly created output versions.

The tools in Table[I] create tasks, revise their specifications or states, and split or join work. OPEN
creates a fresh task identity with status open. EDIT changes § = (g, ¢), while UPDATE changes o;
both create a new version with the input version as its predecessor. CLOSE(k) closes task & and
propagates closure backward through its recorded ancestry. At a SPLIT, closure propagates to the
parent only when all child tasks produced by that split are closed.

A.3 TEA: TAG, ENVIRONMENT, AIG.

TEA couples the AIG D, TAG T, and environment Z via tool calls and evidence attachments. The
tools are
Uy = {sendy, attachy, }, ¢ =(h,x,q) € D. (6)

Each evidence attachment ¢ links its source activation h € H to an existing task version ¢ € Q
through an arbitrary payload x. Evidence remains attached to that version and does not automatically
carry over to later revisions. The call sendy, (e, J) sends an existing event e € & to agents J C Z,
while attachy,(¢) adds ¢ to the evidence relation ®.

Environment Execution. The shared environment Z has application-defined state, transition dy-
namics, and observation rules. An environment call v € Uz may execute over multiple primitive
steps, with duration and outcome dependent on the evolving environment.

13
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B DAG SUFFICIENCY OF AIG AND TAG

B.1 PROPOSITION 1 ON AIG

Proof of Proposition 1. An activation’s input events already exist when it starts, and its output events
are created by its subsequent calls. Every edge therefore connects an existing node to a newly created
node, so adding these edges cannot create a cycle. Each output event has one producing call and
hence one parent activation. This argument allows activation intervals to overlap.

Let G = (V, F) be any finite DAG. Create an activation h,, for each vertex v in topological order.
Let h, produce a fresh event e,,, and include e, in the inputs of h,, exactly when (v, w) € F. Thus,
h, — e, — h,, represents exactly the dependencies in G. Multiple predecessors provide multiple
input events, and multiple successors receive the same event. Execution times consistent with this
construction are recorded as annotations. O

B.2 PROPOSITION 2 ON TAG

Proof of Proposition 2. Let G = (V, F) be any finite DAG. Process its vertices in topological order,
assigning each vertex v a task version ¢, with a fresh task identity. If v has no predecessors, create
¢, with OPEN. If v has one predecessor p, apply SPLIT to g,, creating q,, and one unused auxiliary
version, both with fresh identities. If v has multiple predecessors, apply JOIN to exactly their corre-
sponding versions, creating ¢, with a fresh identity. These calls are valid because all input versions
already exist, historical versions remain reusable, and the join inputs have distinct identities.

Project each path ¢ — a — ¢’ to a version dependency ¢ — ¢’. The subgraph on the designated
versions {q, : v € V'} is exactly G: each construction step uses precisely the required predecessors.
Every auxiliary version remains a leaf, with one added for each vertex having one predecessor.
Applying the calls in construction order gives timestamps consistent with all dependencies. O

14



Preprint

C COMPLETE EXPERIMENTAL SETUP

C.1 CODE REFACTORING TASKS

We construct six code-

refactoring t?SkS spanning  Table 8: Code-refactoring repositories grouped by size. Module
o'rder processing, day plan-  counts include the package’s __init__ module. LoC counts initial
ning, bookkeeping, parcel pon-blank source lines, excluding tests.

freight, hotel booking, and

payroll (Table [8). Each task

. : Size Repository Domain Modules LoC Test files Tests
provides a functionally cor- -
rect but redundantly written Easy shop Order processing 11 2219 10 62
Python package using only plan Day planning 11 2,380 10 69
the standard hbra_ry’ together Medium ledger Bookkeeping 20 5,082 19 143
with a fixed unittest freight Parcel freight 20 5,161 19 154
suite that serves as its be- Hard stay Hotel booking 30 7,484 29 213
havioral specification. The payroll Payroll 30 7,399 29 214

repositories form three size
groups, with 11, 20, and 30

modules and approximately 2,200-7,500 non-blank source lines.

Agents collaboratively reduce non-blank source lines while preserving behavior as measured by the
supplied tests. In our experiments, five agents share access to all source files and tests, with no initial
file assignments; tests cannot be modified. Each run has a shared budget of 100 agent steps. We
evaluate the final repository using test-suite pass rate and LoC reduction, reporting reduction among
passing runs separately. The interface ablation uses t i nyshop, while the lesson experiments cover

all six repositories.

C.2 SILO-BENCH

Tasks. Silo-Bench comprises 30
algorithmic task types across three
difficulty levels. Each agent re-
ceives a local information shard
and must produce the required an-
swer through coordination with
the team. We evaluate five
agents on ten tasks per level.
This setting tests whether agents
can combine distributed informa-
tion into correct collective out-
puts. The code-refactoring suite
contains six repositories grouped
into easy (shop, plan), medium
(ledger, freight), and hard
(stay, payroll) tasks. Agents
seek to reduce source lines of code
(LOC) while preserving behavior
as measured by the supplied test
suite. The four-condition code
ablation is conducted on shop
alone, with five runs per condition.
The six-repository lesson experi-
ment also uses five runs per repos-
itory and condition. The Full row
of the shop ablation is round 1 of
the lesson loop.

Table 9: Environment-specific actions for Silo-Bench and code
refactoring. Square brackets indicate optional arguments.

Action Arguments Description

Code refactoring

list_files None Lists all repository files.

read_-file path Returns a file’s contents and
non-blank line count.

edit_file path,old, Replaces an exact, uniquely

new occurring source snippet. Empty

replacement text deletes the snippet.
Tests cannot be edited.

measure None Returns non-blank source line
counts per module and for the
package as a whole.

run_tests [path] Runs the full test suite or a specified
test module; returns test counts,
failures, errors, and output.

Silo-Bench

read-data None Returns the calling agent’s local
information shard.

submit answer Submits a final answer and ends the

agent’s participation. The episode
ends when all agents have
submitted.
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Agents and execution. The current experiments use five agents powered by gpt-5.6-terra.
In the current code experiments, agents can read and edit every source file, with no predefined
roles or file assignments in the initial policy. Tests cannot be modified, and test tracebacks are
disabled. Each agent retains a five-step memory, and the team shares a maximum budget of
100 agent steps. Code runs can end through terminate, which ends the run immediately, or
request_terminate, which ends it once all agents agree. Silo-Bench runs end once every agent
has used submi t, subject to the applicable execution budget. The older transfer experiment below
uses its separately reported protocol.

Environment actions. Table [9]lists the environment-specific tools. All six code repositories ex-
pose the same tools. TAG and direct messaging tools are shared collaboration interfaces and are
described separately.

Collaboration interfaces. We compare four conditions formed by enabling or disabling TAG and
direct messaging: Full (TAG and messaging), TAG only, Comm only, and Neither. The messaging
ablation removes send; the TAG ablation removes all task tools, evidence attachments, and task-
related observations. Other prompts, permissions, budgets, and initial information are held fixed
apart from the necessary interface changes. TAG-only agents can still exchange information indi-
rectly through the shared task representation. Thus, these conditions compare available coordination
interfaces, rather than the presence or absence of all information exchange. In the code environment,
the shared repository also remains a potential coordination channel.

Task observations. Agents access the shared task representation through task tools. observe ()
reads only TAG: its default result lists open task identities and the frontier of their unconsumed
versions. It omits historical versions, closed tasks, and evidence payloads. Agents can instead call
observe (task) with a task or version identifier to retrieve that identity’s full history, includ-
ing all versions in chronological order, creator and action information, attached evidence payloads,
current-version indicators, and split/join provenance. This makes task histories available on demand
without placing the complete history in every observation. The same task configuration is the default
return of other TAG tools unless another return view is requested. These observations do not directly
inspect AIG or the environment; environmental feedback is obtained through the corresponding en-
vironment tools. Recorded observation calls produce AIG events even though they do not modify
the task graph.

Metrics. We evaluate task outcomes and interaction effort using the following metrics:

* Test-suite pass rate (Code Refactoring): The fraction of runs whose final repository
passes all supplied tests.

* LoC reduction (Code Refactoring): The percentage reduction in non-blank source lines
relative to the initial repository, excluding tests.

* Success rate (SILO-BENCH): The fraction of tasks for which every agent answers exactly
correctly.

« Exact correctness (S, SILO-BENCH): The fraction of agents answering exactly correctly,
averaged over Silo-Bench tasks.

 Partial correctness (P, SILO-BENCH): The benchmark’s task-specific partial-credit
score, averaged over agents and Silo-Bench tasks.

» Agent steps: The total number of agent steps taken by the team, averaged over runs.

* Tool calls: The number of direct messaging, TAG, and test calls, reported separately where
available.

Code outcomes are measured on the final repository, without selecting an earlier passing check-
point. The code-ablation table reports LoC reduction over all runs and among passing runs. The
corresponding curves include failed runs, with shaded regions indicating 95% confidence intervals.
In the six-repository lesson experiment, LoC reduction is averaged over passing runs within each
repository; the overall value is the unweighted mean of these repository means.

Steps measure interaction effort, rather than wall-clock time or token cost. Agreement to stop
records a coordination outcome and does not imply that the final repository passes the tests.
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D EXTENDED EXPERIMENTS

D.1 COLLABORATION POLICY DISCOVERY/RECOVERY

(a) (©
1 al
v a2
OHONO
K a4
as
: &
14 n=350
b
(b) al a2 a3 a4 a5 a6 ()
1 al =@
a2 i
e = 05 dist. 0.06
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6 0-
o @ step 1 100 350

Figure 8: Routing recovery: (a) routing; (b) its weighted adjacency matrix of edge probabilities; (c) one
execution’s D; (d) its Lo distance to (b) as it runs. Squares: the matrix of edge frequencies recovered from (c)
after n steps; crosses: edges not yet run.

D.2 COMMUNICATION PATTERNS UNDER ABLATION

Figure 0] aggregates each record into who sent to whom over the whole episode. The two right-hand
panels are empty by construction: with send removed, there is no edge to draw.

(a) Full (b) No TAG (c) No comm (d) Neither
fewer sends — more sends
1 8 15

Figure 9: Interaction graphs of the five agents, summed over five seeds per setting: an edge X — Y
indicates that an activation of X sent an event to Y (a broadcast counts once per recipient); a darker,
thicker edge carried more events, on one scale for all panels. Removing TAG raises traffic rather
than lowering it: 244 events over 20 edges without it against 94 over 20 with it, and it does so in
every seed (40-56 events per episode against 8-35). Panels (c) and (d) are empty by construction:
with send removed there is no edge to draw.
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D.2.1 ABLATING TEA

K (E & =55 q i3 ] p' 3 uﬂ ] e
] = | L] i | o el i |
e (b) Without TAG: the eight task tools are removed.

(a) Full condition: TAG and communication both

available.
N = S . u.- —LE .u B m———
= H—— i
= —_—
; R LT
——
| {". L T e =i Ll e a ] (d) Neither TAG nor communication: agents share
LS T T AT T T e Y only the repository.

(c) Without communication: send is removed.

Figure 10: Episode records under the four ablation conditions.

D.2.2 PERFORMANCE ON CLEAN RUNS

The main text reports the mean LOC reduction over all five runs of each setting (Figure[7). A run
can remove lines and still end with a failing test suite, so here we also report the same curves over
the clean runs only: those whose suite passed when the agents stopped. Figure [T1] places the two
side by side. All runs use the same package (shop), five agents with no owned files, a budget of 100
steps, and seeds 0—4; a run that stopped before the budget keeps its final size for the remaining steps.
The clean runs are 4 of 5 for TAG + comm, 3 for TAG only, 3 for comm only, and 4 for neither.

60 50
—— TAG + comm —— TAG + comm (n=4 of 5)

504 — TAG only —— TAG only (n=3 of 5) 43.0%
9 —— comm only 46.9% $ 40| — commonly (n=3 of 5)
= neither = neither (n=4 of 5) 35.2%
2 40 o
© o S
é 35.3% § 30
o ) B 20.8%
9 il.gnf 9 20 —’_'__,— 19.5%
< 20 e ——20.2% = o
9] i} e
€10 £ 10

T : 0 o

0 20 40 60 80 100 0 20 40 60 80 100
step step

(a) All runs (n = 5); shaded: £1 standard deviation (b) Clean runs only.

Figure 11: Mean LOC reduction by step for each setting. Final reductions: (a) 46.9%, 35.3%,

21.3%, 20.2%; (b) 43.0%, 35.2%, 20.8%, 19.5%, for TAG + comm, TAG only, neither, and comm
only.
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D.3 INFUSE: ITERATIVE IMPROVEMENT EXAMPLE

relative to vanilla (mean of 2)

-M- score  -®- steps == % LOC reduction

Figure 12: The five rounds from agent views: how the team’s interaction changed as each round
inherited the previous round’s notes.

D.4 REPRESENTATIVE RUNS

Figure 13: shop (11 modules). Top: round 1; bottom: round 2, played with the lessons distilled
from round 1. Each row is one episode’s record: T, the task graph; D, the five agents’ activations
and the sends between them; Z, the repository’s transitions, with the package’s non-blank lines and
the tests passed beneath. On the right is its agent view: an edge X — Y when X sent an eventto Y,
darker and thicker for more sends (1 to 6 per pair, one scale in every code figure of this appendix).
Round 1 trims the package from 2219 to 1140 lines (48.6%) with all 62 tests passing; round 2 trims
it to 761 (65.7%), still passing.
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Figure 14: freight (20 modules), seed 4; layout as in Figure Round 1 trims 5161 to 4033
lines (21.9%) but leaves 7 of 154 tests failing; round 2 trims to 3781 (26.7%) with all 154 passing,
in 92 of its 100 steps.

Figure 15: freight, seed 3; layout as in Figure Both rounds keep all 154 tests passing; round 2
trims 5161 to 4175 lines (19.1%), less than the 3961 (23.3%) of round 1.
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Figure 16: stay (30 modules), seed 1; layout as in Figure Round 1 trims 7484 to 6506 lines
(13.1%) and leaves the suite red (205 of the 206 tests run pass); round 2 trims to 5365 (28.3%) with
all 213 tests passing.

Figure 17: Silo-Bench I-10 (Standard Deviation, level I), full condition. Top: round 1; bottom:
round 2, played with the lessons distilled from round 1 on this task. Layout as in Figure [T3] without
the two strips under Z: each of the five agents reads its own shard of the data and submits one answer.
The agent views share one scale in every Silo-Bench figure of this appendix (1 to 6 sends per pair).
Round 1 fails (S = 0) after 78 steps; round 2 succeeds (S = 1) in 50.

21



Preprint

V4 ) 3
@ 4 D@ o - sends per pair

Time

sends per pai

Time

Figure 18: Silo-Bench I-07 (Average Value, level I); layout as in Figure Both rounds succeed
(S = 1), in 23 and 25 steps.
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Figure 19: Silo-Bench II-20 (Pipeline Hash, level II); layout as in Figure Round 1 scores S =
0.40, its relay breaking off after as; round 2 completes the chain ag — a1 — a2 — as — a4 and
succeeds (S = 1).
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Figure 20: Silo-Bench III-24 (BFS Distance, level III); layout as in Figure Both rounds succeed
(S = 1); round 2 needs 22 steps against 26, 5 sends against 16, and 3 task actions against 8.
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