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Abstract

Large language model (LLM)-based multi-
agent systems (MAS) improve reasoning
through specialized collaboration, but dense
multi-round communication can increase
prompt cost and expose agents to outdated, re-
dundant, or noisy context. A prominent line
of MAS communication-efficiency work re-
duces communication through agent-, edge-, or
topology-level structural decisions, which oper-
ate on graph structure rather than the realized
text entering a specific receiver prompt. Such
structural decisions are too coarse for runtime
communication: messages sent over the same
edge may carry useful evidence in one query,
redundant content in another, or only a few
useful spans. We introduce MESSAGESIEVE,
a training-free runtime message pruning pol-
icy for fixed-graph MAS that operates on mes-
sage instances rather than agents or edges. Be-
fore prompt assembly, it uses lightweight state
cards and local message comparisons to pre-
serve original text, retain compact evidence, or
omit messages, without a trained selector or
additional LLM call. We evaluate MESSAGE-
SIEVE on two backbone models and five bench-
marks covering expert QA, math reasoning,
and code generation. Experiments show that
MESSAGESIEVE improves the macro-average
score over dense FULL MAS by 4.10 points
on Qwen3-8B and 2.59 points on Gemini 3.1
Flash-Lite, while reducing evaluation tokens by
19-49%.

1 Introduction

LLM-based multi-agent systems (MAS) have be-
come a practical way to improve difficult reasoning,
question answering, and code generation through
collaboration among specialized agents (Li et al.,
2023a; Chen et al., 2024; Du et al., 2024; Liang
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Figure 1: Static structural pruning reuses a fixed
node/edge mask across different queries under the same
MAS configuration. MESSAGESIEVE keeps the graph
unchanged and prunes instantiated messages at runtime,
choosing FULL to preserve the original message, LITE
to retain compact evidence, or MUTE to omit low-value
messages before a receiver LLM call.

et al., 2024). Practical frameworks organize agents
into task-specific roles such as planners, solvers,
critics, and judges, and use multi-turn communi-
cation to integrate intermediate results, which can
improve final task performance (Hong et al., 2024;
Wu et al., 2024; Qian et al., 2024).

This communication also creates a bottleneck.
All-to-all communication in dense multi-agent de-
bate causes input contexts and token costs to grow
with the number of agents and rounds (Li et al.,
2024). More generally, LLMs may fail to use rele-
vant information robustly when it appears among
distractors in a long context (Liu et al., 2024a). In
multi-agent debate, agents may repeat unchanged
answers or copy one another’s answers and expla-
nations; such sycophancy can cause an available
correct answer to be ignored and produce inaccu-
rate consensus (Pitre et al., 2025).
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Prior work reduces MAS communication
through structural node, edge, or topology prun-
ing (Zhang et al., 2025a; Wang et al., 2025c; Zhang
et al., 2026). These methods reveal substantial
communication redundancy, but their decisions are
made at the structural level. Once an agent or edge
is retained, the method does not decide how each
realized message on that channel should appear in
a specific prompt. This leaves a finer control prob-
lem: for each receiver call, the system should de-
cide whether each incoming message is preserved,
shortened into compact evidence, or omitted.

We propose MESSAGESIEVE, a training-free
runtime message pruning policy for MAS with a
fixed graph. It keeps the original agents, graph
topology, prompt templates, and number of rounds
unchanged, and intervenes only before prompt as-
sembly. For each scheduled worker LLM call, the
current agent is treated as the receiver, and MES-
SAGESIEVE gathers its current-round spatial mes-
sages together with previous-round temporal mes-
sages. It then uses four receiver-local components:
the Card Builder constructs a receiver-conditioned
state card for each incoming message, the Relation
Mapper compares messages within the current re-
ceiver’s message set, the Admission Gate decides
which messages should enter the prompt, and the
View Projector exposes admitted messages at an
appropriate fidelity. This design lets MESSAGE-
SIEVE make different decisions for different mes-
sage instances even when they come from the same
retained edge, reducing noisy prompt context while
preserving the original MAS workflow. Figure 1
contrasts static structural pruning with our runtime
message pruning under the same MAS graph.

We evaluate MESSAGESIEVE in a controlled
MAS setting on two backbone models and five
benchmarks covering expert QA, math reasoning,
and code generation. Compared with single-agent
prompting, dense FULL MAS, and structural prun-
ing baselines, MESSAGESIEVE achieves the high-
est macro-average score on both models and im-
proves the performance—token frontier, reducing
evaluation tokens by 19-49% relative to dense
FuLL MAS.

Our contributions are:

1. We formulate fixed-graph MAS communication
control as runtime pruning over realized mes-
sage instances before prompt assembly, rather
than node- or edge-level structural pruning.

2. We introduce MESSAGESIEVE, a training-free

receiver-local policy that combines message
state abstraction, local relation modeling, binary
admission, and fidelity-aware view projection.

3. We show that MESSAGESIEVE improves the
performance—token frontier on two backbone
models and five benchmarks, with ablations con-
firming the value of targeted message selection
and compact evidence views.

2 Background and Problem Definition

2.1 Fixed MAS with Spatial and Temporal
Messages

Prior work represents agent systems as graphs
whose nodes denote agents or agent operations and
whose edges describe communication or informa-
tion flow (Zhuge et al., 2024; Zhang et al., 2025b).
We adopt an agent-level version of this representa-
tion and model a MAS runtime as a fixed directed
graph G = (V, £) used across discussion rounds,
where V = {v1,...,v,} is the agent set and & is
the set of communication edges.

For a scheduled LLM call, we refer to the agent
whose prompt is being assembled as the receiver
r. Before the LLLM call for receiver r at round ¢, it
has a set of incoming message instances

MO =8O uTH, (1)
(

t .
where Sy ) denotes same-round spatial messages

t .
and 7;( ) denotes previous-round temporal mes-
sages. Each message instance is represented as

m = (87 T? t’ k? xm)? (2)

where s is the sender, r is the receiver, t is the
receiver round, k € {spatial, temporal} is the
message kind, and x,, is the textual content carried
by the message. This notation separates graph ob-
jects, such as nodes and edges, from the message
instances that are exposed to a receiver prompt.

2.2 Message Handling in Fixed-Graph MAS

In a dense fixed-graph MAS, the graph determines
which senders can communicate with each receiver.
If an edge (s, r) is retained, messages instantiated
on that channel are forwarded whenever the work-
flow schedules that communication. Thus, prompt
assembly treats realized messages on the same re-
tained channel uniformly.

Structural communication-pruning methods
change this behavior by modifying graph objects
rather than individual message instances (Zhang
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Figure 2: Overview of MESSAGESIEVE for one receiver call, illustrated with Critic@t. The fixed MAS graph
remains unchanged. Before the receiver LLM call, MESSAGESIEVE gathers spatial and temporal incoming
messages, builds receiver-side state cards, maps local relations, and admits or rejects each message. Rejected
messages become MUTE; admitted messages are projected as either FULL original text or LITE compact evidence.

et al., 2025a; Wang et al., 2025¢; Zhang et al.,
2026). At a given structural-pruning state, removed
nodes or edges suppress communication carried by
those graph objects; these methods do not indepen-
dently choose a textual view for each realized mes-
sage. These approaches therefore reduce message
volume indirectly, by pruning the graph objects that
carry messages rather than deciding over individual
message instances.

This is coarser than the prompt context seen by a
receiver. A retained edge may carry useful evidence
in one query, redundant content in another, or stale
temporal information in a later round. We therefore
define fixed-graph MAS communication control as
a message-instance exposure problem: given G and
/\/lg«t) for one receiver call, decide which realized
view of each message instance should enter the re-
ceiver prompt, without changing the graph, agents,
or communication schedule.

3 Method

3.1 Runtime Message Pruning

MESSAGESIEVE performs runtime message prun-
ing before each scheduled worker LLM call, decid-
ing which textual view of each incoming message
enters the prompt while leaving the MAS workflow
unchanged, as shown in Figure 2.

For a worker receiver call (r,t), write MY =
{mi}i]\il, where m; = (s;,7,t, ki, x;) and x; is
the message text. MESSAGESIEVE assigns one
runtime action to each incoming message instance:

a; € {FULL, LITE, MUTE}. 3)

FULL exposes the original runtime message, LITE
exposes a compact deterministic evidence view
constructed from observable message fields or
spans, and MUTE emits no prompt content. These
actions are dynamic and local to the current worker
call: messages produced by the same sender or
edge can receive different actions across queries,
receivers, and rounds.

Given the incoming message set .Mgt) defined
in Section 2.1, MESSAGESIEVE defines a training-
free policy over message-instance actions:

a; = ﬂ—MS(mi? Mg"t)? q,9; G)7 m; € M7(°t) 4)
Here ¢ is the problem input, ¢ S
{QA,Math, Code} is a task-family adapter,
and G remains fixed. Across task families, the
policy constructs message state cards, maps
relations among messages, decides admission, and
projects admitted messages into prompt-visible
views. The adapter § parameterizes the pro-
tected output unit, representative planning, route
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Algorithm 1: Receiver-local worker-
message pruning with MESSAGESIEVE
Input: fixed graph G, input g, family J, incoming
pool M = M for worker call (r,t)
Output: realized prompt views P

1 foreach m; € M do
2 | e ¢ BuildCards(mi;q, 7, G)

3 foreach m; ¢ M do
| pi + MapRelations;(ci, {c;}zi; 7, G)

foreach m; € M do
(gi, 2i) < Admits(ci, pi)
if g; = 0 then
| @; < MUTE; v; < €
else
v; < ProjectViewg(ms, ci, ps, 2:)
L a; + Action(v;)

—
S % e N n s

-

2 P < StableAssemble([vi]m; e M, v;e)
3 return P

-

eligibility and exclusions, and family-specific
projection and validation: answer/evidence for QA,
expression/derivation for Math, and executable
artifact/interface/feedback for Code. The policy
uses only runtime-visible text, metadata, graph or
schedule position, and local comparisons, without
a trained selector or additional LLM call. Channel
labels persist, and realized views return to their
original incoming order.

After the last round, the final judge performs the
standard MAS aggregation over all non-empty ter-
minal worker outputs and is not subject to message
pruning. The underlying MAS workflow remains
unchanged; MESSAGESIEVE modifies only the
message views assembled for scheduled worker
calls.

Algorithm 1 applies the worker-local policy
through four deterministic components: the Card
Builder (Section 3.2) builds receiver-conditioned
message records, the Relation Mapper (Section 3.3)
produces relation vectors, family-level representa-
tive tags, and route exclusions within the incoming
pool, the Admission Gate (Section 3.4) returns bi-
nary gates, and the View Projector (Section 3.5)
converts admitted messages into FULL or LITE
views. Rejected messages become MUTE.

3.2 Card Builder

The Card Builder converts each message into a
state card, because raw text mixes sender context,
temporal status, task evidence, and possible noise.
For message m;, the Card Builder constructs a
lexical evidence signature e; from its text x;. It also
constructs a receiver-demand signature d; from the

problem input ¢ and the current receiver’s role and
fixed instruction:

e; = Lex(z;), s
d; = Lex (¢ @ role(r) @ inst(r)), ©)
where inst(r) is the fixed receiver instruction and
@ denotes textual concatenation before featuriza-
tion. Lex is a deterministic, length-normalized bag
of lexical tokens; task-family answer, artifact, and
format markers are recorded separately in w;. Their
cosine gives receiver relevance, r;”el = cos(e;, d;).
Temporal freshness compares a temporal mes-
sage with the most recent signature on the same
sender—receiver pair:

k;=temporal

1- cos(ez-, €; )7 and history exists’ 6)

ftemp .
! 1, otherwise.

The card also records topology and channel cues
gf"po, normalized answer and structured fields, and
observable content/risk cues w; such as evidence,
code, feedback, no-update, low-content, format-

risk, and fragile-artifact markers:

¢; = Cardg [ei, d;, rid, f;emp,g;()po,wi . (D
Missing fields remain inactive. We use lexical
TF/cosine features because they are determinis-
tic, CPU-local, version-stable, training-free, and
require no extra LLM call. Together with sender,
role, channel, answer/artifact, and freshness cues,
they summarize pre-call evidence for estimating
repetition and receiver relevance. Appendix A.l
summarizes the runtime-visible card inputs.

3.3 Relation Mapper

For one worker call, the Relation Mapper compares
cards only within the current incoming pool. It
asks two complementary questions: how much of
a message is already represented, and how much
independent evidence it can still contribute to this
receiver. For each pair ¢ # j, lexical similarity and
normalized answer/artifact agreement are
Lij = cos(e;, e), Ajj = Agreeg(w;, wj).
(®)
Agreement is defined only for comparable visi-
ble fields. Because relation mapping is receiver-
local, the same-target indicator is active for every
compared pair and acts as a shared same-receiver
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prior in the default relation kernel, not a pair-
discriminative feature.

T;j = clipp ] (ws]l[si = 5]
+ wyolel[role(s;) = role(s;)]
+ wkl[[ki = kj}
+ wigll[tgt(ms) = tgt(m;)]
— wdiv]l[si =+ s; A\ ki # k]])
)
Sender, role, and channel cues still vary across
pairs; crossing both sender and channel boundaries
receives a small diversity discount.
We combine visible overlap and topology using
the following deterministic relation rule:

Ui‘ = Chp[(],l] (EU — OZTTU).

Coverage captures the strongest repeated overlap,
while support aggregates the strongest residual con-
tributions:

cov; = max F;;T;;,
g7 (11)
sup; = TopKAvg; 4, (Uij; K).

TopKAvg averages the available top min(K, N —
1) entries; when no j # i exists, pairwise cover-
age, support, and conflict are initialized to zero
before applying the stated singleton support floor.
Together with visible-answer conflict, receiver com-
patibility, novelty, an optional family relation tag,
and an explicit route-exclusion indicator, these val-
ues form

pi = [covy, sup;, conf;, recv;, nov;, k;, excl;].
(12)
Here, recv; is a composite receiver-compatibility
score that extends lexical relevance with observable
role and task cues. The binary field excl; € {0, 1}
records an explicit negative route from the active
family plan; it is not a general risk score.

The tag x; marks an admissible family represen-
tative. Family-specific planning preserves answer-
cluster representatives and stable self-memory for
QA, derivation anchors for Math, and executable or
feedback-bearing artifacts for Code. Appendix A.2
provides additional details on the relation cues,
while Appendix A.3 describes the family-specific
routing programs. These observable relations guide
routing; semantic verification and global coverage
remain outside their scope.

3.4 Admission Gate

The Admission Gate maps the state card and re-
lation vector to a binary decision before prompt
assembly. It forms

zi = [hs(ci); pil,

where 15 converts card fields into scalar observable
cues. Fixed support and risk predicate sets then
produce

(13)

SEte =) (=) = 1],

heH}

RS = " I[h(z) = 1].

heMy

(14)

Support includes protected artifacts, representative
answer/evidence, fresh temporal memory, cross-
sender support, useful disagreement, and receiver-
relevant feedback. Risk includes low-content or
no-update text, stale or covered memory, repeated
answers, unsupported conflict, receiver mismatch,
and format risk. Duplicate predicate names count
once.

Set x; = 1 iff no tag is required or the active
family plan admits x;. Explicit negative routes set
excl; = 1; all other candidates have excl; = 0.
With support-risk margin

Ai — Szgate o R;gate7 (15)

admission is

excl; =0Ax; =1

16
ASEC S ONA; > T (10

gi =1

The same default threshold 7 is used throughout the
reported evaluation. A message is admitted when it
is not route-excluded, activates an allowed support
route, and satisfies the required support—risk bal-
ance. If g; = 0, the message becomes MUTE; other-
wise it proceeds to view realization. Appendix A.2
provides the gate rules, and Appendix A.4 reports
the shared default settings.

3.5 View Projector

The View Projector separates family-required fi-
delity from default compression. Admission re-
quires an admissible family route, and the corre-
sponding family projector realizes admitted mes-
sages. Define the partial family relation projector

{RelPrOjé(mi,Ci,Pz% ki # 9,
0;6 =

AN CY))
1, otherwise,
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Method Dynamic pruning Training-free ~ GPQA AQuA MATH500 LCB MBPP+ Avg.
Base model: Qwen3-8B
Single - - 3291 80.31 75.60 25.14 68.34 56.46
CoT - - 36.71 84.25 77.00 27.43 68.93 58.86
FallMAS . T __T_____ %04 883 7840 _ 3200 7189 _ 6223
AgentPrune (ICLR 2025) X X 45.57 1255 86.61 (075 79.20 050 32.57 105: 73.96 ,54: 63.58 .5
AgentDropout (ACL 2025) X X 48.73 ;560 86.22 530 80.40 500 30.29 .. 7278 05 63.68 4 45
SafeSieve (AAAI 2026) X X 46.20 1516 86.61 o-s 79.60 ,,., 3143 .. 74.26 3. 63.62 5
MESSAGESIEVE v v 50.63 ..., 8740.,.. 81.80,,., 33.14 ... 78.70 ... 66.33 ..,
Base model: Gemini 3.1 Flash-Lite

Single - - 65.19 88.19 89.20 48.57 80.77 74.38
CoT - - 66.46 90.16 89.60 46.86 81.36 74.89
FulMAS - - 778 o134 9060 _ 5429 884 7837
AgentPrune (ICLR 2025) X X 74.05...- 9134 91.60.,, 5543.,., 8343 5 79.17 ;050
AgentDropout (ACL 2025) X X 7342 060 T3 050 9140 o0 5829 ..o 82.54 (5 79.48...,
SafeSieve (AAAI 2026) X X 74.05 +1.27 90.16 —1.18 90.80 +0.20 5714A~» 85 83.43 40.59 79.12 +0.75
MESSAGESIEVE v v 7532 .5 9173 .05 9140 .5 61.71..., 84.62.... 80.96 .

Table 1: Main results. Values are accuracy for QA/math and pass@1 for code; AQuA denotes AQuA-RAT and LCB
denotes LiveCodeBench code_generation_lite. Dynamic pruning and training-free refer to the controlled
implementations evaluated here. Subscripts show absolute point differences relative to dense FULL MAS under the

same base model and dataset.

A defined output is either z; or a valid relation-
preserving LITE capsule. This projector protects
selected Math or Code artifacts and tagged excep-
tions to the default ratio path.

Let ¢; s = Lites(m;) be the ordinary compact
candidate and Valids(¢; 5 | ;) its family-aware
length and format guard. The realized view is

€, gi = Oa
04,6, g':]-/\o'ﬁ?éj—)

vi=4 " 7 gmtnoisL (18)
ei,(;v

A Validg (éi’(g ‘J}l):l’
x;,  otherwise.

Admission controls visibility, and the family pro-
jector preserves the selected relation. When no
family-specific view is produced, the determin-
istic ordinary candidate is used only if it passes
the family-aware length and format guard; invalid
shortening falls back to FULL. QA capsules copy
answer/evidence; Math keeps bounded expressions
and derivations; Code keeps feedback, interface,
or structured notes. No projector invokes another
model. Primary Math anchors and admitted non-
failed Code artifacts remain FULL; secondary Math
anchors and failed-Code feedback become relation-
preserving LITE. Failure status takes precedence
over independent-source protection. Appendix A.4
provides additional projection and validation de-
tails.

4 Experiments

We organize the evaluation around three research
questions. RQ1 tests whether runtime message
pruning improves task performance over baselines.
RQ2 examines the performance—token tradeoff,
and RQ3 analyzes why the gains occur through
ablations and robustness diagnostics.

4.1 Experimental Setup

We evaluate MESSAGESIEVE in fixed-graph LLM-
based MAS for both task performance and com-
munication efficiency. Following recent MAS
communication-pruning work (Zhang et al., 2025a;
Wang et al., 2025¢; Zhang et al., 2026), we compare
against single-agent prompting, dense multi-agent
communication, and structural-pruning baselines
reimplemented under a shared held-out evaluation
protocol, starting from the same agent roster and
base graph.

Models and benchmarks. We choose two back-
bone models to cover different deployment regimes:
Qwen3-8B, an 8.2B-parameter open-weight model
from the Qwen3 family (Yang et al.,, 2025a),
and Gemini 3.1 Flash-Lite, a hosted model from
Google’s Gemini family (Gemini 3.1 Flash-Lite,
2026). The evaluation spans scientific ques-
tion answering, mathematical reasoning, and
code generation: GPQA Diamond (Rein et al.,
2024); AQuA-RAT (Ling et al., 2017); MATH500
(Hendrycks et al., 2021; Lightman et al., 2024);
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LiveCodeBench (Jain et al., 2025); and MBPP+
(Austin et al., 2021; Liu et al., 2023). See Ap-
pendix B.1 for details.

Compared methods and protocol. We compare
MESSAGESIEVE with two single-agent baselines,
SINGLE and COT (Wei et al., 2022). SINGLE di-
rectly produces an answer or code, whereas COT
requests brief reasoning or visible-test checks be-
fore the final output. We also compare with dense
FULL MAS and three communication-pruning
baselines: AGENTPRUNE (Zhang et al., 2025a),
AGENTDROPOUT (Wang et al., 2025¢), and SAFE-
SIEVE (Zhang et al., 2026). All MAS variants
share the agent roster, base graph, prompts, and
two-round schedule; FULL MAS forwards all mes-
sages, whereas structural baselines may alter the
active subgraph. For controlled held-out evalua-
tion, the three structural baselines use the same
number of adaptation examples, and their resulting
structural states are frozen before evaluation. MES-
SAGESIEVE is applied directly without adaptation
examples or fitted pruning state. Appendix B.2
gives the adaptation split and baseline-specific re-
production details.

4.2 RQ1: Main Task Performance

Observation 1: Runtime message pruning im-
proves over dense communication. Across the
two model blocks in Table 1, MESSAGESIEVE ob-
tains the highest macro-average score. It improves
the macro-average score over dense FULL MAS
by +4.10 points on Qwen3-8B and +2.59 points
on Gemini 3.1 Flash-Lite, and is best or tied for
best on nine of the ten dataset—-model cells. Dense
communication can be harmful as well as costly:
some message instances distract receivers or rein-
force stale consensus, while MESSAGESIEVE fil-
ters them before they affect downstream calls. Ap-
pendix C reports task-level paired uncertainty over
the finite evaluation sets and repeated-endpoint di-
agnostics of endpoint variability.

Observation 2: Instance-level pruning im-
proves over fitted structural pruning. MES-
SAGESIEVE also improves over the strongest con-
trolled fitted structural-pruning baseline in Table 1.
This suggests that the realized message for the cur-
rent receiver call is a finer and more flexible control
unit than an agent’s or edge’s average utility. Struc-
tural pruning must make a shared decision for all
messages carried by a retained or removed graph
object, whereas MESSAGESIEVE can make dif-

Qwen3-8B
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Figure 3: Performance—token tradeoff using the
macro-average score across the five benchmarks. Each
point reports one method under one backbone model.

ferent decisions for different realized messages on
the same communication path. As a result, it can
suppress a redundant, stale, or misleading message
while still preserving another useful message pro-
duced by the same sender or edge in a different
query, receiver, or round. These results support
the view that communication utility is instance-
dependent rather than well captured by a single
fixed value assigned to an agent or edge.

4.3 RQ2: Performance-Token Tradeoff

Figure 3 summarizes macro-average score and
evaluation-token cost across the five benchmarks.
MESSAGESIEVE achieves the highest macro-
average score on both backbone models. Across
the ten model—dataset settings, it reduces total eval-
uation tokens by 19-49% relative to dense FULL
MAS, yielding a stronger performance—token fron-
tier. More aggressive structural pruning can save
additional tokens but may discard useful evidence;
MESSAGESIEVE prioritizes selective exposure.
Prompt/API communication, output generation,
and local routing overhead are distinct measure-
ments. Appendix C.3 reports token accounting,
cost estimation, and local routing overhead sepa-
rately.

4.4 RQ3: Mechanism and Robustness
Analysis

We examine which components and routing behav-
iors contribute to the observed gains, focusing on
message-conditioned selection, relation modeling,
temporal handling, and compact evidence views.
The main diagnostics use Qwen3-8B on GPQA-
Diamond and MBPP+; Appendix B.4 provides the
protocols, and Appendix E gives trace-level exam-
ples. A complementary post-execution audit in
Appendix C.4 shows that approximately 89-99%
of unique answer or code-artifact sources remain
visible, through either FULL or LITE, to at least
one later relevant worker across the five completed
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Qwen3-8B trace sets. This suggests that the routing
policy usually preserves access to distinct evidence
sources rather than collapsing communication to a
single consensus path.

4.4.1 Component Ablations

We evaluate each component variant end to end
on the same evaluation instances and under the
same Qwen3-8B runtime protocol. As shown in
Table 2, the Random variant achieves token re-
ductions comparable to the full MESSAGESIEVE
policy but performs substantially worse on both
datasets, indicating that token reduction alone does
not explain the gains. Removing the Relation Map-
per causes the largest drop on GPQA, while re-
moving receiver or temporal cues also lowers the
observed score relative to the full policy. The No
LITE variant underperforms the full policy on both
datasets, consistent with compact evidence views
contributing beyond token savings. Overall, these
results support an empirical role for receiver-aware
selection, local relation modeling, temporal cues,
and compact evidence views. As a complementary
policy-level check, Appendix C.1 separately com-
pares adaptive routing with Always-LITE, Static
Edge Drop, and LLMLingua-2 (Pan et al., 2024).

Method GPQA MBPP+
Token Token
Accuracy Reduction Pass@1 Reduction
Full MAS 43.04 - 71.89 -
Random 45.57 41.5% 73.96 16.4%
w/o Relation 44.94 42.4% 74.85 20.0%
w/o Receiver 48.10 43.2% 77.81 19.2%
w/o Temporal 48.10 42.6% 77.51 18.9%
No LITE 46.20 42.6% 75.44 15.5%
MESSAGESIEVE 50.63 42.9% 78.70 19.0%

Table 2: End-to-end Qwen3-8B component ablations
on GPQA-Diamond (accuracy) and MBPP+ (pass@1),
using the same evaluation instances. Token Reduction
is the percentage reduction in evaluation tokens relative
to FULL MAS.

4.4.2 Pruning Strength Diagnostic

We evaluate Relaxed and Strict diagnostic config-
urations end to end on the same full instances
and Qwen3-8B setup; neither replays a default
trajectory nor selects the default policy. Relaxed
removes some redundancy and staleness filters.
Strict is broader, also pruning judge messages
and, for Code, relaxing executable-code FULL pro-
tection; these are exceptions to default worker-
message routing and dense final-judge readout.
Appendix B.4.2 gives the configuration details.

Among the configurations in Table 3, the default
MESSAGESIEVE policy achieves the highest score
on both datasets while maintaining a stronger em-
pirical performance—token balance.

Policy GPQA MBPP+

Acc. Eval Tok. F/L/M Pass@l Eval Tok. F/L/M
Full MAS 43.04 34IM  100/0/0 71.89  3.55M  100/0/0
Relaxed 4494 2.50M  44/11/45 74.85 3.24M  62/23/15
Strict 45.57 173M  7/21/72 7485  2.79M  32/24/44
MESSAGESIEVE 50.63 1.95M 10/22/68 78.70  2.88M  44/17/39

Table 3: Pruning-strength diagnostic on Qwen3-8B.
F/L/M reports the percentage split of FULL, LITE, and
MUTE decisions.

4.4.3 Random Bad-Agent Stress Test

We test stability under a random bad-agent at-
tack. For each query, one worker is randomly
selected for corruption, so the degraded sender
and resulting harmful messages vary across queries
while the topology, agent slots, and communica-
tion schedule remain fixed. On Qwen3-8B GPQA-
Diamond and MBPP+, Table 4 reports the ac-
curacy or pass@1 drop after the attack. Within
this fixed-graph degraded-communication setting,
MESSAGESIEVE has the smallest average drop
ratio. Using receiver-local observable cues, MES-
SAGESIEVE can mute or shorten routed worker-
to-worker messages without changing the roster or
topology. This result measures system-level sta-
bility under degraded communication rather than
directly identifying every harmful message. Ap-
pendix E provides trace-level examples of harmful-
message pruning, minority-evidence preservation,
LITE projection, and a failure boundary.

Method GPQA

Points drop Ratio drop Points drop Ratio drop

MBPP+ Avg. ratio

AgentPrune 12.66 27.78% 6.21 8.40% 18.09%
AgentDropout 11.39 23.38% 7.99 10.98%  17.18%
SafeSieve 12.03 26.03% 7.40 9.96% 18.00%

MESSAGESIEVE 9.49 18.75% 6.21 789%  13.32%

Table 4: Random bad-agent stress test on Qwen3-8B.
Point and ratio drops are relative to each method’s clean
accuracy on GPQA and clean pass@1 on MBPP+.

5 Related Work

5.1 LLM-Based Multi-Agent Systems

LLM-based MAS support collaborative task solv-
ing through role-based interaction (Li et al., 2023a;
Chen et al., 2024), task decomposition and allo-
cation (Dong et al., 2024), and structured discus-
sion or debate (Du et al., 2024; Liang et al., 2024).
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General frameworks provide reusable abstractions
for organizing agent roles, interactions, and collab-
orative workflows (Wu et al., 2024; Hong et al.,
2024; Qian et al., 2024). Domain-specific sys-
tems extend these patterns to video-authenticity
detection through adversarial debate and to scien-
tific video understanding and education through
iterative role-based collaboration (Qi et al., 2026;
Xu et al., 2026). Recent studies further show that
collaboration quality depends not only on agent
specialization but also on how intermediate infor-
mation is exchanged, aggregated, and propagated
across agents. MESSAGESIEVE operates on the
messages exchanged in these workflows while leav-
ing agent roles and communication schedules un-
changed.

5.2 MAS Communication Efficiency and
Topology Design

Work on MAS communication often changes the
graph structure or agent participation. GPTSwarm
and G-Designer optimize communication topolo-
gies (Zhuge et al., 2024; Zhang et al., 2025b), Dy-
LAN selects task-specific agent teams (Liu et al.,
2024b), and AnyMAC predicts the next agent and
selects relevant prior context (Wang et al., 2025b).
Sparse MAD uses a fixed sparse topology; Agent-
Prune learns edge masks, AgentDropout removes
agents and edges, and SafeSieve updates structural
scores during execution (Li et al., 2024; Zhang
et al., 2025a; Wang et al., 2025¢c; Zhang et al.,
2026). Beyond topology design, related work ad-
dresses long-context collaboration (Zhang et al.,
2024), policy adaptation from communication feed-
back (Wang et al., 2025a), consensus formation
(Pitre et al., 2025), cooperation (Madmoun and
Lahlou, 2026), and adversarial message propaga-
tion (Shahroz et al., 2025). For long-video un-
derstanding, MACEF follows a different approach
in which local multimodal agents send fixed-size
sequences of latent tokens to a central coordina-
tor (Chen et al., 2026). MESSAGESIEVE keeps
the communication graph unchanged and assigns
FuULL, LITE, or MUTE to each realized natural-
language message before prompt assembly.

5.3 Prompt Compression and Memory
Retrieval

Prompt compression reduces long inputs by select-
ing tokens, spans, or passages (Jiang et al., 2023,
2024; Li et al., 2023b; Pan et al., 2024). Long-
context memory retrieves query-relevant informa-

tion from earlier context (Wang et al., 2023), while
persistent memory systems store and retrieve use-
ful information across interactions (Zhong et al.,
2024; Packer et al., 2023). Agent systems also
reuse prior experience through distilled insights or
skill libraries (Zhao et al., 2024; Wang et al., 2024;
Li et al., 2026). Together, these approaches either
compress the input for a model call or preserve
reusable information across interactions and tasks.
MESSAGESIEVE instead decides before prompt
assembly which inter-agent messages to expose to
each receiver during fixed-graph MAS execution.

5.4 Model, Token, and Reasoning Efficiency

Efficiency work also targets model parameters
and processed tokens: post-training compression
prunes weights, model dimensions, or experts
(Frantar and Alistarh, 2023; Ashkboos et al., 2024;
Zhou et al., 2025), while visual-token methods re-
duce token counts or computation in vision and
multimodal models (Bolya et al., 2023; Yang et al.,
2025b; Sun et al., 2026). At the reasoning level, ex-
plicit intermediate traces can improve problem solv-
ing (Wei et al., 2022); recent work pursues efficient
reasoning through controllable trace compression
or structure-aware optimization under constrained
response budgets (Xia et al., 2025; Dong et al.,
2026), while query refinement provides another
way to elicit stronger reasoning (Zhou et al., 2026).
These approaches target model parameters, visual
tokens, or single-model reasoning traces; MESSA-
GESIEVE instead controls which inter-agent mes-
sages enter a receiver prompt.

6 Conclusion

We studied communication efficiency in fixed-
graph LLM-based MAS at the level of runtime
message instances rather than node- or edge-level
structural decisions. MESSAGESIEVE keeps the
workflow unchanged and decides before prompt as-
sembly whether each incoming message should
be preserved, shortened into compact evidence,
or omitted. Across two backbone models and
five benchmarks, MESSAGESIEVE improves the
performance—token frontier over dense communi-
cation and controlled structural-pruning baselines,
showing that dense communication can add cost
and distract receivers. These results suggest that ef-
ficient MAS design should consider not only who
communicates, but which realized messages are
worth exposing to each receiver at inference time.
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Limitations

This work studies runtime message pruning un-
der a fixed MAS graph. We keep agents, prompts,
topology, and the number of rounds unchanged to
isolate message-instance control, but this setting
does not cover MAS that dynamically create agents,
tools, or communication links during execution.
MESSAGESIEVE uses deterministic LITE views
constructed primarily from copied spans and struc-
tured visible fields, with a small number of family-
safe fixed markers. Our experiments cover two
backbone models and five benchmarks across QA,
math, and code. Broader model families, longer
interaction horizons, and more open-ended agent
workflows remain useful directions for future work.
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A Method Details

A.1 Runtime Interface and Card Record

MESSAGESIEVE runs immediately before each
scheduled worker call. For receiver r at round ¢, its
pool contains the same-round spatial messages and
previous-round temporal messages already avail-
able under the fixed schedule. Decisions are keyed
by message identifier and surviving views are re-
assembled in the original incoming order.

Table 5 summarizes the runtime-visible inputs
recorded by the default Card Builder; parser details
are collected with the reproduction specification in
Appendix A.4.

Signal source Recorded cues Routing role

Overlap,
novelty, and

Message and Message and
receiver text task—receiver lexical

signatures receiver
relevance
Routing Sender/receiver Lineage, route,
context topology, channel, and  and temporal
temporal freshness comparison
Visible task  Answer, evidence, Family planning
structure equation, code/interface, and gate reasons

feedback, no-update,
fragility, and format
cues

Table 5: Runtime-visible card inputs in the default
implementation.

Scope invariant

Routing is receiver-local and pre-call: agents, graph,
schedule, rounds, and already-generated messages remain
unchanged; only the receiver output and later generation
may differ. The dense final judge receives every non-
empty terminal worker output as FULL in stable order.

A.2 Relation, Admission, and Default
Projection Details

The reported evaluations use one shared relation-
and-gate configuration across datasets and back-
bones; task-family differences enter through the
adapter in Appendix A.3. The shared default con-
figuration is provided with the reproduction speci-
fication in Appendix A.4.

Because every pair in a receiver-local worker
pool has the same target, the wygt term contributes
a shared same-receiver prior in the default relation
kernel. Sender, role, channel, and diversity terms
provide within-pool pair discrimination.

Equations 8—11 define the shared relation ker-
nel. Agreement is active only when a pair exposes
comparable normalized fields: matching visible
answers give A;; = 1, two code-bearing artifacts
receive the coarse artifact value 0.5, and all other
pairs contribute zero agreement. Conflict is like-
wise active only for comparable visible answers
that disagree. Novelty is cosine distance from
the receiver context, which combines the receiver
role/instruction and available self-memory; none
of these quantities estimates correctness.

Coverage measures the strongest overlap that
also follows a repeated route, whereas support aver-
ages the strongest residual contributions. A visible
answer that occurs only once receives a default
minority-support floor, keeping minority evidence
available for gate inspection.

The gate in Equations 15—16 materializes named
Boolean reasons, deduplicates their names, and
counts distinct support and risk predicates. Here
x: = 1 iff no relation plan is required or its family
plan admits ;. The route indicator excl; is ini-
tialized to zero; an explicit negative route such as
same-source Code repetition sets it to one and is
rejected before the count-based margin is applied.
Thus generic cues cannot bypass required family
routing. For candidates that survive route eligibility
and exclusion, the shared default threshold requires
positive support and S&*'¢ > RE°,

Support reasons cover a family representative
or protected artifact, a unique or minority answer,
useful disagreement, fresh self-memory, cross-
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sender contribution, and receiver-relevant evidence
or feedback. Risk reasons mark a missing family
route, empty, low-content, or no-update text, stale
or already-covered evidence, unsupported conflict,
receiver mismatch, and format hazard. Represen-
tation, temporal, coverage, support, and receiver-
mismatch predicates use the same default cutoffs
throughout the reported evaluation. Duplicate pred-
icate names count once, and duplication requires
both high similarity and low novelty.

Admission requires an admissible family route,
and admitted messages are realized by the corre-
sponding family projector. When the projector
does not produce a family-specific view, the ordi-
nary compact candidate is retained only if it passes
Equation 19; otherwise the original message re-
mains FULL. Compound predicates and stable tie
ranks apply the same pre-call observables and defi-
nitions.

A.3 Family Routing Programs

All families use the same Card—Relation—Gate—
Projector pipeline. They differ in the protected
output unit, route eligibility and exclusions, repre-
sentative planning, and family-specific projection
and validation. Algorithm 2 expands the Relation
Mapper family plan used inside Algorithm 1.
Algorithm 2 is the canonical representative-
selection procedure. Table 6 summarizes only how
selected messages are realized and validated.

Code compact-view details. Code fields fol-
low FEEDBACK > INTERFACE >~ SUMMARY >~
KEY EVIDENCE > DELIVERABLE > ANSWER.
The first four populated fields are emitted, each
capped at 320 characters. Feedback, Summary,
and Key Evidence use at most two lines; an un-
structured Summary fallback uses at most two sen-
tences. Optional fields with cosine at least 0.9 to
an earlier field are skipped. Compact evidence ex-
cludes fenced executable bodies and a bare <code
omitted> payload.

A.4 Projection Safety and Reproducibility
Boundary

View realization follows the canonical branch order
in Equation 18: reject to MUTE; otherwise prefer
the family relation projector, then retain a valid
ordinary compact candidate when needed; invalid
shortening falls back to FULL.

For an ordinary candidate v from source z, va-

Algorithm 2: Family-aware representative
planning inside the Relation Mapper

Input: receiver pool M, cards {c; }, family ¢,
receiver r
Output: admissible tags «; and route-exclusion
indicators excl;
1 Initialize every k; <— @ and excl; < 0; use stable
incoming order for exact ties
2 if § = QA then

3 cluster messages by visible normalized answer

4 retain one eligible consensus representative, or
one representative per disagreement cluster

5 select stable self-temporal answer memory in a

separate temporal subplan

if 0 = Math then

7 A < eligible self-temporal or disagreement

answer/evidence anchors

8 if A # @ then

R < self-temporal anchors if any exist,
otherwise A

£

10 tag the stable top-ranked item in R as the
unique FULL anchor

11 tag every other item in A as a bounded
secondary LITE anchor

12 else

13 retain at most one ranked ordinary

consensus context

14 if § = Code then

15 rank executable/test artifacts before auxiliary
context
16 foreach ranked executable artifact © do
17 if ¢ repeats a selected artifact from the same
immediate sender then
18 if i is the first failed-feedback carrier
then

19 | tagi feedback-LITE

20 else

21 L excl; + 1

22 else

23 if i is failed then

24 | tagifeedback-LITE

25 else

26 tag non-failed artifact ¢ for FULL
realization if admitted, including
an independent-source artifact;

27 retain at most three receiver-relevant,

nonredundant non-code contexts as LITE

28 return tags and route-exclusion indicators

lidity is

Valids(v | 2) =I[v# @ Av#a
An(v) < n(x)
AR(v) < ysn(z) A Safes(v)].
(19)
where Safes checks the family artifact and out-
put format, yqa = YMath = 0.8, and Ycode =
0.9. The local policy estimate is n(z) =
max(1, [|z|/4]) for non-empty stripped text and
zero otherwise. It is used only for projection
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Family Protected content Default realization and validation

QA Answer-cluster representative Decisive disagreement remains FULL; otherwise LITE copies the visible
and supporting evidence answer and up to two evidence lines. If tagged extraction fails, a minimal

answer—evidence capsule preserves the cluster.

Math Primary derivation anchor and ~ The primary anchor remains FULL. Secondary LITE retains the final
secondary relation-bearing expression and up to six derivation lines. If no span is extractable, a fixed
anchors marker preserves the relation; other invalid shortening falls back to FULL.

Code Executable/test artifact, Failure status takes precedence: failed artifacts, including

interface, and feedback

independent-source ones, become feedback-bearing LITE without the

executable body; absent visible feedback uses a fixed failure statement.
Admitted non-failed artifacts remain FULL. Up to three auxiliary contexts
remain bounded LITE.

Table 6: Default task-family realization of representatives selected by Algorithm 2.

guards; provider-reported input and output tokens
remain the evaluation measure.

Secondary Math anchors and failed-feedback
Code capsules use dedicated relation-preserving
validation rather than the ordinary ratio path, so
they remain LITE without restoring a long deriva-
tion or failed executable body. All other invalid
Math/Code shortening fails closed to FULL. No
projector invokes another model.

The reported implementation uses one default
policy configuration: main results enable LITE un-
der default strength, with force-FULL intervention
and diagnostic ablations disabled. Family selection
depends on the QA, Math, or Code output grammar
and is independent of benchmark identity, sample
identifier, gold answer, hidden score, model iden-
tity, named worker, and post-hoc correctness. The
implementation fixes parser precedence, complete
stable tie ranks, compound-predicate execution,
and debug bookkeeping according to the equations
and programs above. Separate interfaces handle
worker routing and dense judge aggregation, ensur-
ing that every non-empty terminal worker output
reaches the judge.

For reproduction, the reported implementation
builds the family plan before assigning relation
tags, materializes named support and risk reasons
before applying the margin gate, and realizes views
in the order shown in Equation 18. The same ex-
ecution sequence is used throughout the reported
evaluation.

Default implementation details. Card parsing.
Lexical signatures lowercase alphanumeric or un-
derscore tokens, discard one-character lexical to-
kens, and assign zero cosine when either signa-
ture is empty. Low content means fewer than 24
stripped characters or at most three lexical types.
For Code, visible FEEDBACK/TEST(S) fields pre-

cede an observable feedback span in x;; run-
time test metadata supplies the field when worker-
produced feedback is absent. Missing fields remain
inactive.

Shared relation-and-gate defaults. The numer-
ical defaults instantiate conservative routing rules
rather than calibrated confidence scores. All set-
tings are fixed globally and shared unchanged
across datasets and backbones; no benchmark- or
model-specific configuration is introduced.

Relation. Content overlap is treated as the dom-
inant pairwise signal (o, = 0.8), followed by vis-
ible answer/artifact agreement (avy = 0.6), while
topology provides a smaller correction (ar = 0.4).

Admission. Weuse K = 2and 7 = 0. A
message is considered duplicative only when high
similarity (> 0.8) coincides with low novelty (<
0.6).

Conservative retention. Coverage requires
strong overlap (cov > 0.7) together with weak
residual support (sup < 0.3). Singleton evidence
receives a support floor of 0.6 to avoid prematurely
suppressing minority information.

Other fixed constants. For exact reproduction,
the remaining topology weights are w; = 0.3,
Wrole = 0.2, wp = wigy = 0.2, and wg;y = 0.1.
The freshness/staleness cutoffs are 0.4/0.2, with
worker-support and receiver-mismatch cutoffs of
0.6 and 0.2, respectively.

B Experimental Details

This appendix reports the protocol behind the main
comparisons. Within each dataset—model pair, all
MAS variants share the task split, worker roster,
judge, prompts, base graph, communication sched-
ule, round budget, decoding setting, and metric.
AgentPrune and AgentDropout apply fitted and
frozen structural artifacts to this shared workflow,
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Base model: Qwen3-8B

GPQA AQuA MATHS500 LCB MBPP+
Method Acc. In Out  Acc. In Out  Acc. In Out  Acc. In Out  Acc. In Out
Full MAS 43.04 2.99M 0.43M 85.83 3.80M 0.86M 78.40 9.00M 1.84M 32.00 4.94M 0.76M 71.89 3.30M 0.25M
AgentPrune 45.57 2.33M 0.44M 86.61 2.82M 0.87M 79.20 7.22M 2.03M 32.57 4.03M 0.79M 73.96 2.83M 0.27M
AgentDropout 48.73 1.61M 0.32M 86.22 1.53M 0.73M 80.40 3.43M 1.83M 30.29 2.62M 0.64M 72.78 2.02M 0.16M
SafeSieve 46.20 1.31M 0.33M 86.61 1.87M 0.72M 79.60 4.95M 1.48M 31.43 3.26M 0.62M 74.26 2.53M 0.23M
MESSAGESIEVE 50.63 1.29M 0.66M 87.40 1.93M 0.91M 81.80 3.88M 2.24M 33.14 2.87M 0.79M 78.70 2.62M 0.26M
Base model: Gemini 3.1 Flash-Lite
Full MAS 72.78 3.76M 0.62M 91.34 3.95M 0.93M 90.60 9.89M 2.20M 54.29 6.20M 1.56M 82.84 3.86M 0.38M
AgentPrune 74.05 2.79M 0.66M 91.34 2.98M 0.95M 91.60 6.89M 2.21M 55.43 5.01M 1.53M 83.43 3.15M 0.36M
AgentDropout 73.42 1.97M 0.56M 91.73 1.99M 0.73M 91.40 4.46M 1.68M 58.29 3.40M 1.26M 82.54 2.14M 0.25M
SafeSieve 74.05 1.48M 0.42M 90.16 1.89M 0.74M 90.80 5.36M 1.71M 57.14 3.65M 1.22M 83.43 2.56M 0.25M
MESSAGESIEVE 75.32 1.90M 0.75M 91.73 2.03M 0.95M 91.40 3.98M 2.24M 61.71 3.58M 1.52M 84.62 2.88M 0.34M

Table 7: Accuracy and evaluation-token summary for dense FULL MAS, the three pruning baselines, and
MESSAGESIEVE. In and Out are evaluation input and output tokens, respectively, reported in millions.

while the controlled SafeSieve comparison exports
and freezes its adapted edge state under a fixed
validation/recovery policy. MESSAGESIEVE pre-
serves the worker roster and base graph and re-
alizes each already-generated incoming message
as FULL, LITE, or MUTE before constructing the
receiver prompt.

B.1 Model and Dataset Setup

All models use temperature (.2 and are fixed within
each dataset-model block.

Following the 40-example training setting used
by AgentPrune (Zhang et al., 2025a), we set a com-
mon adaptation budget of 40 examples per bench-
mark for all three structural baselines. GPQA-
Diamond uses a custom 40/158 partition of the
complete 198-item Diamond pool. AQuA-RAT
uses 40 examples from the official training split
and all 254 official test examples. MATHS500
uses 40 examples from the original MATH training
split and all 500 MATHS500 test examples. Live-
CodeBench CodeGen Lite uses 40 I/O-stratified
testS examples for adaptation and all 175 test6 ex-
amples for cross-release evaluation. MBPP+ uses
a custom 40/338 partition of the 378-item EvalPlus
MBPP+ pool. In every case, adaptation examples
are excluded from the reported evaluation set.

B.2 MAS Runtime and Baseline Protocol

All MAS methods start from the same worker
roster, judge, prompts, base graph, graph inter-
face, schedule, and two-round budget within each
dataset. Structural baselines may alter the ac-
tive communication subgraph; for controlled held-

out evaluation, each resulting structural artifact
or state is frozen before evaluation. MESSA-
GESIEVE retains the base graph and changes
only prompt-visible views of already-generated
messages. GPQA uses five expert-style work-
ers; AQuA-RAT and MATHS00 use four math-
oriented workers; LiveCodeBench CodeGen Lite
and MBPP+ use five code-oriented workers. We
report one run per main-table setting; QA and math
tasks use accuracy, while code tasks use pass@1.
FULL MAS forwards every runtime message.

Role prompts are task-family-specific. GPQA
uses expert roles tailored to scientific QA, informed
by role specialization and staged coordination in
MetaGPT and ChatDev (Hong et al., 2024; Qian
et al., 2024). The math roles are designed for the
benchmark tasks. The code roles adapt functional
decompositions from MapCoder and AgentCoder
(Islam et al., 2024; Huang et al., 2024). Bench-
mark input/output conventions follow the cited
GPQA, AQuA, MATH, LiveCodeBench, MBPP,
and EvalPlus sources (Rein et al., 2024; Ling et al.,
2017; Hendrycks et al., 2021; Lightman et al., 2024;
Jain et al., 2025; Austin et al., 2021; Liu et al.,
2023).

AgentPrune and AgentDropout fit their struc-
tural pruning artifacts on these disjoint adaptation
splits and freeze them for evaluation. Our con-
trolled SafeSieve comparison uses the same ex-
amples to adapt its experience-updated edge state.
When required, the fixed validation/recovery pol-
icy recovers or derives a healthy node-pruned ar-
tifact from the stored adaptation history before
deterministic export. The held-out runner loads
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the resulting fixed method parameters without
updating search state, and the artifact type and
hash are retained in run provenance. This con-
trolled adaptation/export/freeze protocol provides
a frozen counterpart to SafeSieve’s published no-
pretraining procedure, which progressively updates
edge scores during execution. Both backbones use
the same sample IDs, with each baseline adapted
separately to each backbone. Adaptation uses gold-
answer correctness for GPQA-Diamond, AQuA-
RAT, and MATHS500 and execution outcomes for
LiveCodeBench and MBPP+. MESSAGESIEVE
does not use the adaptation split and applies its
fixed routing policy directly during evaluation.

B.3 Performance-Token Accounting

Table 7 reports evaluation input and output tokens
for the methods in Table 1. The tradeoff figure
uses total evaluation tokens, computed as input
plus output tokens, and reductions are computed
relative to dense FULL MAS under the same model
and dataset. The figure’s x-axis includes evaluation
input and output tokens; structural-baseline fitting
and adaptation tokens are logged separately.

B.4 Ablation and Robustness Protocols
B.4.1 Component Ablation Details

The component ablations use the same evalua-
tion instances and Qwen3-8B runtime protocol on
GPQA-Diamond and MBPP+ as the main RQ3
analysis. Each variant runs end to end while remov-
ing one signal family or action type.

Variant Changed component Intended diagnostic

Random random action assignment token saving without selection
w/o Relation  local relation vector redundancy and disagreement cues
w/o Receiver receiver-conditioned state role-specific message value

w/o Temporal temporal freshness cues previous-round memory handling

No LITE remove LITE value of short evidence views

Table 8: Component ablation definitions. Each variant
changes one signal family or action type while keeping
the same fixed MAS runtime.

RANDOM  preserves the  approximate
FULL/LITE/MUTE action ratios observed in
the full policy, but assigns actions without using
state-card or relation signals. The relation, receiver,
and temporal ablations remove the cues named
in Table 8. The No LITE ablation disables
compact LITE views, so admitted messages remain
verbatim. These variants test whether gains
come from informed message selection and view
realization rather than shorter prompts alone.

B.4.2 Pruning Strength Details

We evaluate the Relaxed and Strict diagnostic con-
figurations end to end on the same full evaluation
instances as the default policy, with the same graph,
roster, worker and judge prompt templates, Qwen3-
8B model, schedule, and decoding setup. Each
configuration reruns the workers and judge; neither
is a trajectory replay or used to select the default
policy. Relaxed removes some redundancy and
staleness filters. Strict is a broader routing-strength
stress diagnostic: it enables judge-message prun-
ing and, for Code, relaxes executable-code FULL
protection. These Strict changes are diagnostic
exceptions to the default worker-message routing
and dense final-judge readout. The worker gate
threshold remains 7 = 0.

Preset  Change from default Effect

Relaxed remove some redundancy and staleness filters weaker pruning
Default use the reported support and risk predicate sets with 7 = 0 main policy
Strict stronger filters plus judge/Code exceptions stronger pruning

Table 9: End-to-end pruning-strength diagnostic
configurations. Strict includes exceptions to the default
worker-message routing and dense final-judge readout.

Together, the separately executed Relaxed and
Strict configurations quantify sensitivity to weaker
and more aggressive routing.

B.4.3 Attack Experiment Details

The degraded-communication stress test evaluates
stability when some existing agents produce plau-
sible but low-quality messages. Keeping the topol-
ogy, receiver schedule, sender identities, public role
names, and number of message slots fixed isolates
robustness to degraded communication within the
same MAS graph.

For each query, one of the five workers is ran-
domly selected for corruption; the final judge is
not corrupted. For GPQA-Diamond, the corrupted
worker is instructed to behave like a normal do-
main expert while steering the discussion toward
a plausible but wrong answer option. The wrong
option is chosen deterministically from the answer
choices by moving to the next option after the gold
label. For MBPP+, corrupted workers are biased
toward compact implementations that satisfy visi-
ble examples but under-handle broader hidden-test
behavior. In both datasets, corrupted workers are
not allowed to reveal that they are corrupted.

The table compares clean and attacked runs for
AgentPrune, AgentDropout, SafeSieve, and MES-
SAGESIEVE using absolute and relative perfor-
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mance drops. The protocol measures how runtime
message filtering moderates degraded worker mes-
sages under a fixed MAS graph.

C Further Analysis

This section broadens the evaluation through con-
trolled policy comparisons, statistical reliability
analyses, runtime measurements, and trace-level
exposure analyses. Together, these analyses ex-
amine complementary consequences of the shared
routing mechanism.

C.1 Selection and Compression Controls

We compare four worker-message policies in a ded-
icated Qwen3-8B policy-control suite under the
same dense final-judge convention. Adaptive rout-
ing denotes the MESSAGESIEVE worker-message
policy and applies FULL/LITE/MUTE per message.
Always-LITE retains every non-empty worker mes-
sage but forces a compact view. Static Edge Drop
uses a dataset-specific, content-independent edge
mask fixed across queries and keeps retained mes-
sages in FULL. LLMLingua-2 (Pan et al., 2024)
retains every worker message and applies token-
level compression at » = 0.5 with the recorded
multilingual MeetingBank checkpoint on CPU.

Dataset Adaptive Always-LITE Static Edge LLMLingua-2

GPQA-Diamond ~ 51.27 44.30 48.10 44.30
MATH500 81.40 81.20 80.20 78.40
MBPP+ 77.81 73.96 74.85 72.19

Table 10: Qwen3-8B worker-message policy controls
on the complete evaluation sets (accuracy or pass@1),
all using dense final-judge readout.

This dedicated policy-control suite is separate
from the primary cross-method comparison in Ta-
ble 1. Across the three datasets, adaptive rout-
ing achieves the highest score and outperforms
the evaluated static edge-dropping and compres-
sion controls; paired uncertainty for the main
MessageSieve—Full comparison is analyzed sep-
arately in Section C.2.

C.2 Statistical Reliability

Table 11 reports paired bootstrap intervals and Mc-
Nemar tests for the ten MessageSieve—Full predic-
tion pairs. The bootstrap jointly resamples task
items for both methods, while McNemar'’s test uses
discordant correctness indicators. These analyses
quantify paired uncertainty over the finite evalua-
tion sets.

Table 12 summarizes three Qwen endpoint eval-
uations of Full MAS and adaptive routing under
the same decoding configuration, characterizing
endpoint-level variability.

C.3 Efficiency and Runtime

Table 7 already separates evaluation input and out-
put tokens. Given dated endpoint prices pi, and
Pout per million tokens, monetary API cost is

ﬂn Tout
inT~g T poutw-

(20)
A deployment can substitute endpoint-specific,
dated prices into this expression. We report
provider-measured input and output tokens so that
monetary cost can be estimated across endpoints,
tiers, and pricing dates.

The deterministic policy itself is lightweight. On
clean 100-sample Qwen measurements, Python-
side pool routing requires 27.38 ms/sample for
GPQA and 17.29 ms/sample for MBPP+; total
local processing including Card Builder work re-
quires 116.95 and 64.93 ms/sample, respectively.
These totals exclude dense final-judge passthrough
and remain small relative to hosted task latency.

C4

We measure whether each unique normalized an-
swer source (QA/math) or code-artifact source
(code) reaches at least one later relevant worker
through a FULL or LITE view. Table 13 reports
source-level availability within completed traces.

A separate post-execution inspection of Qwen3-
8B traces identified one GPQA regression in which
an already-generated unique target was muted for
every later worker. Gold labels and hidden-test
outcomes were used only for this after-the-fact cat-
egorization and never entered routing.

Message Exposure Analysis

D Representative Prompt Templates and
Runtime Assembly: MBPP+

This section presents the representative MBPP+
prompt templates and their runtime assembly. We
use MBPP+ because it exposes the main prompt
components used in the experiments: direct single-
agent prompting, direct COT, role-specific MAS
workers, conditional insertion of incoming mes-
sages, and dense final judging. The same MBPP+
worker and judge prompt family is used across
FuLL MAS, structural pruning baselines, and
MESSAGESIEVE; MESSAGESIEVE changes only
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Model Dataset Gap (pp) 95% paired CI (pp) MS-only/Full-only McNemar p
Qwen3-8B GPQA +7.59 [40.63,+15.19] 23/11 0.0576
Qwen3-8B MBPP+ +6.80 [+3.85,+10.06] 27/4 < 0.0001
Qwen3-8B LCB +1.14 [—4.00, 4+6.29] 11/9 0.8238
Qwen3-8B AQuA +1.57 [—0.79, 4-3.94] 7/3 0.3438
Qwen3-8B MATH500 +3.40 [4+0.80, +6.00] 30/13 0.0137
Gemini 3.1 Flash-Lite  GPQA +2.53 [—1.90, 4+-6.96] 8/4 0.3877
Gemini 3.1 Flash-Lite MBPP+ +1.78 [4+0.00, +3.55] 8/2 0.1094
Gemini 3.1 Flash-Lite  AQuA +0.39 [—0.79,+41.57] 2/1 1.0000
Gemini 3.1 Flash-Lite LCB +743  [+3.43,+12.00] 14/1 0.0010
Gemini 3.1 Flash-Lite  MATHS500 +0.80 [—0.40, +2.20] 713 0.3438

Table 11: Paired uncertainty for MessageSieve versus Full MAS. Gap is MessageSieve minus Full in percentage
points. Paired gaps are computed from exact correctness counts before rounding; they may therefore differ by 0.01
points from differences between displayed two-decimal accuracies. The smallest exact-test value is reported as

p < 0.0001.
Data Runs Full Adaptive routing Paired gap
GPQA 3 46.20+£2.19 47.894+2.92 +1.69+0.73
MBPP+ 3 72.68+£0.62 77.024+0.45 +4.34+£0.74

Table 12: Repeated-endpoint accuracy/pass@ 1
(mean=+sample SD, percentage points) under a shared
decoding configuration.

Data Source Total FULL LITE-only Exposure
GPQA unique answer 22 21 0 9545%
AQuA unique answer 57 47 4 89.47%
MATHS500 unique answer 93 91 0 97.85%
LCB code artifact 683 149 511 96.63%
MBPP+  code artifact 1,406 606 788  99.15%

Table 13: Post-execution unique-source exposure in
completed Qwen MessageSieve traces. Exposure
denotes empirical FULL-or-LITE visibility to a later
relevant worker.

which incoming worker messages are inserted be-
fore a receiver call and whether each inserted mes-
sage is shown as FULL or LITE. Fixed task in-
structions, fixed role instructions, and dynamically
assembled task/message context are shown sepa-
rately below.

D.1 Single-Agent Prompt

The single-agent prompt is the direct code-
generation baseline. It receives the concrete task
instance and returns only the final implementation.

You are a software programmer.

Complete the Python function requested by the problem.
Use the problem statement and public assert tests to
identify the expected function name, interface, and return
behavior.

Return exactly one Python code block containing the
complete function implementation.

D.2 CoT Prompt

CoT uses the same single-agent setting but explic-
itly instructs the model to reason through the task
and visible tests before producing the final imple-
mentation.

You are a software programmer.

Before writing the final code, reason through the problem
and public assert tests to identify the required function
name, argument pattern, return type, and minimal behav-
ior.

Treat the public assert tests as the authoritative contract
for the function name, interface, and return behavior. Do
not infer extra type support or extra whitespace handling
from broad wording alone; only implement what the
visible tests and explicit task requirements show.

Prefer the simplest implementation consistent with the
task and tests; do not broaden the behavior beyond what
the task text and visible tests show.

Return exactly one Python code block containing the
complete function implementation.

D.3 MAS Worker Roles

The MBPP+ MAS uses five task-specific worker
roles spanning planning, algorithm design, pro-
gramming, testing, and repair. This decom-
position is informed by MapCoder’s retrieval—
planning—coding—debugging pipeline and Agent-
Coder’s programmer—test-designer—test-executor
loop (Islam et al., 2024; Huang et al., 2024). The
generic worker template in Section D.4 instantiates
each role and collects its role-specific output.

Project Manager. You are a project manager for a
Python function-synthesis task. You are responsible for
the overall code structure and for keeping the implemen-
tation concise rather than over-engineered. Treat the
public assert tests as the authoritative contract for the
expected function name and interface. Do not infer extra
type support or extra whitespace handling from broad
wording alone; only implement what the visible tests and
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explicit task requirements show. Specify the minimal
function structure needed to complete the task, and do
not broaden the behavior beyond the task text and visible
tests. Keep your reply concise, preferably within fifty
words, and do not list too many points.

Algorithm Designer. You are an algorithm designer for
a Python function-synthesis task. Specify the concrete al-
gorithm, helper logic if needed, and key cases implied by
the problem and public assert tests. When useful, provide
compact pseudocode for the main logic. Do not infer
extra type support or extra whitespace handling from
broad wording alone; only implement what the visible
tests and explicit task requirements show. Prefer the sim-
plest algorithm consistent with the task and tests; avoid
speculative input types, hidden edge cases, or behavior
expansions not shown by the task and visible tests. Keep
your reply concise, preferably within fifty words, and do
not list too many points.

Programming Expert. You are a programming expert.
You will be given a Python function task and public assert
tests. You may receive outputs from other agents; they
can be helpful but may be incomplete or wrong. Write
a full Python function implementation preserving the
expected function name and interface from the public
tests. Do not infer extra type support or extra whitespace
handling from broad wording alone; only implement
what the visible tests and explicit task requirements show.
Prefer the simplest implementation consistent with the
task and tests; do not broaden the behavior beyond what
the task text and visible tests show. Use a Python code
block and do not output anything except Python code
blocks. Do not switch to stdin/stdout.

Test Analyst. You are a test analyst for a Python function-
synthesis task. Use only the task wording and the visi-
ble public assert tests to identify interface requirements,
boundary conditions, and failure modes that are directly
evidenced. Do not invent broader semantics, hidden edge
cases, or extra input types that are not supported by the
task and visible tests. If a candidate already matches the
visible contract, do not propose a wider behavior just to
be safe or to anticipate hidden tests. Keep your reply
concise, preferably within fifty words, and do not list too
many points.

Bug Fixer. You are a bug fixer. You will be given a
Python function task, public assert tests, and possibly
other agents’ outputs. Identify defects in the current de-
sign, algorithm, implementation idea, or test reasoning,
then provide the smallest evidence-preserving fix. When
enough information is available, write a full Python func-
tion implementation preserving the expected function
name and interface. If the current implementation al-
ready passes the visible tests, do not “strengthen” it by
adding broader behavior, extra normalization, or extra
type support. Prefer the simplest fix consistent with the
task and tests; avoid speculative generalization, extra
normalization, or hidden-case handling not shown by the
task text and visible tests. Use a Python code block for
code and do not switch to stdin/stdout.

D.4 Generic Worker Prompt Template

Each worker call uses the same dynamically as-
sembled template. Dense FULL MAS inserts all
available peer messages into the two conditional
message sections. MESSAGESIEVE leaves the
task and role text unchanged, but changes which

peer messages appear in those sections and whether
each selected message is rendered as FULL or LITE.
Each section may contain zero, one, or multiple
messages.

The Python function task is:

{task_input}

Your role is: {role_name}.

You are part of a multi-agent code-generation team using
the Project Manager, Algorithm Designer, Programming
Expert, Test Analyst, and Bug Fixer role split. Write
naturally from your role’s perspective. Do not follow a
required schema.

Guidelines:

{role_output_instruction}

¢ be concrete and implementation-oriented

¢ do not claim an algorithm unless you can justify it
from the prompt

« use the public assert tests to infer the expected function
name and interface

¢ do not switch to stdin/stdout

» prefer implementation-relevant details over generic
explanation

« prefer the simplest behavior consistent with the task
and public tests

* do not invent broader input types, conversions, nested
structures, or regex semantics unless explicitly re-
quired by the task

Same-round predecessor messages:
{same_round_predecessor_messages}
Previous-round messages:
{previous_round_messages}

The placeholder {role_output_instruction}
is replaced by role-specific output guidance. For
Programming Expert and Bug Fixer, the instruction
asks the worker to include one full Python function
in a code block when the implementation is clear,
while preserving the function name and interface
from the public tests. For Project Manager, Algo-
rithm Designer, and Test Analyst, the instruction
asks for a concise role-specific note for the final
judge, preferably within fifty words, and discour-
ages a full implementation unless it is necessary.

Each peer message in either conditional message
section is rendered as:

Agent {source} as a {sender_role}:
{optional_public_test_status}
{message_content}

D.5 Dense Final Judge Prompt

The final judge is outside worker-message pruning.
Its fixed system instruction asks it to solve the orig-
inal task first and treat worker outputs as evidence;
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its runtime prompt then receives every non-empty
terminal worker output as FULL in stable order.

System instruction. You are the top decision-maker and
final Python code writer for a function-synthesis task.
Solve the original task yourself first, then use worker
outputs as design, algorithm, implementation, testing,
and bug-fixing evidence. Treat the public assert tests
as the authoritative contract. Do not infer extra type
support or extra whitespace handling from broad wording
alone; only implement what the visible tests and explicit
task requirements show. Reject code that changes the
expected function name or interface, uses stdin/stdout,
returns the wrong type, or broadens behavior beyond the
task text and visible tests without explicit support. If
several candidates pass the visible tests, prefer the one
with the narrowest behavior and the fewest assumptions.
Choose or repair the most reliable implementation and
return exactly one Python code block containing the final
function.

Runtime user prompt.

The Python function task is:

{task_input}

Worker outputs from the team are as follows:
{terminal_worker_outputs}

Write the final accepted Python solution now. First recon-
struct the intended algorithm from the original task and
public assert tests, then use the agents as evidence. Pre-
fer explicitly public-test-passing implementations, but
repair any violation of the task. Preserve the expected
function name, interface, and return type; do not switch
to stdin/stdout or broaden unsupported behavior. Return
exactly one Python code block containing the full final
function implementation.

E Case Studies

We select four recorded Qwen3-8B controlled tra-
jectories from the mechanism analysis. The exam-
ples cover two positive routing cases, one LITE
projection case, and one failure boundary. We re-
port receiver-local routing actions and condense
each trajectory to its decision-relevant messages.
Because each routing decision shapes the context
for subsequent generation, the cases characterize
observed routing pathways. The corresponding
task IDs are MBPP+ 572 and GPQA-Diamond
reczkBiPPNrNN49Hp, recyPffUDqC2k7ZZ0, and
recZt4x514UQNnsgy.

E.1 Case I: Omitting Misleading Planning
Messages Before Repair

Figure 4 illustrates receiver-local routing before
code repair. In the logged MESSAGESIEVE tra-
jectory, two early planning messages advocate an
“exactly twice” interpretation; neither is included
in the Bug Fixer’s assembled prompt for that call.
A later public-test-supported artifact implements
the “exactly once” behavior and remains available

to the terminal decision. The trace demonstrates se-
lective exposure of planning notes and executable
feedback.

E.2 Case II: Preserving Minority Scientific
Evidence

Figure 5 isolates a GPQA routing decision made
before final judging. The logged MESSAGESIEVE
trajectory keeps an answer-bearing denominator
calculation visible to the Scientific Synthesizer,
whereas the matched random control loses detailed
D-supporting context before synthesis and pro-
duces a coherent but invalid C calculation. The
retained message is numeric, nonredundant dis-
agreement evidence relevant to that receiver; it can
shape the Synthesizer’s terminal output, which then
reaches the final judge through dense aggregation.

E.3 Case III: Projecting One Long Message
into a LITE View

This case isolates LITE projection for an admitted
message. As summarized in Figure 6, all meth-
ods reach the correct final answer, while MES-
SAGESIEVE presents the useful worker evidence
in a shorter extractive view that retains the uncer-
tainty formula, relevant operator and state context,
and final option. The View Projector preserves the
downstream evidence cue while removing repeated
derivation text and an intermediate false start.

E.4 Case IV: Routing Cannot Recover Absent
Evidence

Figure 7 establishes the generated-evidence bound-
ary of runtime routing. Across both worker rounds,
all ten responses select option D, yielding a coher-
ent Diels—Alder path that appears plausible under
observable support signals. The decisive option-A
argument appears in the FULL MAS outcome but
is absent from the MESSAGESIEVE worker tra-
jectory. Routing prioritizes available evidence, so
successful correction depends on workers generat-
ing a decisive argument.
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Case I: Omitting Misleading Planning Messages Before Repair

Dataset and Task Type

MBPP+; Python function synthesis with public assert tests.

Problem

Write a python function to remove duplicate numbers from a given number of lists.
Public tests:

assert two_unique_nums([1,2,3,2,3,4,5]) == [1, 4, 5]
assert two_unique_nums([1,2,3,2,4,5]) == [1, 3, 4, 5]
assert two_unique_nums([1,2,3,4,5]1) == [1, 2, 3, 4, 5]

Method Outcomes

FULL MAS: incorrect; converges to freqfnum] ==
Random: incorrect; keeps count[num] == 2 code evidence.
MESSAGESIEVE: correct; preserves the repair path using count[num] == 1.

Message Handling Evidence

Mute Observed routing action. For the Bug Fixer’s first receiver-local pool, the Project Manager and Algorithm
Designer messages are logged as MUTE. Representative content states: “The function should return elements that
appear exactly twice in the input list.” The router assigns MUTE to both messages using observable receiver-local
signals; the public tests provide the semantic criterion for the task.

Fu Downstream repair artifact. The Bug Fixer later compares the tests and writes: “the numbers 2 and 3
appear twice, but the output is [1, 4, 5] ... the function is actually returning numbers that appear exactly once.” Its
public-test-supported implementation is retained in the terminal worker output and reaches the dense judge as FULL.

Figure 4: Receiver-local routing omits two “exactly twice” planning messages from the Bug Fixer’s assembled
prompt, while a later public-test-supported repair reaches the dense judge.

Case II: Preserving denominator evidence before synthesis

Dataset and Task Type

GPQA-Diamond; graduate-level science multiple-choice QA.

Problem

We have a solution containing Co(IT) ions and thiocyanate, where the total cobalt concentration is ¢(Co) = 1072 M
and the [SCN™] concentration is 0.1 M. The stability constants of the cobalt(I) thiocyanato complexes are 81 = 9,
B2 = 40, B3 = 63 and 4 = 16. What will be the percentage of the blue dithiocyanato cobalt(II) complexes among
all cobalt containing species in the solution?

Options: A 38.1%; B 42.3%; C 25.6%; D 16.9%.

Method Outcomes

FULL MAS: correct; uses the distribution denominator.
Random: incorrect; follows a detailed but invalid C calculation.
MESSAGESIEVE: correct; preserves the D-supporting denominator evidence.

Message Handling Evidence

FurL Observed routing action. MESSAGESIEVE admits the Critic-to-Synthesizer message because its full denom-
inator and answer D provide receiver-relevant numeric disagreement evidence. It remains visible to the Scientific
Synthesizer, whose terminal output then reaches the dense final judge.

Downstream effect. With the denominator available, the Synthesizer constructs the D-supporting calculation. In the
matched random control, the Synthesizer treats total cobalt as free cobalt and obtains the incorrect C result.

Figure 5: Denominator evidence remains visible to the Scientific Synthesizer before dense terminal judging.
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Case III: LITE preserves support without the full trace

Dataset and Task Type

GPQA-Diamond; graduate-level science multiple-choice QA.

Problem

Given spin-1-like matrices P, P,, and P,, the system is found in the P, eigenstate with column-vector elements
(=1/2,1/+/2,—1/2). What is the uncertainty AP,?

Options: A v/27i; B h; C h/2; D 1i/v/2.

Method Outcomes

FUuLL MAS: right.
Random: right.
MESSAGESIEVE: correct; all nine admitted worker-to-worker views in this trace are LITE.

Message Handling Evidence

Lite Retained spans. One Domain Expert message is reduced from 1716 characters to 411 characters. The LITE

view keeps AP, = /(P2) — (P.)?, the operator/state context, and Final Answer: D, while dropping repeated
derivation and an intermediate self-correction.

Omitted spans. The compact view supplies the formula, operator context, and final option to the next receiver; the
omitted span comprises expectation calculations, repeated matrix text, and the false start P2 = P,.

Figure 6: A 1716-character response becomes a 411-character extractive LITE view retaining formula, state, and
answer.

Case I'V: Failure when correct evidence is absent

Dataset and Task Type

GPQA-Diamond; graduate-level science multiple-choice QA.

Problem

Identify the starting material(s) required to synthesize methyl 2-propyl-1,2,4a,5,6,7,8,8a-octahydronaphthalene-1-
carboxylate.

Options: A methyl (2E,8E,10E)-tetradeca-2,8,10-trienoate; B 1-vinylcyclohex-1-ene and methyl hex-2-ynoate; C
Cyclohexene and methyl 2,3-dimethylenehexanoate; D methyl (2E,4E,10Z)-tetradeca-2,4,10-trienoate.

Method Outcomes

FULL MAS: correct; follows the option-A hydrogenation route.
Random: incorrect; answers B.
MESSAGESIEVE: incorrect; answers D.

Message Handling Evidence

FuLL Retained but misleading path. MESSAGESIEVE preserves messages that describe option D as a plausible
conjugated-triene or Diels—Alder route. They contain mechanism terms, stereochemistry, and mutually reinforcing D
conclusions, so the observable routing signals treat them as useful evidence.

Failure boundary. Every worker in the MESSAGESIEVE trajectory selects D, so the dense judge receives several
terminal D rationales and no worker-generated A rationale. The outcome illustrates the generated-evidence boundary
described above.

Figure 7: All generated worker evidence in the MESSAGESIEVE trajectory supports a plausible but wrong
Diels—Alder route; routing cannot recover an absent option-A argument.
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