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Abstract

Concurrent multi-agent LLM systems increas-
ingly rely on role-specialized Workers that act
in parallel, but effective coordination depends
not only on what Workers generate, but also on
what task state each Worker observes before
generating. Existing systems usually fix this
observation interface through workflow rules,
retrieval heuristics, or full-history sharing, so
information flow cannot adapt as task state
and feedback evolve. We introduce Dynamic
Context Allocation (DCA), which treats per-
Worker observation control as a trainable coor-
dination problem for a fixed-role team. An RL-
trained Context Allocator maintains a bounded
Context Board and decides before each round
which evolving task-state entries should be re-
tained, revised, removed, or exposed to each
Worker, rather than learning agent selection,
execution order, or workflow topology. We
evaluate DCA on cooperative code generation,
Customer Relationship Management (CRM)
lead qualification, and MultiWebGen, a new
benchmark for multi-agent full-stack web de-
velopment. Across these settings, DCA im-
proves over fixed-protocol coordination and
fixed-context multi-agent RL baselines, and it
outperforms all evaluated frontier single-agent
LLMs on CRM lead qualification despite using
smaller role-specialized Workers.

1 Introduction

Recent collaborative LLM systems increasingly
decompose complex tasks across multiple role-
specialized agents that act concurrently, as in
code generation (Liu et al., 2026b; Shi et al.,
2026), software development (Anthropic, 2025),
and deep research (Hadfield et al., 2025; Perplex-
ity, 2026). This design matches the structure of
many tasks: different agents can focus on differ-
ent sub-problems, while concurrent execution im-
proves coverage and throughput. However, these
sub-problems are rarely independent. One agent’s

action often changes what another agent should as-
sume, implement, or verify. A central challenge is
therefore not only what each agent should generate,
but what task state each agent should observe at
each step.

Context allocation determines which messages,
task-states, memories, and intermediate artifacts
are exposed to each role (Han et al., 2024; Tran
et al., 2025). Poor context allocation can hide criti-
cal updates, preserve obsolete assumptions, or dis-
tract agents with irrelevant traces, leading to redun-
dant work and inconsistent outputs (Wu and Shu,
2026; Xiong et al., 2026; Liu et al., 2025). Exist-
ing multi-agent LLM systems largely treat context
allocation as a fixed design choice. Workflow-
based systems route information through hand-
specified roles, subscription rules, or heuristic rele-
vance scores (Hong et al., 2024; Liu et al., 2025),
while conversation- and review-based systems of-
ten expose agents to full dialogue histories or peer-
generated artifacts (Wu et al., 2024; Du et al., 2024).
Recent RL-trained concurrent-agent methods im-
prove what agents generate, but still condition them
on fixed observation interfaces, often full accumu-
lated histories (Liu et al., 2026b,a). This static
observation interface can leave agents with incom-
plete, stale, or overly broad context, so artifacts
that are plausible for an individual role may still be
misaligned with other agents’ current decisions or
newly observed feedback (Liu et al., 2025; Cemri
et al., 2025).

We introduce Dynamic Context Allocation
(DCA), which makes the observation interface of
a concurrent multi-agent LLM system a learned
component of the policy. DCA does not learn a
new workflow, choose which agents to invoke, or
change the Workers’ roles. Instead, it augments a
fixed-role concurrent team with a Context Alloca-
tor that maintains a bounded Context Board and
constructs role-specific Worker views before each
generation round. Through context-editing opera-



tions, the Context Allocator learns which task-state
entries should be retained, revised, discarded, or
exposed to each Worker, so coordination is learned
at the level of information access rather than only at
the level of generated actions. We evaluate DCA on
cooperative code generation, full-stack web devel-
opment, and Customer Relationship Management
(CRM) lead qualification. Our contributions are:

• We isolate observation control as a distinct
coordination problem for concurrent multi-
agent LLMs: when Workers act in parallel,
the system must decide what evolving task
state each Worker should observe before it
generates. This differs from orchestration and
conductor-style work, which primarily con-
trols agent selection, sequencing, or topology.

• We propose DCA, an RL-trained Context
Allocator that maintains a bounded Context
Board and learns role-specific visibility over
task-state entries for a fixed-role concurrent
team. This separates learned information ac-
cess from Worker task generation and from
workflow construction.

• We introduce MultiWebGen and provide em-
pirical evidence across code generation, web
development, and CRM lead qualification that
learned observation control improves over
fixed-protocol coordination and fixed-context
multi-agent RL baselines; ablations further
show that the gains are not explained by
merely adding more context, training Workers,
or using role specialization alone.

2 Related Work

Context Allocation in Multi-Agent LLM Sys-
tems. Multi-agent LLM systems coordinate role-
specialized agents through workflows, dialogue,
tools, memory, and orchestration. Workflow-based
systems such as MetaGPT (Hong et al., 2024) route
artifacts through predefined stages or subscriptions,
while conversation- and review-based systems such
as AutoGen (Wu et al., 2024) and MAD (Du et al.,
2024) expose agents to shared dialogue traces
or manually configured message-passing policies.
RCR-Router (Liu et al., 2025) is closer to our set-
ting because it routes structured memory entries to
roles, but its routing is still based on hand-designed
relevance, stage, and recency heuristics. Memory-
R1 (Yan et al., 2026) instead learns a Memory Man-
ager that edits a memory bank for a downstream

Answer Agent in multi-session question answer-
ing, but it constructs memory for a single consumer
rather than role-specific views for multiple concur-
rent Workers. Recent orchestration and conductor-
style methods optimize agentic workflows, com-
munication topology, or natural-language worker
instructions (Fourney et al., 2024; Nielsen et al.,
2026; Wang et al., 2026; Hu et al., 2025; Zhang
et al., 2025). These approaches decide who acts, in
what order or topology, and under what instructions.
In contrast, DCA targets a deployment-constrained
coordination layer that prior orchestration meth-
ods largely leave fixed: for a given role structure,
tool interface, and output contract, it learns how
evolving task state should flow within that organi-
zation. This distinction matters because learning an
entire workflow entangles coordination with agent
design, role discovery, tool use, and output for-
matting, whereas many deployed or benchmarked
multi-agent systems already specify these inter-
faces. Although DCA trains a task-specific Context
Allocator in our experiments, it restricts learning
to observation control rather than redesigning the
agent organization itself. DCA therefore replaces
static routes, retrieval heuristics, and workflow-
level information flow with a learned policy over
what each Worker observes before acting.

Learning to Coordinate Concurrent LLM
Agents. Recent reinforcement-learning methods
optimize multi-agent policies from shared task
rewards, improving coordination in concurrent
settings. MAGRPO (Liu et al., 2026b) extends
GRPO (Guo et al., 2025) to multi-agent reinforce-
ment learning by optimizing multiple LLM agents
from shared rewards, while CoLLM-CC (Liu et al.,
2026a) trains LLM agents with a learned cen-
tralized critic. These methods make Worker be-
havior or training-time evaluation more adaptive,
but the execution-time observation structure re-
mains largely fixed by the designer. DCA instead
keeps the Worker roles fixed and learns a separate
observation-control policy: the Context Allocator
decides which information should be retained, re-
moved, or exposed to each Worker before concur-
rent generation. This separation isolates a coordina-
tion bottleneck that prior multi-agent RL methods
largely leave manual.



Figure 1: Overview of DCA. A Context Allocator edits a bounded Context Board through symbolic operations and
constructs role-specific views for Workers. Workers act concurrently from their scoped contexts; their actions are
assembled into a benchmark-specific team artifact and evaluated by the environment, and the resulting actions and
feedback are appended to the Context Board for the next coordination round.

3 Preliminaries

3.1 Decentralized Partially Observable
Markov Decision Process

We use a cooperative decentralized partially ob-
servable Markov decision process (Dec-POMDP)
as the base formalism for concurrent multi-agent
LLM collaboration (Oliehoek and Amato, 2016;
Peralez et al., 2025; Liu et al., 2026b). A Dec-
POMDP is defined as

M = ⟨N ,S, p0, {A(i)}i∈N , {Ω(i)}i∈N ,

T , O,R,H, γ⟩.

Here, N = {1, . . . , N} is the agent set, S is the
environment state space, p0 ∈ ∆(S) is the initial-
state distribution, H is the episode horizon, and
γ ∈ [0, 1] is the discount factor. Each agent i has
its own action space A(i) and observation space
Ω(i), yielding joint spaces

A =
∏︂
i∈N

A(i), Ω =
∏︂
i∈N

Ω(i).

At round t, agents choose a joint action at =

(a
(1)
t , . . . , a

(N)
t ) ∈ A. The environment then

evolves according to

st+1 ∼ T (· | st,at), ot+1 ∼ O(· | st,at, st+1),

where ot = (o
(1)
t , . . . , o

(N)
t ) is the joint observa-

tion. The reward R : S ×A → R is shared by all
agents.

Because the state is only partially observed, each
agent acts from its local action-observation history,

a
(i)
t ∼ π(i)(· | h(i)t ),

where h
(i)
t = (o

(i)
0 , a

(i)
0 , o

(i)
1 , . . . , a

(i)
t−1, o

(i)
t ).

The cooperative objective is to learn a joint pol-
icy π = (π(1), . . . , π(N)) that maximizes expected
shared return:

max
π

Eπ

[︄
H−1∑︂
t=0

γtR(st,at)

]︄
.

3.2 Role-Specialized Multi-Agent LLM
Collaboration and Context Allocation

We instantiate this formalism in round-based LLM
teams with persistent task roles. Each episode be-
gins with a task prompt x. Worker i is assigned
a role prompt ρ(i) that specifies its responsibility



and output interface, such as producing a backend
implementation, a frontend implementation, or ev-
idence for one decision criterion. At round t, the
system supplies Worker i with a role-specific con-
text C(i)

t , and the Worker generates

a
(i)
t ∼ π

(i)
θi
(· | [ρ(i), x, C(i)

t ]).

The action a
(i)
t may be a natural-language mes-

sage, program fragment, tool call, database query,
or other benchmark-defined artifact. Workers act
concurrently within a round, so a

(i)
t cannot depend

on another Worker’s same-round action. After the
Worker actions are assembled according to the task
interface, such as concatenating main and auxiliary
functions or placing backend and frontend artifacts
into their designated project files, the environment
returns a shared reward and may also emit feedback
yt, such as execution traces, test failures, or tool
results.

The central design choice is therefore the con-
struction of C(i)

t . Fixed full-history or rule-based
systems define C(i)

t through a predetermined obser-
vation protocol. DCA instead treats context alloca-
tion as a learned coordination problem: a Context
Allocator maintains the task-state and determines
which information should be retained, revised, re-
moved, and exposed to each Worker before the next
concurrent generation step.

4 Method

4.1 Dynamic Context Allocation (DCA)

In DCA, the Context Allocator serves as a learned
context manager over a bounded Context Board,
while fixed-role Workers produce task artifacts
from their assigned views. We augment the N
fixed-role Workers with a Context Allocator c:

Ñ = {c, 1, . . . , N}.

The Workers produce benchmark-defined task ac-
tions, while the Context Allocator manages the
information state from which those Workers act.
The Context Allocator does not directly produce a
benchmark-evaluated task artifact, and Workers do
not directly edit the Context Board; this separation
makes context allocation a distinct learnable policy.

At coordination round t, the augmented state
is s̃t = (st, Bt), where st ∈ S is the environ-
ment state and Bt ∈ B is the Context Board. The
Context Board stores the task-state, including task

constraints, Worker actions, environment feedback,
and Context Allocator guidance.

The Context Board contains at most K active
slots. Let Λ be the universe of symbolic slot keys
and Λt ⊆ Λ the active keys at round t, with |Λt| ≤
K. We write

Bt = {(κ, vκ, visκ)}κ∈Λt ,

where κ is a Context Allocator-defined key, vκ is
textual content, and

visκ ⊆ {1, . . . , N}

specifies which Workers may access slot κ. The
Context Allocator observes the full Context Board,
while each Worker observes only the entries visible
to its role. This separates global task-state mainte-
nance from role-specific context construction.

At each round, the Context Allocator observes
its instruction prompt ρ(c), the task prompt x, and
the current Context Board, and generates a context-
editing action

a
(c)
t ∼ π

(c)
θc

(· | [ρ(c), x,Bt]).

The action is an ordered sequence of symbolic op-
erations:

• WRITE(κ, v, vis): create a slot with key κ, con-
tent v, and visibility set vis.

• UPDATE(κ, v′): replace the content of an exist-
ing slot κ with updated content v′.

• DELETE(κ): remove slot κ and its content.

• SCOPE(κ, vis′): change the visibility set of
slot κ to vis′ without changing its content.

These four operations form a compact interface
that is equivalent to maintaining a separate context
board per agent, but expressed as edits to a single
task-state.

Executing the ordered operations in a
(c)
t deter-

ministically updates the Context Board while en-
forcing at most K active slots:

B+
t = apply(Bt, a

(c)
t ).

The capacity constraint is enforced by least-
recently-edited eviction. WRITE, UPDATE, and
SCOPE mark the affected key as recently edited,
while DELETE removes it. Whenever the updated
Context Board exceeds K active slots, apply evicts



the slots whose keys have gone longest without a
Context Allocator edit until the capacity constraint
is satisfied.

After these edits and possible evictions, B+
t is

the information state from which the Workers act.
Thus, the Context Allocator acts as part of the
multi-agent policy, but its action updates the ob-
servation interface rather than directly producing a
benchmark-evaluated task artifact.

Each Worker then receives its scoped context

C
(i)
t = {(κ, vκ) | (κ, vκ, visκ) ∈ B+

t , i ∈ visκ},

and generates

a
(i)
t ∼ π

(i)
θi
(· | [ρ(i), x, C(i)

t ]).

Workers act concurrently, so no Worker con-
ditions on another Worker’s same-round action.
The Worker actions are merged according to the
benchmark-specific interface and evaluated by the
environment:

st+1 ∼ T (· | st,a(w)
t ),

where a
(w)
t = (a

(1)
t , . . . , a

(N)
t ). The environ-

ment returns a shared reward rt and may also emit
feedback yt, such as execution traces, verifier sig-
nals, test failures, or tool outputs. The system ap-
pends actions a(w)

t and feedback yt to the Context
Board using a deterministic bookkeeping opera-
tion,

Bt+1 = append(B+
t ,a

(w)
t , yt).

Here, append enforces the same capacity rule
as apply: when adding new a

(w)
t and yt records

would cause the Context Board to exceed K ac-
tive slots, the least-recently-edited slots are evicted.
These records become available to the Context Al-
locator at the next round, where they can be re-
tained, revised, deleted, or scoped before Workers
act again. Workers do not directly edit the Con-
text Board because this would turn the board into
a multi-writer memory whose contents depend on
uncoordinated role-specific edits. DCA instead
treats Worker actions and environment feedback
as deterministic evidence appended to the board,
and makes the Context Allocator solely responsi-
ble for learning which entries should persist, be
removed, or be routed to each role. This design
makes state maintenance and role-specific visibil-
ity the explicit learning problem, rather than a side
effect of Worker-generated messages.

This defines one DCA coordination round: the
Context Allocator edits a bounded Context Board,
Workers generate concurrently from scoped role-
specific views, the environment evaluates the
merged team output, and the resulting evidence
is appended to the Context Board for subsequent
coordination. This process repeats until the fixed
round budget is reached or the environment returns
a success signal.

4.2 RL Training
Motivated by the recent success of reinforcement
learning for LLM post-training (Guo et al., 2025),
we cast DCA as a cooperative Multi-Agent RL
problem where the Context Allocator and Work-
ers are trained jointly from shared task rewards.
We adopt MAGRPO (Liu et al., 2026b), a multi-
agent extension of critic-free group policy optimiza-
tion (Guo et al., 2025). For each task prompt x, we
sample a group of G rollout trajectories {τ g}Gg=1.
Each trajectory consists of repeated Context Allo-
cator edits, concurrent Worker generation, environ-
ment evaluation, and Context Board updates over
horizon Tg ≤ H .

At round t of trajectory τ g, the Context Allocator
and Worker inputs are

o
(c),g
t = [ρ(c), x,Bg

t ], o
(i),g
t = [ρ(i), x, C

(i),g
t ],

where Bg
t is the current Context Board and C

(i),g
t is

the scoped context visible to Worker i. The Context
Allocator samples a context-edit action a

(c),g
t , and

each Worker samples a role-specific task action
a
(i),g
t following the DCA round defined above.
Let rgt denote the shared task reward at round t

of trajectory τ g. All Workers receive this shared re-
ward. The Context Allocator additionally receives
an auxiliary formatting reward rgt,fmt that encour-
ages parseable and executable context-edit opera-
tions:

r
(c),g
t = rgt + rgt,fmt, r

(i),g
t = rgt .

The corresponding discounted returns are

R
(c),g
t =

Tg−1∑︂
t′=t

γt
′−tr

(c),g
t′ , R

(i),g
t =

Tg−1∑︂
t′=t

γt
′−tr

(i),g
t′ .

Following MAGRPO, returns are normalized
within the rollout group to obtain advantages, yield-
ing A

(c),g
t, for the Context Allocator and A

(i),g
t for

Worker i.



We write the resulting update in policy-gradient
form:

Jc = E

⎡⎣ G∑︂
g=1

Tg−1∑︂
t=0

A
(c),g
t log π

(c)
θc

(︂
a
(c),g
t | o(c),gt

)︂⎤⎦ ,

J (i)
w = E

⎡⎣ G∑︂
g=1

Tg−1∑︂
t=0

A
(i),g
t log π

(i)
θi

(︂
a
(i),g
t | o(i),gt

)︂⎤⎦ .

The training objective maximizes the Context Al-
locator objective and all Worker objectives jointly.
Thus, Workers learn role-conditioned task policies,
while the Context Allocator learns context edits
that maintain and route the information needed for
team-level success. Full prompts, qualitative re-
sults, a step-by-step running example of Context
Board evolution, and pseudocode are provided in
Appendix I–L.

5 Experiments

5.1 Benchmarks
CoopHumanEval. CoopHumanEval is a col-
laborative code generation benchmark introduced
by Liu et al. (2026b). Given a programming prob-
lem, two agents generate complementary compo-
nents: a main function and an auxiliary helper func-
tion. The final program is evaluated by test cases.
We report the Test Pass Rate, defined as the propor-
tion of test samples that pass their test cases. Al-
though CoopHumanEval provides a controlled set-
ting for basic two-agent role collaboration, its coor-
dination demands are limited: even with guardrails
requiring the main function to use the auxiliary
function, many tasks can still be largely solved
within a single function, and each task is centered
on one function-level problem rather than realistic
complex-interface or multi-step collaboration.

MultiWebGen. To evaluate more realistic team
collaboration, we introduce MultiWebGen, a full-
stack web development benchmark which extends
the tasks from WebGen-Bench (Lu et al., 2025) to
the multi-agent setting. Given a shared web devel-
opment task and Product Requirements Document
(PRD), backend and frontend Workers receive role-
specific instructions and concurrently implement
their respective components. The backend Worker
is responsible for server-side endpoints and state
logic, while the frontend Worker is responsible for
user-facing interactions and API calls. MultiWeb-
Gen requires concrete coordination because end-to-
end (E2E) tests pass only when backend endpoints

and frontend API calls are mutually consistent:
missing endpoints or mismatched request/response
formats cause failures even if one side is correct.
Each task involves multiple endpoint-level func-
tions or interactions and produces substantially
longer code than CoopHumanEval, making Mul-
tiWebGen a more realistic testbed for multi-agent
collaboration. We report E2E Pass Rate, defined as
the proportion of provided end-to-end tests passed
by each test sample, averaged across all samples.
Details of the MultiWebGen construction are pro-
vided in Appendix B.

CRM Lead Qualification. We also evaluate
on the lead qualification task from CRMArena-
Pro (Huang et al., 2026), a benchmark for re-
alistic CRM agents over Salesforce-style busi-
ness data. Given a lead identifier and access to
Salesforce-style CRM records, the system must de-
cide whether the lead is qualified; if not, it must
identify which BANT criteria are not satisfied: Bud-
get, Authority, Need, and Timeline. We focus on
this task because it naturally decomposes into a
concurrent multi-agent setting and allows us to test
whether DCA remains effective as the number of
Workers increases beyond two. This task natu-
rally induces four fixed roles, where each Worker
is responsible for querying relevant CRM records
and deciding whether the lead satisfies its assigned
criterion. We report Exact Match Rate, where a pre-
diction is correct only if the qualification decision
and the set of failed BANT criteria exactly match
the ground truth.

5.2 Baselines

For CoopHumanEval and MultiWebGen, we
compare DCA against three families of multi-
agent baselines: non-coordinated methods, fixed-
protocol coordination methods, and fixed-context
RL methods. Detailed baseline instantiations are
provided in Appendix A.

Non-coordination. These baselines do not ex-
change information across Workers during coordi-
nation; each Worker relies only on its own local
history, feedback, or independent samples. They
include Independent, where each Worker uses only
its own history and feedback; Self-Refine (Madaan
et al., 2023), where each Worker independently
critiques and revises its generated action; and Self-
Consistency (Wang et al., 2023), which samples
multiple candidate actions from each Worker and
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Figure 2: Main experimental results. DCA improves performance in our evaluated settings by learning how a
Context Allocator should allocate task context to concurrent Workers. All reported values are averaged over five
independent runs, with full statistics in Appendix E.
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Figure 3: CRM lead qualification results. 4W denotes four role-specialized Workers and 1CA denotes one additional
Context Allocator; −4B and −8B denote Qwen3-4B-Instruct and Qwen3-8B Worker backbones, respectively.
DCA improves over multi-agent baselines and also outperforms frontier single-agent models despite using smaller
backbone models. All reported values are averaged over five independent runs, with full statistics in Appendix E.

selects the best assembled team artifact using exe-
cution feedback.

Fixed-protocol coordination. These baselines
allow cross-Worker information flow, but the ob-
servation protocol is fixed by hand-designed rules
rather than learned from task rewards. For all fixed-
protocol coordination baselines, we adapt the orig-
inal methods to our concurrent generation setting
while preserving their core observation protocols.
MAD (Du et al., 2024) exposes each Worker to ac-
tions produced by the other Workers in the previous
round before generation. AutoGen (Wu et al., 2024)
formats previous Worker actions and environment
feedback as a shared, role-attributed conversation
history provided to all Workers. MetaGPT (Hong

et al., 2024) routes task-state entries through hand-
specified role-subscription rules. RCR-Router (Liu
et al., 2025) selects structured memory entries with
heuristic role-relevance, task-stage, and recency
scores.

Fixed-context RL. These baselines train Worker
policies with shared task rewards, but keep each
Worker’s input context fixed to its own role prompt,
local action history, and feedback, without learning
a separate context-allocation policy. They include
MAGRPO (Liu et al., 2026b), which extends GRPO
to multi-agent LLM training with shared rewards,
and CoLLM-CC (Liu et al., 2026a), which uses
a learned centralized critic to train decentralized
cooperative LLM agents.



For CRM lead qualification, we compare DCA
with larger frontier single-agent models and multi-
agent baselines. Frontier models use the full con-
text in a ReAct-style SQL tool-use loop with-
out role decomposition or learned context alloca-
tion. Multi-agent baselines use four BANT-specific
Workers that concurrently collect evidence, summa-
rize it, and predict whether their assigned criterion
is qualified or failed; the final prediction is qualified
only if all Workers predict qualified, and otherwise
fails the criteria predicted as failed.

5.3 Main Results

Our results for CoopHumanEval and MultiWebGen
in Figure 2 show that DCA consistently improves
over all evaluated baselines. DCA improves over
the strongest fixed-context RL baseline on Coo-
pHumanEval and the margin is substantially larger
on MultiWebGen. This pattern supports our cen-
tral claim: when coordination depends on evolving
cross-role state, such as endpoint names, request
and response schemas, and state-update conven-
tions, learning the observation interface provides a
benefit beyond training Workers or applying fixed
routing rules.

The comparison against fixed-context RL base-
lines is especially important. MAGRPO and
CoLLM-CC improve Worker behavior through
shared rewards, but they keep each Worker’s ob-
servation interface fixed. DCA’s gains over these
baselines show that multi-agent RL benefits from
learning not only what Workers generate, but also
what task state each Worker observes before genera-
tion. 1 The non-RL baselines follow the same trend:
fixed-protocol coordination methods improve over
non-coordinated methods by adding communica-
tion or shared-memory structure, but their informa-
tion flow remains prompt-defined through broad
broadcast, fixed routing, or heuristic scores.

In Figure 3, DCA also performs strongly on
CRM lead qualification. DCA with 4B Workers
and a Context Allocator outperforms all evaluated
frontier single-agent models and further widens the
gap with 8B models. The contrast with MAGRPO
is particularly informative: DCA with smaller 4B
Workers and a Context Allocator outperforms MA-
GRPO with larger 8B Workers. This indicates that
the gain is not explained by role specialization or

1Appendix C analyzes the Context Allocator’s context-
editing operations, and Appendix D shows that learned con-
text allocation itself provides substantial gains with frozen
Workers.

Worker / Context
Coop

HumanEval
Multi

WebGen

Independent / Full history 46.3 15.5
Independent / Previous round 48.8 20.2
MAGRPO / Full history 68.8 31.1
MAGRPO / Previous round 72.5 35.5

DCA 80.0 51.7

Table 1: Comparison with static history-based context
policies. Reported values are Test Pass Rates for Coo-
pHumanEval and E2E Pass Rates for MultiWebGen.

Method E2E Pass Rate (%)

MAGRPO 35.5
DCA / random SCOPE 23.5
DCA / broadcast-to-all 40.0
DCA w/o UPDATE 47.3
DCA w/o DELETE 48.6
DCA w/o SCOPE 43.1
DCA w/o UPDATE+DELETE 41.8

DCA 51.7

Table 2: Context-editing ablations on MultiWebGen.

Worker scale alone, but by learning how task state
should be maintained and routed to each role.

5.4 Ablations

Static History Policies vs. Dynamic Context Al-
location. We test whether static history exposure
can replace dynamic context allocation. Full his-
tory gives each Worker all of its previous actions
and feedback, while previous-round history gives
only the immediately preceding action and feed-
back. Table 1 shows that both MAGRPO vari-
ants underperform DCA, and full history does not
improve over previous-round history. This sug-
gests that DCA’s gains come from learned task-
state maintenance and role-specific allocation, not
simply from exposing more context, or shortening
the prompt.

Context-Editing Operations. We evaluate two
complementary aspects of the Context Allocator’s
editing behavior on MultiWebGen: how it con-
trols visibility and how it modifies task-state. First,
to isolate the effect of learned visibility, random
SCOPE replaces learned assignments with random
ones while retaining the remaining system compo-
nents and experimental settings, whereas broadcast-
to-all exposes every active Context Board slot
to both Workers. Both variants underperform
DCA in Table 2. Second, we remove individual
context-editing operations from the Allocator’s ac-



tion space. Among the evaluated single-operation
removals, the largest drop comes from removing
SCOPE; WRITE can still assign initial visibility in
this variant, but the Allocator cannot revise it later.
Although each operation-removal ablation remains
above MAGRPO, the performance drops show that
the evaluated editing operations help DCA revise,
discard, and scope task-state effectively. Together,
these results indicate that DCA benefits both from
learned role-specific visibility and from the ability
to maintain evolving task-state.

6 Conclusion

This work frames per-Worker observation control
as a learnable coordination problem for concurrent
multi-agent LLMs. DCA instantiates this view with
an RL-trained Context Allocator that maintains a
bounded Context Board, edits evolving task-state
entries, and constructs role-specific Worker views
before each generation round. Across code gener-
ation, full-stack web development, and CRM lead
qualification, DCA improves over diverse base-
lines, showing that effective multi-agent coordi-
nation depends on learning what each Worker ob-
serves, not only what it generates. For future work,
we plan to expand our experimental setup to eval-
uate teams with 8–16 roles beyond our 2 and 4
agent setup, as well as cross-task zero-shot transfer
to new roles, tools, output schemas, or feedback
channels.

Limitations

DCA adds one sequential Context Allocator gen-
eration before the Workers act in each round. On
four-Worker CRM lead qualification, this increases
latency, although DCA remains faster than serial
execution of the same roles (Appendix H).

Ethical Considerations

This work aims to improve coordination among
role-specialized LLM agents, rather than to auto-
mate any particular high-stakes decision process.
However, DCA-like systems may be applied to
domains such as enterprise decision-making or
software development, where incorrect outputs, bi-
ased evidence, or inappropriate handling of sen-
sitive information could have downstream conse-
quences. Since the Context Board stores the task-
state, including task constraints, Worker outputs,
execution feedback, and Context Allocator guid-
ance, practical deployments should incorporate

data minimization, access control, logging, and
privacy-preserving handling of sensitive records.
In business-facing tasks such as lead qualification,
DCA should be used as a decision-support system
with appropriate human oversight, especially when
outputs may affect customers, organizations, or
allocation of opportunities.
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Appendix
A Detailed Implementation of Baselines

Shared Experimental Setup. For CoopHu-
manEval and MultiWebGen, we control the evalu-
ation setup across all multi-agent methods. Each
method uses the benchmark-specific task format,
the same Worker backbone, a round budget of three
rounds, the same decoding configuration, the same
output extraction rule, and the same evaluator. The
fixed roles are main/auxiliary Workers for CoopHu-
manEval, backend/frontend Workers for MultiWe-
bGen, and budget/authority/need/timeline Work-
ers for CRM lead qualification. Unless otherwise
stated, baselines in the main results use previous-
round history. Full-history conditioning is evalu-
ated separately in the ablation study in Section 5.4.
DCA uses the same Worker backbone and role
definitions, but additionally introduces the learned
Context Allocator and structured Context Board
described in Section 4.2. For CRM lead qualifica-
tion, we evaluate DCA under the role-specialized
multi-agent setting described in Section 5.1, while
frontier-model baselines use the single-agent tool-
use protocol detailed below.

Independent. Each Worker operates without any
cross-agent communication. The input to each
Worker consists of the task description, its role
instruction, its own previous output, and the latest
environment feedback.

Self-Refine. Each Worker performs round-based
iterative self-improvement. The input to each
Worker consists of the task description, its role
instruction, its previous output, the latest environ-
ment feedback, and an instruction to first critique
its own previous output is appended to the end of
follow-up prompt before producing a revised out-
put. This process is performed independently for
each Worker without any cross-agent interaction.

Self-Consistency. Each Worker generates mul-
tiple candidate outputs per round by sampling di-
verse responses. All combinations of candidate
outputs across Workers are evaluated using the en-
vironment, and the best-performing combination is
selected according to execution-based metrics. The
selected outputs are then used as the input for the
next round. This baseline relies on diversity and
selection rather than explicit coordination between
Workers.

https://openreview.net/forum?id=z5uVAKwmjf


MAD. Each Worker is allowed to observe other
Workers’ outputs from the previous round and re-
vise its own output. The input to each Worker con-
sists of the task description, its role instruction, its
own previous output, the previous outputs of other
Workers, and the latest environment feedback. This
baseline captures collaborative refinement through
reviewing other agents’ outputs.

AutoGen. A conversation-formatting agent con-
verts previous Worker outputs and environment
feedback into a structured sequence of role-
attributed dialogue turns, following the message-
list format. Each Worker output is cast as an
assistant-role turn and each environment feed-
back as a user-role turn, preserving full content
without condensation. All Workers then receive
this same dialogue history, together with their role
instruction and previous output, when generating
their responses. This baseline directly instanti-
ates AutoGen-style multi-agent coordination via
a shared message history, without additional sum-
marization or filtering.

MetaGPT. A shared structured workspace is
maintained across external rounds. At each round,
a prompted LLM labeler converts previous Worker
actions and environment feedback into structured
workspace entries under a fixed metadata schema.
The labeler annotates entries with metadata such as
producer role, message type, affected interface, de-
pendency type, failure category, and relevant role
tags, but does not choose recipient Workers. In-
stead, each Worker retrieves entries whose meta-
data match fixed, hand-specified subscription rules
for its role, together with its own previous action
and environment feedback. This baseline adapts
publish–subscribe communication: messages are
labeled by a prompted LLM, but visibility is deter-
mined by predefined subscription rules rather than
learned or reward-optimized context allocation.

RCR-Router. A shared structured memory is
maintained across external rounds, adapting role-
aware context routing. At each round, previous
Worker outputs, evaluator feedback, and extracted
interface or failure information are converted into
structured memory entries. Each entry is annotated
using a fixed metadata schema, including the pro-
ducer role, round index, message type, task stage,
affected interface, failure category, and relevant
role tags. Unlike MetaGPT, Workers do not re-
trieve entries through hand-designed subscription

rules. Instead, before each Worker is invoked, a
router scores all memory entries using fixed role-
relevance, task-stage, and recency features, and
greedily selects the highest-scoring entries under
a fixed token budget. For scoring, we follow the
heuristic form of RCR-Router and compute

α(m;R(i), St) = wroleScorerole(m,R(i))

+ wstageScorestage(m,St)

+ wrecScorerec(m, t).

Scorerole is 1 if the memory entry contains role-
relevant tags or interface keywords for Worker i,
and 0 otherwise. Scorestage is 1 if the entry type
matches the current stage, such as requirement, im-
plementation, feedback, interface, or failure, and
0 otherwise. Scorerec is an exponential recency
weight based on the entry round index. Unless oth-
erwise stated, we set all weights to 1.0 and greedily
select entries in descending score order until the
token budget is exhausted. The selected entries
are inserted into the corresponding Worker prompt
together with the task description, role instruction,
the Worker’s own previous output, and evaluator
feedback. This baseline uses the heuristic scorer-
based routing mechanism where structured mem-
ory is selectively exposed to each Worker under
fixed scoring and token-budget rules rather than a
reward-optimized context allocation policy.

MAGRPO. Workers are trained using shared
task-level rewards and executable feedback, while
the input to each Worker follows the same fixed
context construction as the Independent baseline.
No Context Allocator, shared memory, or cross-
agent communication mechanism is introduced.
This baseline isolates the effect of reinforcement
learning on Worker policies without any explicit
coordination mechanism.

CoLLM-CC. CoLLM-CC uses the same fixed-
context multi-agent setting as MAGRPO: Work-
ers are trained from shared task-level rewards and
executable feedback, and each Worker receives
the same context as in the Independent baseline.
Unlike MAGRPO, CoLLM-CC introduces one
learned centralized critic shared across Workers
to estimate returns and compute policy advantages
during training. The critic is used only during train-
ing; at execution time, there is no Context Alloca-
tor, shared memory, or cross-agent communication
mechanism.



Baselines of CRM Lead Qualification. For the
frontier-model baselines, we use the same single-
agent tool-use protocol for all API models. The
model receives the task instance, task metadata, tar-
get lead id, and a compact SQLite schema summary.
At each round, the model may issue up to four SQL
queries to gather evidence, observing the executed
results after each query. In subsequent rounds, the
model receives all the results including the accumu-
lated SQL queries and observations from previous
round. The model alternates between generating
SQL queries and observing query results until it
either has enough evidence to answer or reaches
the SQL budget. The baseline does not use role
decomposition, a Context Board, or multi-agent
communication; a single model is responsible for
both evidence retrieval and the final BANT deci-
sion.

Listing 1: Self-Refine Critique Prompt
Critique your previous {role} output above.

Identify what is wrong, missing, or could be
improved given the execution diagnostics.

Be concise. Do NOT output any code; output
ONLY the critique text.

Listing 2: AutoGen-Formatting Agent Prompt
You are the conversation-formatting agent of a

shared-conversation
multi-worker system.

Your task is to convert previous Worker outputs
and environment

feedback into a structured sequence of role-
attributed dialogue

turns. This dialogue history will be shown to
all Workers in the

next round as their shared conversational
context.

Benchmark: {benchmark_name}
Required output slots: {role_slots}

Task description:
{task_description}

Role instructions:
{role_instructions}

Previous Worker outputs:
{previous_worker_outputs}

Environment feedback:
{environment_feedback}

Previous shared dialogue turns:
{previous_dialogue_turns}

Formatting rules:
1. Each Worker output must be cast as a single

dialogue turn with

role "assistant" and speaker attributed to
the producing Worker

(e.g., "[WorkerA]: ...").
2. Each environment feedback item must be cast

as a dialogue turn
with role "user" and speaker "environment".

3. Preserve the original content of each output
or feedback

verbatim. Do not paraphrase, condense, or
omit information.

4. Append new turns after the previous shared
dialogue turns in

chronological order.
5. Do not invent content not present in the

inputs.
6. Do not merge multiple outputs into a single

turn.
7. Do not add commentary, interpretation, or

meta-information
beyond the structured turns.

Return only a valid JSON object in the following
format:

{
"dialogue_turns": [
{
"turn_id": "string",
"role": "assistant | user",
"speaker": "one of {role_slots} |

environment",
"content": "string"

}
]

}

Listing 3: MetaGPT Message Labeler Prompt
You are the message-labeling agent of a role-

subscription multi-worker system.

Your task is to convert previous Worker outputs
and environment feedback into structured
workspace entries.

Benchmark: {benchmark_name}
Required output slots: {role_slots}

Task description:
{task_description}

Role instructions:
{role_instructions}

Previous Worker outputs:
{previous_worker_outputs}

Environment feedback:
{environment_feedback}

Existing workspace entries:
{previous_workspace_entries}

Use the following fixed metadata schema.

Allowed producer_role values:
{role_slots}, environment, shared

Allowed message_type values:



implementation_decision, interface_contract,
dependency, unresolved_question,

bug_report, test_feedback, algorithmic_edge_case,
data_format,

api_signature, constraint, clarification,
obsolete

Allowed dependency_type values:
none, requires_consistency, blocks_other_role,

depends_on_other_role,
shared_assumption, evaluator_required_change

Allowed failure_category values:
none, syntax_error, runtime_error, test_failure,

interface_mismatch,
missing_requirement, wrong_output_format,

incomplete_implementation,
logic_error, uncertain

Allowed role tags:
{role_slots}, all

You must:
1. Create structured entries from previous

Worker outputs and environment feedback.
2. Preserve source attribution.
3. Label each entry using only the allowed

metadata values.
4. Mark information that is relevant to all

Workers with the role tag "all".
5. Mark role-specific information with the

relevant role tags.
6. Mark stale or superseded information as

message_type "obsolete" when appropriate.

You must not:
1. Directly choose recipient Workers.
2. Create new output slots.
3. Change the benchmark task decomposition.
4. Invent information not supported by the

inputs.
5. Perform semantic retrieval or learned routing.

The actual visibility of entries will be
determined only by fixed subscription rules
outside this prompt.

Return only a valid JSON object in the following
format:

{
"workspace_entries": [
{
"entry_id": "string",
"source": "previous_worker_output |

environment_feedback |
previous_workspace",

"producer_role": "one of the allowed
producer_role values",

"message_type": "one of the allowed
message_type values",

"content": "string",
"affected_interface": "string or none",
"dependency_type": "one of the allowed

dependency_type values",
"failure_category": "one of the allowed

failure_category values",
"role_tags": [
"one or more of the allowed role tags"

],
"status": "active | unresolved | resolved |

obsolete"
}

]
}

Listing 4: MetaGPT Entry Selection Prompt
You are the entry-selection module of a role-

subscription multi-worker system.

Your task is to select workspace entries for a
Worker using fixed role-specific
subscription rules.

Worker slot:
{worker_slot}

Workspace entries:
{workspace_entries}

Fixed subscription rules for this Worker:
{subscription_rules}

You must select entries only if their metadata
match the fixed subscription rules.

You must not select entries based on semantic
judgment beyond the given rules.

You must not rewrite, merge, or reinterpret
entries.

You must not create new entries.
You must not directly route information

adaptively.

Always include:
1. Entries tagged with the Worker slot.
2. Entries tagged with "all".
3. Environment feedback entries allowed by the

subscription rules.
4. Active unresolved dependencies involving the

Worker slot.

Exclude:
1. Entries marked as obsolete, unless the

subscription rules explicitly request
obsolete entries.

2. Entries whose role tags and message types do
not match the subscription rules.

Return only a valid JSON object in the following
format:

{
"selected_entry_ids": [
"string"

],
"selected_entries": [
{
"entry_id": "string",
"producer_role": "string",
"message_type": "string",
"content": "string",
"affected_interface": "string or none",
"dependency_type": "string",
"failure_category": "string",
"role_tags": [
"string"

],
"status": "string"



}
]

}

Listing 5: RCR-Router routed-memory Worker prompt
prefix.
You are the {role} Worker in a fixed-role

concurrent generation system.

You will receive routed memory entries selected
for your role from a shared structured
memory.

Use them to revise your role-specific output and
maintain consistency with the other Worker.

[ROUTED MEMORY]
{routed_memory_entries}

Guidelines:
- Use the routed memory to address relevant

feedback, errors, interfaces, and
dependencies.

- Respect your assigned role.
- Do not directly produce the other Worker's

output.
- Ensure your output remains compatible with the

other Worker's role-specific output.
- If routed memory conflicts with evaluator

feedback, prioritize evaluator feedback.

[TASK]
{task_description}

[ROLE INSTRUCTION]
{role_instruction}

[YOUR PREVIOUS OUTPUT]
{own_previous_output}

[LATEST EVALUATOR FEEDBACK]
{evaluator_feedback}

Now produce the next version of your role-
specific output.

Listing 6: Single-agent frontier-model System Prompt
You are a careful CRM analyst solving lead

qualification tasks.
Use the SQLite CRM database observations to

decide whether the lead is qualified.
If the lead is not qualified, identify exactly

which BANT factors fail:
Budget, Authority, Need, Timeline.

You can request one SQL query at a time.
Do not invent evidence not supported by the task

or SQL observations.
The final answer must be a JSON list: ["

Qualified"] or a canonical-order subset
of ["Budget", "Authority", "Need", "Timeline"].

The initial user message is instantiated from the
following template:

Listing 7: Single-agent frontier-model Initial User
Prompt

Task:
{task.query}

Task metadata:
{task_metadata}

Lead Id: {lead_id}

SQLite schema summary:
{schema_summary}

Important hints:
- The lead id in metadata is the lead to

evaluate.
- Voice call transcripts are usually in

VoiceCallTranscript__c with LeadId__c
and Body__c.

- The Lead table gives the lead identity/title/
status.

- Knowledge__kav may contain product or
competitor context if the transcript

mentions it.
- Use multiple SQL steps when needed; finalize

as soon as you have enough
evidence.

- If more evidence is needed, ask for another
SQL query instead of guessing.

- Use at most {max_steps} SQL steps before
finalizing.

Return only JSON. For a SQL step:
{
"sql": "SELECT ... LIMIT 20",
"rationale": "short reason"

}

For the final answer:
{
"final_response": ["Qualified"],
"reasoning": "brief evidence-based explanation

"
}

If not qualified, use a non-empty canonical-
order subset, for example:

{"final_response": ["Budget", "Timeline"], "
reasoning": "..."}

After each model-generated SQL query, the
evaluator executes the query against the local
CRMArena-Pro SQLite database and appends a
follow-up message:

Listing 8: Single-agent frontier-model Follow-Up
Prompt
SQL execution result:
SQL:
{sql}

status: {status}
observation:
{observation}

Continue with one more SQL query if more
evidence is needed, or finalize if the

evidence is sufficient.
Return only JSON in one of these forms:



{"sql": "SELECT ... LIMIT 20", "rationale":
"..."}

{"final_response": ["Qualified"], "reasoning":
"..."}

{"final_response": ["Budget", "Authority"], "
reasoning": "..."}

If the model reaches the query budget without
producing a final answer, the model is forced to
generate a final decision with:

Listing 9: Single-agent frontier-model Final Decision
Prompt
You have reached the SQL budget. Produce the

final answer now.
Return only valid JSON using one of the

following formats.
If the lead satisfies all BANT criteria, return:
{"final_response": ["Qualified"], "reasoning":

"..."}
Otherwise, return:
{"final_response": ["<

unmet_or_unverified_criterion>", "..."], "
reasoning": "..."}

B MultiWebGen

We introduce MultiWebGen, a benchmark for eval-
uating multi-agent collaborative code generation in
full-stack web development. Each task simulates
a realistic development setting in which a back-
end agent and a frontend agent jointly implement
a web application. Both agents are provided with
a shared Product Requirements Document (PRD),
agent-specific private observations, and executable
test suites for evaluation. This setup enforces col-
laboration under partial information and enables
evaluation of coordination, role specialization, and
end-to-end functionality.

Source and Task Selection. MultiWebGen is
constructed from the training split of WebGen-
Bench (Lu et al., 2025). From this pool, we se-
lect 120 tasks using a two-stage process combin-
ing heuristic scoring and diverse selection. Tasks
are filtered to 15 application categories (e.g., e-
commerce, dashboards, CRM/ERP, social plat-
forms) while excluding domains such as games,
animations, or streaming that are less aligned with
structured web workflows. Scoring prioritizes in-
structions containing CRUD operations, form inter-
actions, and API/database concepts, while penal-
izing overly short or excessively long descriptions.
To ensure diversity, tasks are grouped by category
and selected in a round-robin manner before filling
the remaining quota with top-scoring candidates.
The final set is split into 80 training, 20 valid, and
20 test tasks using a fixed random seed.

Endpoint Extraction and Feature Construction.
For each task, we use a LLM-based pipeline to
extract a compact set of API endpoints that define
a coherent mini-application centered around a pri-
mary resource. Each endpoint specifies its HTTP
method, path (normalized to /api/...), descrip-
tion, resource schema, input fields (for POST/PUT).
The model also produces a simplified instruction
and a scenario identifier. This instruction is further
rewritten into an implementation-ready feature de-
scription that removes framework-specific details,
assumes a fixed stack (React + Express.js), and de-
scribes concrete data fields and user interactions.
The result forms the core specification used by both
agents. All extraction and rewriting stages use de-
terministic decoding to improve consistency across
generated specifications.

PRD and Agent Observations. From the ex-
tracted endpoints and rewritten description, we
generate three documents using deterministic tem-
plates. The PRD contains the feature description,
endpoint specifications, and the fixed technical
stack, intentionally describing what to build with-
out prescribing how. The backend observation
instructs the backend agent to implement an Ex-
press.js router with in-memory storage and proper
HTTP semantics, outputting only route handler
code. The frontend observation instructs the fron-
tend agent to implement a React functional com-
ponent using the fetch API, including UI elements
and user feedback.

Test Generation and Refinement. Each task in-
cludes two executable test suites. Backend tests
are written in Jest with supertest and verify end-
point existence, valid and invalid request handling,
and appropriate status codes, without assuming
strict response schemas. Frontend tests are writ-
ten using React Testing Library with fetch mock-
ing, verifying API calls triggered by rendering and
user interactions. Importantly, rather than rely-
ing on LLM-as-a-judge for evaluation, we adopt
programmatically executable tests to enable scal-
able reinforcement learning. LLM-based judging
is prohibitively expensive and slow when used as
a reward signal during RL training, especially in
multi-agent settings. In contrast, our test-based
evaluation provides a lightweight, deterministic,
and fast reward signal that is suitable for large-
scale training. While these tests do not enforce
full end-to-end integration or strict semantic cor-
rectness, they are sufficient to ensure that agents



Figure 4: Overview of MultiWebGen.

align on shared API contracts and produce a min-
imally functional web application, which is the
primary objective in collaborative code generation.
To improve robustness, all tests undergo a LLM
(GPT-5.2) fix pass that corrects unrealistic assump-
tions, ensures proper mocking, removes redundant
checks, and aligns expectations with in-memory
implementations.

Dataset Format and Statistics. Each record con-
tains a unique task identifier, application category,
scenario name, PRD, backend and frontend obser-
vations, corresponding test suites, endpoint defi-
nitions, and metadata. MultiWebGen consists of
120 tasks (80 train, 20 valid, 20 test), each contain-
ing 3–5 endpoints across 15 application categories.
The dataset provides a controlled yet realistic envi-
ronment for studying multi-agent collaboration in
full-stack code generation. All task specifications
are substantially rewritten through endpoint extrac-
tion, feature reconstruction, and agent-specific de-
composition. The benchmark redistributes only

newly generated specifications, prompts, and ex-
ecutable evaluation assets derived from publicly
available source tasks. For reproducibility, the full
benchmark and prompts accompany the paper. We
will publicly release the dataset under a permissive
research license.

Frontier Workers and Allocator Transfer. To
calibrate MultiWebGen, we first evaluate frontier
models under the Independent protocol. Each
model uses a 4,096-token budget per Worker, top-p
1.0, temperature 0.0, three rounds, and previous-
round conditioning; the independent results are
averaged over three runs. We then reuse the
MultiWebGen-trained Context Allocator check-
point with each frontier Worker backbone, without
further training either the Allocator or the Work-
ers. This tests cross-backbone transfer on the same
task distribution, rather than cross-task zero-shot
generalization.



Worker model w/o CA w/ CA ∆

GPT-5.5 48.4 57.3 +8.9
Claude-Opus-4.7 47.5 56.8 +9.3
Gemini-3.1-Pro 45.4 51.0 +5.6

Table 3: E2E Pass Rate (%) on MultiWebGen with and
without the transferred Context Allocator.

C Analysis of Context Allocator
Operations

We further analyze how the learned Context Allo-
cator uses the context-editing operation space. This
analysis complements the main results by exam-
ining whether the Context Allocator behaves as a
static planner or as an active context manager over
the course of multi-round collaboration.

C.1 Counting Protocol

For each evaluation episode, we parse the Context
Allocator output between <OPS> and </OPS> and
count each valid executable operation. Invalid op-
erations, malformed JSON entries, and operations
dropped by the reserved-key policy are excluded
from the operation counts. Importantly, we do not
count the automatic environment append step as a
Context Allocator WRITE. After each Worker gener-
ation step, Worker outputs and executable feedback
are appended to the context board by the environ-
ment update. These automatic additions are not
Context Allocator-authored memory edits. How-
ever, if the Context Allocator later applies SCOPE or
DELETE to environment-appended Worker-output
or feedback slots, we count those operations be-
cause they are explicit Context Allocator decisions
about what information should remain available
and which Workers should see it.

C.2 Aggregate Operation Frequency

Table 4 reports aggregate operation frequencies
on CoopHumanEval and MultiWebGen. The two
benchmarks induce different Context Allocator be-
haviors. CoopHumanEval is centered on a com-
pact function-level interface between a helper func-
tion and a main function. As a result, the Context
Allocator often creates a small number of initial
coordination slots and then performs limited re-
vision. MultiWebGen, in contrast, requires back-
end and frontend Workers to maintain agreement
over endpoint paths, HTTP methods, request bod-
ies, response schemas, and state-update behavior
across several interactions. This produces a mod-

erately larger number of Context Allocator edits
per episode, especially in repair turns where the
Context Allocator must route feedback and revise
shared interface assumptions.

The aggregate distribution shows that MultiWe-
bGen requires more active context management
than CoopHumanEval, but the increase is concen-
trated in revision and visibility-control operations
rather than in additional initial planning. On Multi-
WebGen, UPDATE and SCOPE together account for
more than sixty percent of all Context Allocator
operations. This indicates that the Context Allo-
cator frequently revises existing coordination state
and adjusts role-specific visibility, rather than only
writing new instructions.

The relative decrease of WRITE from CoopHu-
manEval to MultiWebGen is also informative. In
CoopHumanEval, many episodes can be coordi-
nated by writing a helper-side plan, a main-side
plan, and a shared function contract. In Multi-
WebGen, the initial API contract is only the start-
ing point: subsequent execution feedback often
reveals mismatches between frontend assumptions
and backend behavior, requiring the Context Allo-
cator to update the shared contract, revise a role-
specific plan, or scope specific feedback to the
responsible Worker. Thus, the higher operation
count on MultiWebGen reflects continued context
management over the course of collaboration, not
simply a larger initial plan.

C.3 Round-wise Operation Profile on
MultiWebGen

To distinguish initial planning from later context
management, we further break down MultiWeb-
Gen operations by Context Allocator turn. Table 5
shows that WRITE operations are concentrated in
the initial turn, where the Context Allocator creates
the backend plan, frontend plan, and shared API
contract. These initial writes define the division
of labor and the interface assumptions that both
Workers should follow.

In the repair turns, the Context Allocator’s behav-
ior shifts from creating new slots to maintaining ex-
isting coordination state. After Worker outputs and
executable feedback are appended to the context
board, the Context Allocator mainly uses UPDATE to
revise role-specific plans or interface contracts, and
SCOPE to route feedback to the Workers that need
it. For example, frontend rendering or missing-
field failures can be scoped to the frontend Worker,
while endpoint, status-code, or request-body fail-



Benchmark Valid Ops. Ops./Episode WRITE UPDATE DELETE SCOPE

CoopHumanEval 98.7% 7.1± 1.9 3.6 (50.7%) 1.5 (21.1%) 0.5 (7.0%) 1.5 (21.1%)
MultiWebGen 97.9% 11.4± 3.2 3.8 (33.3%) 3.2 (28.1%) 0.5 (4.4%) 3.9 (34.2%)

Table 4: Frequency of Context Allocator context-editing operations in DCA. We count valid executable operations
emitted during evaluation. Ops./Episode denotes the average number of Context Allocator operations per task
episode. Percentages are computed within each benchmark.

Context Allocator Turn Ops./Episode WRITE UPDATE DELETE SCOPE

Round 1 3.1 3.1 (100.0%) 0.0 (0.0%) 0.0 (0.0%) 0.0 (0.0%)
Round 2 6.0 0.6 (10.0%) 2.1 (35.0%) 0.3 (5.0%) 3.0 (50.0%)
Round 3 2.3 0.1 (4.3%) 1.1 (47.8%) 0.2 (8.7%) 0.9 (39.1%)

Table 5: Round-wise operation profile on MultiWebGen.

ures can be scoped to the backend Worker or to
both Workers when they indicate an interface mis-
match.

This round-wise pattern suggests that DCA does
not merely act as an initial planning module. The
small number of later WRITE operations corre-
spond to genuinely new coordination slots, such
as backend-status or unresolved-issue notes, while
DELETE is used conservatively to remove stale or
interfering information. Overall, the MultiWebGen
profile shows that the learned Context Allocator
performs active repair-time context management:
it updates task state, controls role-specific visibil-
ity, and selectively prunes the buffer as the joint
solution evolves.

D DCA with Frozen Workers

To isolate the effect of learning context allocation
from the effect of improving Worker policies, we
evaluate a frozen-Worker variant of DCA on Coo-
pHumanEval and MultiWebGen. In this setting, the
Worker models are kept fixed throughout training,
and only the Context Allocator is optimized with
reinforcement learning from shared task rewards.
The Context Allocator still observes the Context
Board, applies the same symbolic context-editing
operations, and constructs role-specific Worker
views, but the Workers themselves are not updated.

Table 6 reports mean and standard deviation over
five independent runs. The frozen-Worker results
show that learning context allocation alone pro-
vides substantial gains, but does not fully explain
DCA’s performance. On CoopHumanEval, frozen-
Worker DCA improves over fixed-protocol base-
lines but remains below fixed-context RL baselines,
suggesting that Worker policy learning is still im-

portant for function-level code generation. On Mul-
tiWebGen, frozen-Worker DCA surpasses worker-
only RL baselines, indicating that cross-role obser-
vation control is especially valuable when backend
and frontend implementations must maintain con-
sistent API contracts. The remaining gap to full
DCA shows that context allocation and Worker
policy learning are complementary.

Method

Coop
HumanEval

Multi
WebGen

Mean Std. Mean Std.

Independent 48.8 2.8 20.2 0.5
RCR-Router 63.8 2.8 29.5 1.3
MAGRPO 72.5 3.4 35.5 0.6
CoLLM-CC 73.8 2.8 32.4 0.9

DCA w/ Frozen Workers 67.5 2.8 40.7 1.4
DCA 80.0 2.8 51.7 0.5

Table 6: Performance of DCA with frozen Workers on
CoopHumanEval and MultiWebGen. Only the Context
Allocator is trained, while Worker models are kept fixed.
CoopHumanEval reports Test Pass Rate (%), and Multi-
WebGen reports E2E Pass Rate (%).

E Detailed Experimental Results

This section reports the full numerical results of
CoopHumanEval, MultiWebGen, and CRM lead
qualification, including mean performance and
standard deviation across five independent runs,
to provide statistical support for the comparisons
in the main text.



Method CoopHumanEval MultiWebGen

Mean Std. Mean Std.

Independent 48.8 2.8 20.2 0.5
Self-Refine 53.8 3.4 21.9 0.4
Self-Consistency 50.0 4.4 24.3 2.2
MAD 55.0 2.8 27.9 0.8
AutoGen 62.5 0.0 24.6 0.6
MetaGPT 61.3 2.8 27.4 0.6
RCR-Router 63.8 2.8 29.5 1.3
MAGRPO 72.5 3.4 35.5 0.6
CoLLM-CC 73.8 2.8 32.4 0.9
DCA 80.0 2.8 51.7 0.5

Table 7: Detailed results on CoopHumanEval and Mul-
tiWebGen. CoopHumanEval reports Test Pass Rate (%),
and MultiWebGen reports E2E Pass Rate (%).

Model Mean Std.

Llama-3.1-70B 13.0 2.7
Claude-Sonnet-4.5 33.0 2.7
Claude-Opus-4.5 41.0 2.2
Claude-Opus-4.7 44.0 2.2
Gemini-3-Flash 32.0 2.7
Gemini-3.1-Pro 43.0 2.7
GPT-5-mini 28.0 2.7
GPT-5.2 39.0 4.2
GPT-5.5 46.0 2.2
Qwen3-4B-Inst (4W) 15.0 3.5
Qwen3-8B (4W) 18.0 2.7
MAD-4B (4W) 17.0 2.7
AutoGen-4B (4W) 21.0 2.2
MetaGPT-4B (4W) 20.0 2.2
RCR-Router-4B (4W) 21.0 2.2
MAGRPO-4B (4W) 26.0 2.2
MAGRPO-8B (4W) 30.0 3.5
DCA-4B (4W+1CA) 49.0 2.2
DCA-8B (4W+1CA) 54.0 2.2

Table 8: Detailed results on CRM lead qualification. We
report Exact Match Rate (%). Qwen3-4B-Inst (4W) and
Qwen3-8B (4W) denote four-Worker baselines using
the corresponding base models.

F Additional Experiments

F.1 Memory-R1-Style Multi-Agent
Adaptation

Memory-R1 (Yan et al., 2026) was designed for
memory-augmented question answering with a
Memory Manager and one downstream Answer
Agent. To adapt its allocation pattern to MultiWe-
bGen, one Memory Manager edits a shared bank
with Memory-R1’s operation set, but does not con-
struct role-specific views before Worker execution.
Each Worker instead receives the full bank and
uses its Worker policy both to select role-relevant
entries and to generate its benchmark-defined out-
put. This comparison directly evaluates DCA’s
dedicated per-Worker view construction against

Method E2E Pass Rate (%)

MAGRPO 35.5
Memory-R1-style adaptation 43.4
DCA 51.7

Table 9: Comparison with a Memory-R1-style adapta-
tion on MultiWebGen.

Model Original Role-decomposed

Gemini-3.1-Pro 43.0 45.0
Claude-Opus-4.7 44.0 48.0
GPT-5.5 46.0 49.0

Table 10: Exact Match Rate (%) on CRM lead quali-
fication. Role decomposition changes the single-agent
prompt, not its SQL budget or number of model in-
stances.

answer-side filtering; Section F reports the result.

The adaptation exceeds fixed-context MAGRPO
on MultiWebGen, showing that learned memory
management is useful in this setting. DCA is 8.3
E2E points higher than the adaptation (Table 9);
the comparison evaluates this architectural alterna-
tive but does not identify which implementation
difference causes the gap.

F.2 Role-Decomposed Single-Agent CRM
Baselines

The original frontier baseline lets one model re-
trieve evidence and directly predict the final label.
The role-decomposed variant instead instructs the
same model to solve the four BANT criteria explic-
itly and aggregate them, while retaining the same
SQL budget and single-model tool-use protocol.
Table 10 shows that this stronger prompt improves
all three frontier models. The best result, GPT-5.5
at 49.0%, matches DCA-4B but remains 5.0 points
below DCA-8B.
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Figure 5: Training curves on CoopHumanEval for DCA
and the fixed-context RL baselines.

25 50 75 100
Training Progress (%)

50

60

70

80

E2
E 

Pa
ss

 R
at

e 
(%

)

MultiWebGen

DCA MAGRPO CoLLM-CC

Figure 6: Training curves on MultiWebGen for DCA
and the fixed-context RL baselines.

H Latency Comparison

We additionally measure end-to-end wall-clock la-
tency on a test split of CRM lead qualification. This
analysis focuses on whether concurrent role execu-
tion reduces latency relative to a sequential BANT
decomposition under the same per-call model size.
Each example requires a BANT decision over four
criteria.

To avoid confounding latency with early stop-
ping, all systems use a fixed three-round inference
protocol. No system is allowed to emit a final
BANT prediction before the end of round 3. Inter-
mediate outputs from rounds 1 and 2 are treated
only as internal evidence and may be carried for-
ward to later rounds, but they are not normalized,
evaluated, or used as an early stopping condition.

System Schedule Gen. Mean (s)

Sequential Serial Workers 24 11.80
Concurrent Concurrent Workers 24 5.05
DCA Context Allocator + Concurrent Workers 27 8.50

Table 11: Latency on CRM lead qualification. “Gen.”
denotes the number of LLM generations per example.

System Round 1 (s) Round 2 (s) Round 3 (s) Total (s)

Sequential 3.80 3.90 4.10 11.80
Concurrent 1.45 1.51 2.09 5.05
DCA 3.20 2.44 2.86 8.50

Table 12: Mean per-round wall-clock latency under the
fixed three-round protocol.

Timing starts when the system receives the lead-
qualification input and stops only after the final
round-3 BANT prediction has been produced.

All systems use Qwen3-4B-Instruct-2507 served
with the same vLLM backend on the same B200
hardware. Each criterion-level Worker call consists
of two model generations: first a SQL proposal,
then a criterion decision after SQL execution.

We compare three fixed-round schedules. Se-
quential uses one active model stream and eval-
uates the four BANT criteria serially in each
round, in the fixed order Budget–Authority–Need–
Timeline. To keep the observation protocol com-
parable to concurrent Workers, outputs produced
earlier within the same round are not exposed to
later criterion calls until the next round. Concur-
rent removes the Context Allocator and executes
the four role-specific BANT Workers in parallel in
each round. This schedule is the CRM lead qualifi-
cation analogue of the Independent baseline used in
CoopHumanEval and MultiWebGen: each Worker
follows its own role, history, and feedback, with-
out learned context allocation or access to other
Workers’ same-round outputs. DCA uses the same
four Workers plus one Context Allocator. At each
round, the Context Allocator first edits and scopes
the context board, after which the four Workers act
concurrently from their role-specific views.

The reported wall-clock time includes model
decoding, SQL tool calls, Context Allocator gen-
eration when applicable, context-buffer operations
when applicable, and deterministic final aggrega-
tion. It excludes offline costs such as model load-
ing, training, and data preprocessing.

Table 11 shows that concurrent Worker execu-
tion reduces latency relative to serializing the same
BANT decomposition with the same model size.
Concurrent execution reduces mean latency from



11.80 to 5.05 seconds per task. DCA adds one Con-
text Allocator generation per round, raising latency
by 3.45 seconds over concurrent execution, but re-
mains 3.30 seconds faster than serial role execution.
Table 12 shows the same pattern at the round level:
both concurrent schedules shorten the serial BANT
critical path, while DCA trades part of this latency
gain for learned context allocation.

I Prompts

I.1 CoopHumanEval

Listing 10: Context Allocator System prompt
You are the Controller of a collaborative coding

team. You coordinate workers by editing a
board with JSON ops.

Listing 11: Context Allocator initial instruction prompt
You are the Controller for a collaborative

coding task.
Two workers use a Controller-maintained board:
- Worker 0 writes a helper function named `aux

()`.
- Worker 1 writes the main function `{

entry_point}` which must call aux().

Problem:
{problem}

Initial context board (read-only env slots,
visible to both workers):

{initial_context_board}

Your job is to seed the board with coordination
slots so that each worker only sees the
information it actually needs to solve its
part.

You do NOT modify reserved environment slots --
your only authoring is via WRITE on
coordination slots you create yourself.

Output an ordered list of edit operations inside
<OPS>...</OPS> as JSON.

Available ops: WRITE, UPDATE, DELETE, SCOPE.

Operation semantics:
- WRITE(k, v, vis): create a NEW coordination

slot with key k, value v, and visibility vis
.

- UPDATE(k, v): replace the value of an existing
coordination slot with v, preserving its

visibility.
- DELETE(k): remove a coordination slot you

previously wrote.
- SCOPE(k, vis'): change the visibility list of

slot k to vis'. The value is preserved
verbatim.

Reserved-key policy:
- WRITE / UPDATE on `problem`, `entry_point`,`

worker_*_code_t*`, `feedback_*` are dropped.
- DELETE on `problem` / `entry_point` is dropped.

- DELETE on `worker_*_code_t*` / `feedback_t*`
IS allowed.

- SCOPE on reserved keys is allowed.

Rules:
- `vis` must be a list of ints in [0, 1]. vis

=[0] = Worker 0 only, vis=[1] = Worker 1
only, vis=[0,1] = shared, vis=[] = hide.

- Pick visibility deliberately.
- WRITE values must be plain natural-language

coordination notes -- never emit code.

Example:
<OPS>
[
{"op":"WRITE","key":"contract","value":"...","

vis":[0,1],}
{"op":"WRITE","key":"aux_focus","value":"...","

vis":[0],}
{"op":"WRITE","key":"main_focus","value":"...","

vis":[1]}
]
</OPS>

Listing 12: Context Allocator follow-up instruction
prompt (round > 0)
You are the Controller for a collaborative

coding task. Two workers
use a Controller-maintained context board:
- Worker 0 writes a helper function named `aux

()`.
- Worker 1 writes the main function `{

entry_point}` which must call aux().

Original problem:
{problem}

Current board:
{rendered_board}

Output an ordered list of edit operations inside
<OPS>...</OPS> as JSON.

Available ops: WRITE, UPDATE, DELETE, SCOPE.

Operation semantics:
- WRITE(k, v, vis): create a NEW coordination

slot with key k, value v (natural-language
plan / contract / hint), and visibility vis.

- UPDATE(k, v): replace the value of an existing
coordination slot with v, preserving its
visibility.

- DELETE(k): remove a coordination slot you
previously wrote.

- SCOPE(k, vis'): change the visibility list of
slot k to vis'. The value is preserved
verbatim.

Reserved-key policy:
- WRITE / UPDATE on `problem`, `entry_point` are

dropped.
- DELETE on `problem` / `entry_point` is dropped.

- DELETE on `worker_*_code_t*` / `feedback_t*`
IS allowed.

- SCOPE on reserved keys is allowed.

Rules:



- `vis` must be a list of ints in [0, 1]. vis
=[0] = Worker 0 only, vis=[1] = Worker 1
only, vis=[0,1] = shared, vis=[] = hide.

- Pick visibility deliberately.
- WRITE / UPDATE values must be plain natural-

language coordination notes -- never emit
code.

- Use UPDATE to tighten an existing slot without
changing its audience; use SCOPE to change

only the audience.
- Keep total slot count below {max_slots}.
- Keep total slot count below {max_slots}.

Example:
<OPS>
[
{"op":"UPDATE","key":"contract","value":"..."}
{"op":"UPDATE","key":"aux_focus","value

":"..."},
]
</OPS>

Listing 13: Worker-0 aux function instruction prompt
Create a helper function for this coding problem.

Problem:
{problem}

Coordination instructions:
{filtered_context_view}

IMPORTANT INSTRUCTIONS:
- Output ONLY the function code, no explanations

or examples
- Do NOT include markdown code blocks
- Do NOT include any text before or after the

function
- Do NOT include test cases or example usage
- Create a helper function named 'aux' that can

assist the main function
- The function should return useful data for

solving the problem

Your output should follow this format:

def aux(...):
# your function code here
return result

Listing 14: Worker-1 main function instruction prompt
Solve this coding problem by implementing the

required function.

Problem:
{problem}

Coordination instructions:
{filtered_context_view}

You have access to a helper function: aux(...)

IMPORTANT INSTRUCTIONS:
- Output ONLY the function code, no explanations

or examples
- Do NOT include markdown code blocks
- Do NOT include any text before or after the

function

- Do NOT include test cases or example usage
- Implement ONLY the '{entry_point}' function as

specified
- You MUST call aux() to assign value to a

variable within your function
- Do NOT redefine the aux() function

Your output should follow this format:

def {entry_point}({params}):
# your function code with aux() call here
return result

I.2 MultiWebGen

Listing 15: Context Allocator System prompt
You are the Controller of a collaborative full-

stack web development team. You coordinate
workers by editing a board with JSON ops.

Listing 16: Context Allocator initial instruction prompt
Two workers use a Controller-maintained board

and will build a full-stack web application
together:

- Worker 0 (Backend) writes Express.js route
handlers.

- Worker 1 (Frontend) writes React components
that call the backend via fetch().

Instruciton:
{simplified_instruction}

Product Requirements:
{prd}

Initial context board (read-only env slots,
visible to both workers):

{initial_context_board}

Your job is to seed the board with coordination
slots so that each worker only sees the
information it actually needs to solve its
part.

You do NOT modify reserved environment slots --
your only authoring is via WRITE on
coordination slots you create yourself.

Output an ordered list of edit operations inside
<OPS>...</OPS> as JSON.

Available ops: WRITE, UPDATE, DELETE, SCOPE.

Operation semantics:
- WRITE(k, v, vis): create a NEW coordination

slot with key k, value v (natural-language
plan / API contract / hint), and visibility
vis.

- UPDATE(k, v): replace the value of an existing
coordination slot with v, preserving its
visibility.

- DELETE(k): remove a coordination slot you
previously wrote.

- SCOPE(k, vis'): change the visibility list of
slot k to vis'. The value is preserved
verbatim. This is the channel for exposing
reserved slots across the backend/frontend
boundary.



Reserved-key policy:
- WRITE / UPDATE on `instruction`, `prd`, `

worker_*_code_t*`, `feedback_*` are dropped.
- DELETE on `instruction` / `prd` is dropped.
- DELETE on `worker_*_code_t*` / `feedback_t*`

IS allowed.
- SCOPE on reserved keys IS allowed.

Rules:
- `vis` must be a list of ints in [0, 1]. vis

=[0] = backend only, vis=[1] = frontend only
, vis=[0,1] = shared, vis=[] = hide.

- WRITE values must be plain natural-language
coordination notes, never JavaScript or JSX.

Example:
<OPS>
[
{"op":"WRITE","key":"contract","value":"...","

vis":[0,1]}
{"op":"WRITE","key":"backend_focus","value

":"...","vis":[0]}
{"op":"WRITE","key":"frontend_focus","value

":"...","vis":[1]}
]
</OPS>

Listing 17: Context Allocator follow-up instruction
prompt (round > 0)
You are the Controller for a collaborative full-

stack web development task. Two workers use
a Controller-maintained board:

- Worker 0 writes Express.js route handlers (
the backend).

- Worker 1 writes React components (the
frontend) that call the backend via fetch
().

Instruciton:
{simplified_instruction}

Product Requirements:
{prd}

Current board:
{rendered_board}

Output an ordered list of edit operations inside
<OPS>...</OPS> as JSON.

Available ops: WRITE, UPDATE, DELETE, SCOPE.

Rules:
- `vis` must be a list of ints in [0, 1]. vis

=[0] = backend only, vis=[1] = frontend only
, vis=[0,1] = shared, vis=[] = hide.

- Pick visibility deliberately.
- Use UPDATE to tighten an existing slot without

changing its audience; use SCOPE to change
only the audience.

- WRITE / UPDATE values must be plain natural-
language coordination notes, never
JavaScript, JSX, or any other code.

- Keep total slot count below {max_slots}.

Example:
<OPS>
[

{"op":"UPDATE","key":"contract","value":"..."}
{"op":"SCOPE","key":"feedback_t1","vis":[0]}
]

Listing 18: Worker System prompt
You are an expert full-stack JavaScript

developer. Write clean, correct code for
Express.js backends and React frontends.
Follow REST conventions and ensure API
contracts between backend routes and
frontend fetch calls are consistent. Return
ONLY the implementation code without
explanations or markdown formatting.

Listing 19: Worker-0 backend instruction prompt
Implement an Express.js backend for a web

application.

Product Requirements:
{prd}

Your specific task:
{backend_observation}

{filtered_context_view}

IMPORTANT INSTRUCTIONS:
- Output ONLY the Express.js route handler code,

no explanations
- Do NOT include markdown code blocks
- Do NOT include any text before or after the

code
- Implement all required API endpoints as

Express.js router handlers
- Use EXACT endpoint paths and HTTP methods from

the provided task context
- Start with: const express = require('express')

; const router = express.Router();
- End with: module.exports = router;

Listing 20: Worker-1 frontend instruction prompt
Implement a React frontend component for a web

application.

Product Requirements:
{prd}

Your specific task:
{frontend_observation}

Coordination instructions:
{filtered_context_view}

IMPORTANT INSTRUCTIONS:
- Output ONLY the React component code, no

explanations
- Do NOT include markdown code blocks
- Do NOT include any text before or after the

code
- Use fetch() calls to communicate with the

backend API
- Match fetch endpoint paths and HTTP methods

EXACTLY to the backend contract
- End with: export default ComponentName;



I.3 CRM Lead Qualification

Listing 21: Context Allocator System prompt
You are the Controller for a CRM lead-

qualification team. You coordinate workers
by editing a board with JSON ops.

Listing 22: Context Allocator instruction prompt
You are the Controller / Context Allocator for a

CRM lead-qualification task.

Workers and visibility ids:
- 0 = budget
- 1 = authority
- 2 = need
- 3 = timeline

Task query:
{task_query}

Task metadata:
{task_metadata}

Task Persona:
{task_persona}

Current context board:
{full_context_buffer}

Current round: {round_idx} of {max_rounds}
{terminal_rule}

Decision ownership:
- The Controller allocates context and routes

information across workers.
- Each worker writes SQL, observes the query

result, summarizes role-specific evidence,
and makes the decision for its own BANT
criterion.

- The final lead-qualification answer is derived
from worker decisions.

Output only edit operations inside <OPS>...</OPS
> as JSON.

Available ops: WRITE, UPDATE, DELETE, SCOPE.

Operation schema:
- WRITE(k, v, vis): create a NEW coordination

slot with key k, value v (natural-language
plan / contract / hint), and visibility vis.

- UPDATE(k, v): replace the value of an existing
coordination slot with v, preserving its

visibility.
- DELETE(k): remove a coordination slot you

previously wrote.
- SCOPE(k, vis'): change the visibility list of

slot k to vis'. The value is preserved
verbatim.

Rules:
- Use worker visibility ids deliberately. Budget

=0, Authority=1, Need=2, Timeline=3.
- WRITE/UPDATE values should be concise natural-

language coordination notes, not SQL,
evidence judgments, or BANT decisions.

- You may SCOPE worker_* and feedback_* slots to
expose exact prior evidence to specific

workers.

- Do not write final_response or failed BANT
labels; workers are responsible for role-
specific decisions.

- SQL errors, empty observations, and
missing_information are uncertainty, not
failure evidence. Use context allocation to
help workers gather better evidence.

Example:
<OPS>
[
{"op":"WRITE","key":"budget_focus","value

":"...","vis":[0]},
{"op":"WRITE","key":"authority_focus","value

":"...","vis":[1]},
{"op":"WRITE","key":"need_focus","value

":"...","vis":[2]},
{"op":"WRITE","key":"timeline_focus","value

":"...","vis":[3]}
]
</OPS>

Listing 23: Context Allocator follow-up instruction
prompt (round > 0)
You are the Controller / Context Allocator for a

CRM lead-qualification task.

Workers and visibility ids:
- 0 = budget
- 1 = authority
- 2 = need
- 3 = timeline

Task query:
{task_query}

Task metadata:
{task_metadata}

Task Persona:
{task_persona}

Current context board:
{full_context_buffer}

Current round: {round_idx} of {max_rounds}
{terminal_rule}

Decision ownership:
- The Controller allocates context and routes

information across workers.
- Each worker writes SQL, observes the query

result, summarizes role-specific evidence,
and makes the decision for its own BANT
criterion.

- The final lead-qualification answer is derived
from worker decisions.

Output only edit operations inside <OPS>...</OPS
> as JSON.

Available ops: WRITE, UPDATE, DELETE, SCOPE.

Operation schema:
- WRITE(k, v, vis): create a NEW coordination

slot with key k, value v, and visibility vis
.

- UPDATE(k, v): replace the value of an existing
coordination slot with v, preserving its
visibility.



- DELETE(k): remove a coordination slot you
previously wrote.

- SCOPE(k, vis'): change the visibility list of
slot k to vis'. The value is preserved
verbatim.

Reserved-key policy:
- WRITE / UPDATE on `task_query`, `task_metadata

`,`task_persona`, `worker_*_code_t*`, `
feedback_*` slots are dropped.

- DELETE on `task_query`, `task_metadata`, and `
task_persona` is dropped.

- DELETE on `worker_*_code_t*` / `feedback_*`
slots IS allowed.

- SCOPE on reserved keys IS allowed.

Rules:
- Use worker visibility ids deliberately. Budget

=0, Authority=1, Need=2, Timeline=3.
- Pick visibility deliberately.
- Use UPDATE to tighten an existing coordination

slot without changing its audience; use
SCOPE to change only the audience.

- Use SCOPE to expose exact prior worker
evidence, SQL results, or feedback only to
the workers that need it.

- WRITE / UPDATE values must be concise natural-
language coordination notes, not SQL,
evidence judgments, BANT decisions,
final_response values, or failed BANT labels
.

- Do not decide whether the lead is qualified;
workers are responsible for role-specific
decisions.

- SQL errors, empty observations, and
missing_information are uncertainty, not
failure evidence. Use context allocation to
help workers gather better evidence.

- Keep total slot count below {max_slots}.

Example:
<OPS>
[
{"op":"SCOPE","key":"worker_budget_summary_t0

","vis":[0]},
{"op":"UPDATE","key":"authority_focus","value

":"..."}
]
</OPS>

Listing 24: Worker System prompt
You are a role-specific CRM BANT evidence worker.

Query only columns shown in schema_summary,
avoid hallucinated Salesforce fields,

summarize only evidence for your assigned
criterion, make a decision for that
criterion from the SQL result, and return
the requested JSON exactly.

Listing 25: Worker role instruction blocks
Budget worker:
Find evidence about whether the lead has budget.

Authority worker:
Find evidence about whether the contact has

buying authority.

Need worker:
Find evidence about whether the lead has a clear

business need or pain point that the
product can address.

Timeline worker:
Find evidence about whether the lead has a clear

buying, evaluation, or deployment timeline.

Listing 26: Worker SQL instruction prompt
You are a role-specific evidence collector for a

CRM lead qualification task.
In this SQL step, you do not decide whether the

lead is qualified.
In this SQL step, you do not output BANT failure

labels.
Your job is to write a SQLite query that

retrieves evidence relevant to your assigned
criterion.

Use only tables and columns that appear in the
visible schema_summary slot.

Do not invent Salesforce fields. If a useful
column is absent, query the available
transcript/lead/opportunity fields instead
of guessing a column name.

Role Instruction:
{role_instruction}

Visible context:
{visible_context}

Return only one compact JSON object, on one line,
with no markdown and no extra keys:

{
"sql": "SELECT ...;"

}

Listing 27: Worker evidence-summary instruction
prompt
You are a role-specific evidence collector for a

CRM lead qualification task.
You decide only whether your assigned BANT

criterion is satisfied, failed, or uncertain
.

You do not decide the full lead qualification
answer.

Your job is to summarize the SQL result and make
a role-specific decision from retrieved
evidence.

Role Instruciton:
{role_instruction}

Visible context:
{visible_context}

SQL you executed:
{sql_text}

DB status: {db_status}
DB observation:
{db_observation}

Summarize only role-specific evidence. Decide
only your assigned criterion, not the final
answer.



If DB status is 0, or the observation is an
error/empty because the SQL failed, set
decision to "uncertain"; do not treat query
failure as proof that the criterion failed.

Set decision to "failed" only when retrieved
records contain explicit negative evidence
for this criterion.

Set decision to "satisfied" only when retrieved
records contain explicit positive evidence
for this criterion and no explicit blocker.

Return only JSON with keys: role, criterion,
evidence_summary, supporting_records,
decision, confidence.

J Qualitative Results

We present qualitative examples using the actual
outputs generated by the models in our experiments,
showing the first two rounds for readability. In the
Context Allocator outputs, the fields op, key, vis,
and value correspond to the operation, κ, vis, and
v introduced in the method section, respectively.

J.1 CoopHumanEval
Task calculate_rectangle_area(dimensions)

Listing 28: Round 1: Context Allocator output
<OPS>
[
{"op":"WRITE","key":"contract","value":"aux(

dimensions: list[int]) -> bool validates
whether the input satisfies the task
constraints. calculate_rectangle_area(
dimensions) is the main function that
returns the final area.","vis":[0,1]}

{"op":"WRITE","key":"aux_focus","value":"
Implement helper function aux(dimensions) to
validate the input list and return True for
valid inputs, otherwise False.","vis":[0]},

{"op":"WRITE","key":"main_focus","value":"
Implement calculate_rectangle_area(
dimensions). Use aux(dimensions) for
validation, then compute square or rectangle
area.","vis":[1]},

]
</OPS>

Listing 29: Round 1: Worker-0 aux output
def aux(dimensions):

if not dimensions or len(dimensions) > 2:
return False

return all(isinstance(x, (int, float)) and x
> 0 for x in dimensions)

Listing 30: Round 1: Worker-1 main output
def calculate_rectangle_area(dimensions):

if not aux(dimensions):
return -1

if len(dimensions) == 1:
return dimensions[0] ** 2

return dimensions[0] * dimensions[1]

Listing 31: Round 2: Context Allocator output
<OPS>
[
{"op":"DELETE","key":"worker_0_code_t1"},
{"op":"UPDATE","key":"contract","value":"aux(

dimensions: list[int]) -> bool validates
whether the input is a list of 1 or 2
positive integers only.
calculate_rectangle_area(dimensions) must
call aux(dimensions); if valid, it computes
and returns the geometric area, otherwise
returns -1."},

{"op":"UPDATE","key":"aux_focus","value":"Revise
aux(dimensions) to strictly enforce the
specification: accept only Python lists
containing 1 or 2 positive integers, and
reject empty lists, lists longer than 2, non
-integers, and non-positive values."},

]
</OPS>

Listing 32: Round 2: Worker-0 aux output
def aux(dimensions):

if not isinstance(dimensions, list):
return False

if not dimensions or len(dimensions) > 2:
return False

return all(isinstance(x, int) and x > 0 for x
in dimensions)

Listing 33: Round 2: Worker-1 main output
def calculate_rectangle_area(dimensions):

if not aux(dimensions):
return -1

if len(dimensions) == 1:
side = dimensions[0]
return side * side

length, width = dimensions
return length * width

J.2 MultiWebGen
Task manageProductionWorkOrders

Express.js backend with five endpoints (POST
/api/users/login, POST/GET/PUT/DELETE
/api/work-orders) and a React frontend that
consumes them. Worker-0 implements the
backend; Worker-1 implements the frontend.

Listing 34: Round 1: Context Allocator output
<OPS>
[
{"op":"WRITE","key":"contract","value":"Wire

format: every work-order record is a JSON
object {id:number, orderNumber, productCode,
quantity, dueDate, priority, status}. POST/
PUT responses MUST echo all submitted fields
verbatim in the top-level body (not nested)
. GET /api/work-orders returns a top-level
JSON array of such records. Empty POST/PUT
body -> 400 JSON {error:string}. Frontend
renders every field of every record as
visible text so the response payload is
observable in the DOM.","vis":[0,1]}



{"op":"WRITE","key":"backend_focus","value":"
Implement an Express router exposing all
five endpoints. Use an in-memory array `
workOrders` keyed by an auto-incrementing `
id`. POST /api/work-orders must echo every
submitted field back in the response body so
the frontend can render it without a second
GET. Reject empty bodies on POST/PUT with

400. GET must always return 200 with a JSON
array (empty if none).","vis":[0]},

{"op":"WRITE","key":"frontend_focus","value":"
Implement a single React component with
three sections: a login form, a work-order
creation form, and a work-order list. On
mount, GET /api/work-orders and render every
returned record's fields directly into the

DOM (id, orderNumber, productCode, quantity,
dueDate, status, priority). Provide a Login
button that POSTs to /api/users/login, and

a Create button that POSTs to /api/work-
orders. After a successful create, append
the echoed record to the list state so the
UI updates without refetching.","vis":[1]},

]
</OPS>

Listing 35: Round 1: Worker-0 backend output
const express = require('express');
const router = express.Router();

let workOrders = [];
let nextId = 1;

router.post('/api/users/login', (req, res) => {
const { email, password } = req.body || {};
if (!email || !password) {
return res.status(400).json({ error: 'email

and password required' });
}
res.status(200).json({ email, token: 'session_

' + Date.now() });
});

router.post('/api/work-orders', (req, res) => {
const body = req.body || {};
if (Object.keys(body).length === 0) {
return res.status(400).json({ error: 'empty

body' });
}
const record = { id: nextId++, status: '

pending', ...body };
workOrders.push(record);
res.status(201).json(record);

});

router.get('/api/work-orders', (req, res) => {
res.status(200).json(workOrders);

});

router.put('/api/work-orders', (req, res) => {
const body = req.body || {};
if (Object.keys(body).length === 0) {
return res.status(400).json({ error: 'empty

body' });
}
const idx = workOrders.findIndex(w => w.id ===

body.id);
const updated = idx >= 0 ? { ...workOrders[idx

], ...body } : { ...body };

if (idx >= 0) workOrders[idx] = updated;
res.status(200).json(updated);

});

router.delete('/api/work-orders', (req, res) =>
{

const removed = workOrders.length;
workOrders = [];
res.status(200).json({ removed });

});

module.exports = router;

Listing 36: Round 1: Worker-1 frontend output
import React, { useState, useEffect } from '

react';

function App() {
const [orders, setOrders] = useState([]);
const [email, setEmail] = useState('');
const [password, setPassword] = useState('');
const [form, setForm] = useState({});

useEffect(() => {
fetch('/api/work-orders')
.then(r => r.json())
.then(setOrders);

}, []);

const login = () => {
fetch('/api/users/login', {
method: 'POST',
headers: { 'Content-Type': 'application/

json' },
body: JSON.stringify({ email, password })

});
};

const create = () => {
fetch('/api/work-orders', {
method: 'POST',
headers: { 'Content-Type': 'application/

json' },
body: JSON.stringify(form)

})
.then(r => r.json())
.then(rec => setOrders(prev => [...prev,

rec]));
};

return (
<div>
<input value={email} onChange={e =>

setEmail(e.target.value)} />
<input value={password} onChange={e =>

setPassword(e.target.value)} />
<button onClick={login}>Login</button>
<input onChange={e => setForm({ ...form,

orderNumber: e.target.value })} />
<button onClick={create}>Create</button>
<ul>
{orders.map(o => (
<li key={o.id}>{o.orderNumber} {o.

productCode} {o.status}</li>
))}

</ul>
</div>

);
}



export default App;

Listing 37: Round 2: Context Allocator output
<OPS>
[
{"op": "SCOPE","key": "feedback_t1","vis": [1]
},
{"op": "UPDATE","key": "frontend_focus","value":

"The current frontend submits only
orderNumber and displays only orderNumber,
productCode, and status. Revise the create
form to collect orderNumber, productCode,
quantity, dueDate, and priority, and submit
them as a JSON body to POST /api/work-orders
. Revise the work-order list to display the
created/returned work-order fields needed by
the PRD: orderNumber, productCode, quantity

, dueDate, priority, and status. Keep the
existing /api/users/login and /api/work-
orders paths unchanged."

},
{"op": "UPDATE","key": "contract","value": "Wire

format unchanged. A work-order record is a
top-level JSON object with fields {id,
orderNumber, productCode, quantity, dueDate,
priority, status}. POST /api/work-orders

returns the created work-order object. GET /
api/work-orders returns an array of work-
order objects. The frontend should use these
same field names in create requests and

display the PRD-relevant work-order fields
in the list view."

},
{"op": "SCOPE","key": "frontend_focus","vis":

[1]
},
{"op": "SCOPE","key": "contract","vis": [0, 1]
}
]
</OPS>

Listing 38: Round 2: Worker-1 frontend output
import React, { useState, useEffect } from '

react';

function App() {
const [orders, setOrders] = useState([]);
const [creds, setCreds] = useState({ email: '',

password: '' });
const [form, setForm] = useState({
orderNumber: '', productCode: '', quantity:

'', dueDate: '', priority: ''
});
const [msg, setMsg] = useState('');

useEffect(() => {
fetch('/api/work-orders')
.then(r => r.json())
.then(data => setOrders(Array.isArray(data)

? data : []));
}, []);

const login = () => {
fetch('/api/users/login', {
method: 'POST',
headers: { 'Content-Type': 'application/

json' },

body: JSON.stringify(creds)
})
.then(r => r.json())
.then(() => setMsg('logged in'))
.catch(() => setMsg('login failed'));

};

const create = () => {
fetch('/api/work-orders', {
method: 'POST',
headers: { 'Content-Type': 'application/

json' },
body: JSON.stringify(form)

})
.then(r => r.json())
.then(rec => setOrders(prev => [...prev,

rec]));
};

return (
<div>
<h2>Login</h2>
<input value={creds.email}

onChange={e => setCreds({ ...creds,
email: e.target.value })} />

<input value={creds.password}
onChange={e => setCreds({ ...creds,

password: e.target.value })} />
<button onClick={login}>Login</button>
<span>{msg}</span>

<h2>Create Work Order</h2>
{Object.keys(form).map(field => (
<input key={field}

value={form[field]}
onChange={e => setForm({ ...form, [

field]: e.target.value })} />
))}
<button onClick={create}>Create</button>

<h2>Work Orders</h2>
<ul>
{orders.map((o, i) => (
<li key={o.id ?? i}>
{Object.entries(o).map(([k, v]) => (
<span key={k}>{String(v)} </span>

))}
</li>

))}
</ul>

</div>
);

}

export default App;

J.3 CRM Lead Qualification

Task (LeadId=00QWt000008989sMAA)

The gold BANT failure label is Authority.

Listing 39: Round 1: Context Allocator output
<OPS>
[
{"op":"WRITE","key":"budget_focus", "value":"

Check approved budget, cost objections,
procurement blockers, or ROI concerns.","
vis":[0]},



{"op":"WRITE","key":"authority_focus","value
":"Check whether the contact can approve
purchase or requires manager, executive,
procurement, or committee approval.","vis
":[1]},

{"op":"WRITE","key":"need_focus","value":"
Check whether the lead has a concrete pain
point and product fit.","vis":[2]},

{"op":"WRITE","key":"timeline_focus","value":"
Check whether a buying, evaluation, or
deployment timeline is explicit.","vis
":[3]}

]
</OPS>

Listing 40: Round 1: Worker-Budget output
{
"role": "Budget Evidence Worker",
"criterion": "Budget",
"evidence_summary": "The lead mentioned a

current budget of $3,203 and interest in
discounts or financing options.",

"supporting_records": [
{"Body__c": "We have a current budget of $3

,203, but discounts or financing options
would help."}

],
"decision": "satisfied",
"confidence": 0.7

}

Listing 41: Round 1: Worker-Authority output
{
"role": "Authority Evidence Worker",
"criterion": "Authority",
"evidence_summary": "Raj Patel explicitly

stated that he does not have full
financial authority to approve large
expenses and needs internal discussion
before a decision.",

"supporting_records": [
{
"Body__c": "Raj Patel: That would be very

helpful since I don't have full
financial authority to approve large
expenses.",

"Title": "VP of Technology Integration"
}

],
"decision": "failed",
"confidence": 0.9

}

Listing 42: Round 1: Worker-Need output
{
"role": "Need Evidence Worker",
"criterion": "Need",
"evidence_summary": "The lead expressed a

concrete need to optimize energy
consumption and reduce costs, with product
interest aligned to that need.",

"supporting_records": [
{"Body__c": "We are looking for ways to

optimize energy consumption and reduce
costs."}

],

"decision": "satisfied",
"confidence": 0.8

}

Listing 43: Round 1: Worker-Timeline output
{
"role": "Timeline Evidence Worker",
"criterion": "Timeline",
"evidence_summary": "The lead described

urgency and a short installation schedule,
indicating an explicit implementation
timeline.",

"supporting_records": [
{"Body__c": "We are on a tight schedule and

would need installation within three
days."}

],
"decision": "satisfied",
"confidence": 0.7

}

Listing 44: Round 2: Context Allocator output
<OPS>
[
{"op":"SCOPE","key":"worker_budget_summary_t0

","vis":[0]},
{"op":"SCOPE","key":"

worker_authority_summary_t0","vis":[1,2]},
{"op":"SCOPE","key":"worker_need_summary_t0","

vis":[2,3]},
{"op":"SCOPE","key":"

worker_timeline_summary_t0","vis":[3]},
{"op":"UPDATE","key":"authority_focus",
"value":"Verify whether the authority blocker

is explicit negative evidence rather
than merely missing information; decide
Authority only from retrieved records."}

]
</OPS>

K Running Example: Context Board
Evolution

We provide a step-by-step running exam-
ple of DCA on the CoopHumanEval task
calculate_rectangle_area(dimensions)
from Appendix J. While Appendix J reports the
raw model outputs, this section traces how those
outputs are represented in the Context Board and
how role-specific Worker views are constructed.
For readability, long slot values in the listings
are abbreviated with ellipses (...); the examples
preserve the actual keys, visibility sets, and state
transitions.

Following Section 4, let Bt denote the Context
Board before the Context Allocator acts, and let
B+

t = apply(Bt, a
(c)
t ) denote the board after the

Context Allocator edits it. Each slot is represented
as (key, value, visibility), where visibility
is the set of Workers that may observe the slot.



Initial board. The episode begins with reserved
environment slots visible to both Workers.

Listing 45: Initial Context Board B0.
B_0 = [
("problem","...",[0, 1]),
("entry_point","...",[0, 1])

]

Round 1 allocator action. The Context Alloca-
tor writes a shared contract and two role-specific
contexts.

Listing 46: Round 1 Context Allocator action a
(c)
0 .

<OPS>
[
{"op": "WRITE","key": "contract","value":

"...""vis": [0, 1],},
{"op": "WRITE","key": "aux_focus","value":

"...""vis": [0],},
{"op": "WRITE","key": "main_focus","value":

"...""vis": [1],}
]
</OPS>

Board after allocator edits. After applying the
allocator action, the board contains both reserved
environment slots and allocator-written coordina-
tion slots.

Listing 47: Context Board after Round 1 allocator edits,
B+

0 .
B_0^+ = [
("problem", "...", [0, 1]),

("entry_point", "...", [0, 1]),
("contract","...",[0, 1]),
("aux_focus","...",[0]),
("main_focus","...",[1])

]

Scoped Worker views. The Worker observations
are induced by slot visibility. Worker 0 receives
the helper-side plan, while Worker 1 receives the
main-function plan. Both receive the shared task
slots and contract.

Listing 48: Scoped Worker views at Round 1.
C_0^(0) = [
("problem", "..."),
("entry_point", "..."),
("contract", "..."),
("aux_focus", "...")

]

C_0^(1) = [
("problem", "..."),
("entry_point", "..."),
("contract", "..."),
("main_focus", "...")

]

Worker execution and deterministic append.
The Workers act concurrently from their scoped
views. Their outputs and evaluator feedback are
then appended to the same Context Board using
deterministic bookkeeping.

Listing 49: Round 1 Worker outputs and deterministic
append.
append(B_0^+, a_0^(w), y_0) adds:
("worker_0_code_t1", "...", [0])
("worker_1_code_t1", "...", [1])
("feedback_t1","...",[0, 1])

Board before the next allocator round. Once
appended, Worker outputs and feedback become or-
dinary Context Board slots. At the next round, the
Context Allocator observes them and may retain,
update, delete, or scope them.

Listing 50: Context Board before Round 2 allocator
edits, B1.
B_1 = [
("problem", "...", [0, 1]),
("entry_point", "...", [0, 1]),
("contract", "...", [0, 1]),
("aux_focus", "...", [0]),
("main_focus", "...", [1]),
("worker_0_code_t1", "...", [0]),
("worker_1_code_t1", "...", [1]),
("feedback_t1","...",[0, 1])

]

Round 2 allocator revision. The Context Alloca-
tor now edits the board. In this example, it deletes
the stale helper implementation, tightens the shared
contract, and revises the helper-side plan.

Listing 51: Round 2 Context Allocator action a
(c)
1 .

<OPS>
[
{"op": "DELETE","key": "worker_0_code_t1"},
{"op": "UPDATE","key": "contract","value":

"..."},
{"op": "UPDATE","key": "aux_focus","value":

"..."}
]
</OPS>

Revised board and Worker views. After the
Round 2 edits, the stale helper code is removed,
while the shared contract and helper-specific plan
are updated. The main Worker still receives the
shared contract, but only Worker 0 receives the
revised helper plan.

Listing 52: Context Board after Round 2 allocator edits,
B+

1 .
B_1^+ = [
("problem", "...", [0, 1]),



("entry_point", "...", [0, 1]),
("contract","...",[0, 1]),
("aux_focus","...",[0]),
("main_focus","...",[1]),
("worker_1_code_t1", "...", [1]),
("feedback_t1","...", [0, 1])

]

Listing 53: Scoped Worker views at Round 2.
C_1^(0) = [
("problem", "..."),
("entry_point", "..."),
("contract", "..."),
("aux_focus", "..."),
("feedback_t1", "...")

]

C_1^(1) = [
("problem", "..."),
("entry_point", "..."),
("contract", "..."),
("main_focus", "..."),
("worker_1_code_t1", "..."),
("feedback_t1", "Hidden tests fail because aux

accepts floats ...")
]

This running example makes the state transition
explicit. Allocator guidances, Worker actions, and
environment feedback are all represented as Con-
text Board slots. Worker actions and feedback
are introduced through deterministic append op-
erations, but after they are appended, they become
ordinary slots that the Context Allocator can retain,
update, delete, or scope in later rounds.

L Pseudocode

For compactness, Algorithm 1 writes π(c) = π
(c)
θc

and π(i) = π
(i)
θi

.

M Implementation Details

All fine-tuned agents are adapted with LoRA while
keeping the base model weights frozen. We use
the same LoRA configuration across all methods
and roles: rank r = 32, scaling factor α = 32,
dropout 0.0, target_modules=all-linear, and
bias=none. The Context Allocator and Workers
are parameterized by separate adapters. For ef-
ficient rollout collection and evaluation, we use
vLLM as the generation backend. For evalua-
tion, we use comparable test-set sizes across bench-
marks, following the size of the CoopHumanEval
test split. Unless otherwise stated, we sample with
temperature 0.7 and top-p = 0.7. The decoding
configuration is fixed across compared methods
within each benchmark unless otherwise specified.
We format the DCA Context Allocator outputs

Algorithm 1 DCA Training

Input: Policies π(c), {π(i)}Ni=1, prompts ρ(c), {ρ(i)}Ni=1,
group size G, horizon H , discount γ, board capacity K

1: for update u = 1, . . . , U do
2: Sample task prompt x
3: for rollout g = 1, . . . , G do
4: Initialize sg0 ∼ p0 and Bg

0 ← ∅
5: for t = 0, . . . , H − 1 do
6: o

(c),g
t ← [ρ(c), x, Bg

t ]

7: a
(c),g
t ∼ π(c)(· | o(c),gt )

8: B+,g
t ← apply(Bg

t , a
(c),g
t )

9: for all i = 1, . . . , N in parallel do
10: C

(i),g
t ← {(κ, vκ) | (κ, vκ, visκ) ∈

B+,g
t , i ∈ visκ}

11: o
(i),g
t ← [ρ(i), x, C

(i),g
t ]

12: a
(i),g
t ∼ π(i)(· | o(i),gt )

13: end for
14: a

(w),g
t ← (a

(1),g
t , . . . , a

(N),g
t )

15: (sgt+1, y
g
t , r

g
t ,done

g
t )← EnvStep(sgt ,a

(w),g
t )

16: Bg
t+1 ← append(B+,g

t ,a
(w),g
t , yg

t )

17: r
(c),g
t ← rgt + rgt,fmt

18: r
(i),g
t ← rgt for all i = 1, . . . , N

19: if donegt then
20: Tg ← t+ 1
21: break
22: end if
23: end for
24: end for
25: Compute discounted returns R(c),g

t and R
(i),g
t for all

valid steps t < Tg

26: Normalize returns within the group of G rollouts to
obtain A

(c),g
t and A

(i),g
t

27: Update θc using∑︁G
g=1

∑︁Tg−1
t=0 A

(c),g
t log π(c)(a

(c),g
t | o(c),gt )

28: for i = 1, . . . , N do
29: Update θi using∑︁G

g=1

∑︁Tg−1
t=0 A

(i),g
t log π(i)(a

(i),g
t | o(i),gt )

30: end for
31: end for

with <OPS> and </OPS> tags, and parse only the
operations enclosed between these tags as valid
context-allocation operations. Our initial codebase
is based on CoMLRL2. We use a single NVIDIA
A100 GPU for CoopHumanEval experiments, a
single NVIDIA H200 GPU for MultiWebGen ex-
periments, and two NVIDIA B200 GPUs for CRM
lead qualification experiments.

For CoopHumanEval experiments, we use the
CoopHumanEval dataset from OpenMLRL3. Fol-
lowing (Liu et al., 2026b), we use test[16:] as
the training split and test[:16] as the test split.
We use Qwen/Qwen2.5-Coder-3B-Instruct as
the base model. The maximum generation length is
set to 256 tokens for each Worker and 200 tokens

2https://github.com/OpenMLRL/CoMLRL
3https://huggingface.co/datasets/OpenMLRL/

CoopHumanEval

https://github.com/OpenMLRL/CoMLRL
https://huggingface.co/datasets/OpenMLRL/CoopHumanEval
https://huggingface.co/datasets/OpenMLRL/CoopHumanEval


for the Context Allocator. We train with learning
rate 2.0 × 10−5, per-device training batch size 1,
rollout buffer size 8, and 4 generations per prompt.
For rollout sampling, we use temperature 0.7 and
top-p = 0.7 for Workers, and temperature 0.6 and
top-p = 0.6 for the Context Allocator. The dis-
count factor is set to 0.9. Following (Liu et al.,
2026b), the task reward consists of four compo-
nents: structural integrity, syntactical correctness,
test pass rate, and cooperation quality. We use
a format reward with maximum value 0.4, multi-
plied by the fraction of generated operations that
are structurally valid. We set the maximum num-
ber of Context Board slots to 12, considering the
2-Worker, 3-round setting.

For MultiWebGen experiments, the dataset
accompanies the paper and will be pub-
licly released upon publication. We use
Qwen/Qwen2.5-Coder-3B-Instruct as the base
model. The maximum generation length is set
to 1280 tokens for each Worker and 768 tokens
for the Context Allocator. We train with learning
rate 4.0 × 10−5, per-device training batch size 1,
rollout buffer size 8, and 4 generations per prompt.
For rollout sampling, we use temperature 0.7 and
top-p = 0.7 for Workers, and temperature 0.6
and top-p = 0.6 for the Context Allocator. The
discount factor is set to 0.9. The task reward
follows the structure of CoopHumanEval, but
is adapted to full-stack web generation: it first
checks whether all PRD-required endpoints are
defined across the frontend and backend, and then
evaluates backend tests, frontend tests, and E2E
tests. We use the same format-reward design and
slot size as in CoopHumanEval.

For CRM lead qualification, we use the
CRMArena-Pro dataset4. We use the database
and evaluation code from the official CRMArena
codebase5. We use the first 70 examples as the
training set, the next 10 examples as the valida-
tion set, and the last 20 examples as the test set
from the CRMArena-Pro B2B lead qualification
task. We use Qwen/Qwen3-4B-Instruct-2507
and Qwen/Qwen3-8B as base models. The maxi-
mum generation length is set to 1024 tokens for
each Worker, consisting of 256 tokens for SQL
query generation and 768 tokens for evidence-
summary generation, and 512 tokens for the Con-

4https://huggingface.co/datasets/Salesforce/
CRMArenaPro

5https://github.com/SalesforceAIResearch/
CRMArena

text Allocator. We train with learning rate 2.0 ×
10−5, per-device training batch size 1, rollout
buffer size 8, and 8 generations per prompt. For
rollout sampling, we use temperature 0.7 and top-
p = 0.7 for Workers, and temperature 0.6 and top-
p = 0.6 for the Context Allocator. The discount
factor is set to 0.9. The task reward combines an
exact-match reward, which checks whether the pre-
dicted lead-qualification answer matches the gold
answer, and a label-F1 reward, which gives partial
credit based on whether the individual qualification
criteria are correctly predicted. We use a format
reward with maximum value 0.2, multiplied by
the fraction of generated operations that are struc-
turally valid. Because this benchmark uses four
Workers, we set the maximum number of Context
Board slots to 20.

The code for this paper is available at
https://github.com/junho328/DCA.

N Disclosure of the AI assistant

In accordance with the ACL AI writing assistance
policy, we disclose the use of AI in this paper. We
used ChatGPT, an AI language model developed
by OpenAI, solely as a writing aid to enhance the
clarity and readability of our manuscript.

https://huggingface.co/datasets/Salesforce/CRMArenaPro
https://huggingface.co/datasets/Salesforce/CRMArenaPro
https://github.com/SalesforceAIResearch/CRMArena
https://github.com/SalesforceAIResearch/CRMArena
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