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Abstract

Multi-agent systems (MAS) built on large
language models promise improved problem-
solving through collaboration, yet they often
fail to consistently outperform strong single-
agent baselines due to error propagation at inter-
agent message handoffs. In this work, we con-
duct a systematic empirical analysis of such
failures and introduce an edge-level error tax-
onomy that identifies four dominant error types:
Data Gap, Signal Corruption, Referential Drift,
and Capability Gap, as primary sources of fail-
ure in multi-agent interactions. Building on this
taxonomy, we propose AgentAsk, a lightweight
clarification module designed to intervene at
the edge level in MAS to prevent cascading er-
rors. The module operates by strategically ap-
plying minimal clarifications at critical points
within the system, improving the accuracy and
efficiency of the overall task. AgentAsk is
trained to balance the trade-offs between clar-
ification cost, latency, and accuracy, while it
is also architecture-agnostic and can be eas-
ily integrated into existing systems. Evaluated
across five benchmarks, AgentAsk consistently
improves accuracy by up to 4.69%, while keep-
ing latency and extra costs below 10% com-
pared to baseline MAS, showcasing its high
efficiency and minimal overhead.

1 Introduction

Large language model (LLM)-based agent systems
have garnered attention due to their ability to per-
form multi-step reasoning and dynamic tools. By
coordinating multiple LLM-driven agents, these
systems leverage collective intelligence to tackle
complex tasks that require decomposition, external
knowledge access, and iterative refinement (Park
et al., 2023). This approach, known as multi-agent
systems (MAS), has the potential to solve a wide
range of real-world problems (Liu et al., 2024; Yu
et al., 2025a; Wu et al., 2024a).

Despite the promise of collaborative decomposi-
tion, multi-agent systems often fail to reliably sur-
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Figure 1: Multi-Agent System Reasoning: Success vs.
Cascade Failure. The left illustrates successful multi-
agent reasoning with consistent information exchange,
while the right shows how errors introduced by upstream
agents propagate across interactions, triggering a cas-
cade that leads to system-level failure.

)

pass strong single-agent baselines across diverse
tasks. Previous research and benchmarks report
unstable performance gains and brittle behavior un-
der realistic orchestration (Liu et al., 2024; Cemri
et al., 2025). Execution logs reveal a recurring
pattern in which small inconsistencies or missing
details introduced at one step travel along the chain
and accumulate into system-level failures. Figure 1
illustrates this process. Building on this, chain-
wise amplification is intensified by specification
gaps and inter-agent misalignment, and in some
settings, collaboration reduces accuracy (Zhang
et al., 2025d; Wynn et al., 2025; Wang et al., 2025).
Prior studies quantify the effect, with success on
difficult programming tasks falling to about 25%
(Cemri et al., 2025). Similar vulnerabilities appear
in single-agent traces, including misinterpretations,
logical gaps, and limited reflection, which indicates
that subtle errors arise early and persist through ex-
ecution. These observations motivate the problem
we study: how to limit error growth at inter-agent
handoffs, such that small local inconsistencies do
not accumulate into system-level failures.

A growing body of recent research attempts
to improve the reliability of MAS. One direction
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emphasizes structured roles and workflow gover-
nance, enforcing explicit hierarchies and proto-
cols to reduce miscommunication (Hong et al.,
2024; Qian et al., 2024; Chen et al., 2024b; Yu
et al., 2025b). Another line refines orchestration
and prompting strategies, leveraging prompt engi-
neering and search to better allocate tasks (Zhuge
et al., 2024; Zhang et al., 2025b,a; Yue et al., 2025).
Concurrently, self-checking and feedback mecha-
nisms encourage agents to reflect on or repair their
own outputs (Liang et al., 2024; Shinn et al., 2023;
Madaan et al., 2023). These approaches, spanning
architecture, algorithm, and introspection, provide
useful gains but remain limited. Many proposed
solutions are domain-specific, costly to scale, or
increase complexity without offering general prin-
ciples. Moreover, existing taxonomies of failure
are largely descriptive and rarely yield prescriptive
mechanisms for prevention or correction. Conse-
quently, current systems remain fragile when con-
fronted with complex or open-ended tasks.

To this end, we argue that ensuring reliability
necessitates a paradigm shift toward edge-level in-
tervention: each inter-agent message should be
treated as a potential failure point where minimal
clarification can halt cascading errors. Based on
this perspective, we introduce a taxonomy of four
core edge-level error types that are responsible for
most failures in MAS interactions. Guided by these
insights, we propose AgentAsk, a plug-and-play
clarification module for LLM-based multi-agent
systems. AgentAsk operates by identifying po-
tential failure points at each message handoff and
applying minimal clarification to prevent cascad-
ing errors. Crucially, AgentAsk is designed to be
lightweight, architecture-agnostic, and easily inte-
grated into existing frameworks, enabling systems
to intercept misunderstandings before they spread.

Our work makes the following contributions:

O Edge-level perspective and taxonomy: We
introduce an edge-level perspective on multi-
agent failures and formalize a taxonomy of
four inter-agent error types, motivating clarifi-
cation as an effective mechanism for improv-
ing multi-agent collaboration.

® Practical clarification module: We propose
AgentAsk, a lightweight and plug-and-play
clarification module that uses the edge-level
taxonomy to identify and resolve interaction
errors at message handoffs, improving system
reliability with minimal intervention.

® Comprehensive empirical evaluation: Exten-
sive experiments across multiple benchmarks
show that AgentAsk consistently enhances
accuracy by up to 4.69%, while keeping la-
tency and extra cost below 10% compared to
existing multi-agent baselines.

2 Related Work

LLM-Based Multi-Agent Systems. MAS co-
ordinates multiple role-specialized agents, often
equipped with tools, to solve complex tasks.
Early systems demonstrated that organizing mul-
tiple LLMs into role-specialized, conversational
teams with tool use can outperform single mod-
els, through frameworks that scaffold roles, proto-
cols, and conversation programming such as Auto-
Gen (Wu et al., 2024a), AgentVerse (Chen et al.,
2024b), CAMEL (Li et al., 2023), MetaGPT (Hong
et al., 2024), and ChatDev (Qian et al., 2024). Re-
cent work treats orchestration as a learnable object:
GPTSwarm models agents and communication
links as an optimizable graph (Zhuge et al., 2024),
AFlow searches over code-represented workflows
via Monte Carlo tree search (Zhang et al., 2025b),
MaAS samples query-dependent sub-architectures
from an agentic supernet (Zhang et al., 2025a),
and MasRouter learns a cascaded controller for
collaboration mode, role allocation, and LLM se-
lection (Yue et al., 2025). These directions build
on and complement decision-time tool use, such as
ReAct (Yao et al., 2023) and Toolformer (Schick
et al., 2023). Our work is orthogonal to global or-
chestration search: we hold an existing pipeline
fixed and inject a lightweight edge-level clarifier
that adds questions at message handoffs to curb
error propagation.

Failure Analyses in MAS. Large-scale audits
show that multi-agent gains over strong single-
agent baselines are not guaranteed and that many
failures arise at message handoffs(Cemri et al.,
2025; Zhu et al., 2025; Zhang et al., 2025d).
Methodologically related attempts to improve reli-
ability include multi-agent debate and discussion
(Chan et al., 2024; Liang et al., 2024), self-feedback
loops such as Reflexion (Shinn et al., 2023) and
Self-Refine (Madaan et al., 2023), and verification
or self-correction procedures (Wu et al., 2024b;
Lee et al., 2025), yet recent analyses document con-
ditions where debate or naive self-correction can
fail or even degrade accuracy (Wynn et al., 2025).
A complementary line advocates asking clarify-
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ing questions under uncertainty in single-agent
human—computer interaction(Wang et al., 2024;
Zhang et al., 2025c; Mukherjee et al., 2025; Lee
et al., 2023). We follow this clarification-centric
view but operationalize it for multi-agent settings
with an edge-aware policy that decides when, what,
whom, and how to ask exactly at the handoff.

3 Error Taxonomy

Conceptual Inspiration. In multi-agent systems,
ensuring reliable communication between agents
is essential to prevent cascading errors that can
propagate throughout the system. Our error tax-
onomy is inspired by human collaboration theory
(Gittell, 2006; Woolley et al., 2010), including the
concept of Relational Coordination, which empha-
sizes the importance of frequent, timely, and ac-
curate communication, shared goals, and mutual
respect among team members. According to this
theory, coordination can falter when communica-
tion is unclear, roles are misaligned, or team mem-
bers fail to anticipate each other’s needs, leading to
errors in the system.

Empirical Evidence. In this work, we empiri-
cally demonstrate that chain-style error propaga-
tion is a fundamental root cause of failures in MAS,
where a single error can cascade into a system-wide
collapse. We reveal these errors through an audit
of 824 execution logs, annotating each agent-to-
agent message as the unit of analysis. To ensure
the reliability of our classification, the annotation
process was conducted by multiple professional
annotators with expertise in MAS. These annota-
tors engaged in several rounds of cross-annotation
and adjudication to achieve consistent results. The
high inter-rater reliability was confirmed with a
Fleiss’ Kappa value of 0.84, indicating substan-
tial agreement among annotators. Our empirical
results, shown in Figure 2, indicate that most er-
rors in MAS stem from violations of a fundamental
principle: agents should complete tasks accurately
within their capabilities and deliver clear and com-
plete information handovers to downstream agents
without omission. Building on this observation,
four types of errors have been condensed.

3.1 Data Gap

In a good collaboration, a handoff never misses a
crucial detail. In human teams, a brief that forgets
a constraint sends downstream work off course,
and the cost multiplies with each relay. In multi-
agent settings, the same dynamic appears when a

(a) Error Taxonomy (b) Inspiration
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AL potential failure point and clarify there to
stop cascades early.
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bounded questions and ask only when it |
/ 7 |
I meaningfully reduces downstream uncertainty. X
leccaass=s: 8 Clarification ss == === —

Figure 2: From taxonomy to design. (a) Empirical dis-
tribution of edge-level error types (N=824). (b) Three
design inspirations distilled from our taxonomy: local-
ize fixes at the edge; map type—intent & addressee;
enforce minimality-by-design. (c) Our designed Agen-
tAsk for edge-level intervention (see Section 4).

boundary case, a unit, or a condition is left out.
Small omissions turn into systemic bias as later
steps harden a wrong default. A short check at
the handoff that lists required fields and confirms
ranges stops the slide before it spreads.

3.2 Referential Drift

Teams falter when words stop pointing to the
same thing. People know the feeling when two
teammates use different names for the same ob-
ject, and the dialogue quietly splits into parallel
threads. Agents replicate this when pronouns,
variable names, or record keys are passed with-
out grounding, so later steps bind them inconsis-
tently. The result is confident but incompatible
reasoning. A crisp confirmation of who is who
and which value is which at the handoff restores a
single shared state.

3.3 Signal Corruption

A distorted intermediate result enters the chain and
gets propagated as truth. In human work, a spread-
sheet with a subtle formula error can contaminate
every chart that follows. Agents exhibit the same
fragility when a wrong fact, a malformed structure,
or a unit mistake is presented with fluency and then
reused without scrutiny. Downstream modules am-
plify the error instead of correcting it. A targeted
request to verify the source value or structure at the
handoff contains the damage early.

3.4 Capability Gap

Healthy organizations respect the limits of each
role. Teams recognize this when a specialist is
asked to deliver outside their training, and impro-
visation replaces method. In multi-agent pipelines,
this appears when a role tuned for explanation is
asked for algebra or when a planner is pushed
into domain judgment. Progress stalls because the
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wrong skill sits at the critical edge. An early redi-
rect or a brief request for guidance at the handoff
aligns the task with a capable peer and keeps the
chain coherent.

3.5 Inspiration from Edge-level Taxonomy

Our analysis shows that all four error types mani-
fest as failures at the edge, the information handoff
between agents in a multi-agent system. This shifts
the design focus to the handoff itself rather than
the global workflow. In our annotated corpus
(IN=824), these errors account for most failures,
with Data Gap 29.1%, Referential Drift 27.3%, Sig-
nal Corruption 36.8%, and Capability Gap 6.8%.
According to the human collaboration theory we
mentioned above, effective handoffs are governed
by three habits: @ check the handoff for missing
content, ambiguous reference, corrupted intermedi-
ate results, or role mismatch; @ if a problem exists,
fix it at the source so it does not propagate down-
stream; @ intervene only as needed, keeping the
exchange brief and within latency and cost limits.

These habits motivate an edge-centered design
that monitors each transfer and issues minimal clar-
ifications exactly at the point of exchange. The
illustrative examples can be seen in Appendix D.

4 Design of AgentAsk

Overview. Grounded in the taxonomy, failures
cluster at the edge where one agent hands infor-
mation to the next. We therefore design around
three moves and introduce AgentAsk, a framework
for real-time monitoring and correction in multi-
agent systems. First, to identify errors, we place an
external clarifier at each handoff that inspects the
outgoing message and its local context, flagging
risks early. Second, to correct errors, we use “Ask’:
the AgentAsk sends a brief, targeted question to
the right party so the handoff is repaired before the
chain advances. Third, we transferred the asking
capabilities of the powerful model to AgentAsk,
but to keep correction efficient, fine-tuning alone
is not enough, so we add reinforcement learning
that adapts the ask decision, the addressee, and the
phrasing to context and budget.

The training process of the framework is detailed
in the following chapters, while its overall design is
outlined in Figure 3. Complete training pseudocode
appears in Appendix B as Algorithm 1, and the
notation used throughout is summarized in Table 14
of Appendix E.

4.1 Clarification as Edge Intervention

We model multi-agent collaboration as a sequence
of message handoffs over a directed interaction
graph. At each step, the controller AgentAsk re-
ceives a local view of the exchange and decides
whether to insert a clarification to improve task out-
comes. Each decision is based on an edge-local
state xy, where t is the timestep of the handoff, and
results in an action a; = (2, U, q¢), Where z; is
a binary gate indicating whether to ask, v, selects
which agent to query, and ¢; is the generated clari-
fication question. The controller either allows the
message to proceed or poses a brief clarification to
one of the agents. This intervention is lightweight
but can substantially improve task-level accuracy.
The policy 7y governs the action sequence across
an input, yielding a trajectory 7 = {(z¢,a;)}1_;.
The controller is optimized to maximize expected
task utility while operating under a cost constraint:

max Eror, [U(T)] st. E[C(T)] <B. (1)
Here, U is the utility function measuring task suc-
cess, and C' represents the cost incurred from clar-
ifications, while B is the predefined budget limit.
The internal structure of x; and a;, as well as the
factorized form of 7y, are introduced and discussed
in Appendix A.1.

4.2 Learning to Ask from Demonstrations

We initialize the controller under a cold-start condi-
tion using fine-tuning on curated clarification traces.
This allows AgentAsk to acquire structured ask
behavior before reinforcement optimization. We
construct a dataset of edge-local examples, each
consisting of a context x; and an intervention y;.
Specifically, z; represents the state at edge 7, and
y; encodes the teacher’s decision (whether to ask,
whom to ask, and what to ask). The controller
learns to predict the same content.

Let D = {(zi,v:)}, be the training dataset,
where NV is the total number of examples. The
training loss includes a decision component Lype
for predicting whether a clarification is needed, and
a conditional ask component L, for predicting the
clarification details:

Lotal = Etype + Aask Lask- ()

Here, Ausx is a parameter that balances two compo-
nents. This provides a cold-start policy capable of
clarification. Details of the data construction, label
format, and loss terms appear in Appendix A.2.
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Figure 3: Overview of AgentAsk. The module operates at the edge level, treating each inter-agent message
as a potential failure point. The figure illustrates both the architecture and training process: (i) Constructing
an edge-level corpus from failure logs by a large evaluator, (ii) Learning to ask from demonstrations to decides
when/what/whom/how to ask, and (iii) reinforcement learning with E-GRPO for clarification optimization under
latency and cost constraints. This pipeline equips AgentAsk with edge-aware monitoring and minimal, targeted
interventions while remaining architecture-agnostic and easy to integrate into diverse MASs.

4.3 Clarification Optimization with
Reinforcement Learning

Previous training enables us to transfer edge-level
judgment and question quality from a strong eval-
uvator. However, imitation learning has its lim-
its: it only captures behavior from logged cases
and cannot learn when not to ask, nor can it bal-
ance accuracy against constraints in new scenarios.
The ask gate and addressee are discrete decisions
whose true value emerges only after downstream
effects, so credit must propagate through the entire
sequence. Therefore, we continue with reinforce-
ment learning to adapt the my to the constrained
objective in Equation (1), using shaped rewards
that convert these trade-offs into learnable signals.

Reward Design. First, we encourage asking only
when it actually removes downstream uncertainty:

1, Zt:].AnH_l:O,

et = ¢ 1, 3)

Zt = 1/\nt+1 = 1,
O, Zt:O.

Here, ns represents whether need to clarify again,
that AgentAsk may ask multiple times at one edge.

Second, we enforce parsimony to keep clarifica-
tions scarce via a sliding counter c¢;:

par
T

“)

To stabilize outputs and preserve brevity, we intro-
duce a format bonus:

it — o 1[Fy = 1].

= —Asw max(c; — 1,0).

&)

These signals are aggregated into an edge reward
that embodies our inspirations from taxonomy,

edge par fmt
T —Oéeffrt +ry e,

(6)

while a terminal score anchors final correctness,

(N

R = avaps S.

where s is the final success score of the task.
Optimization: E-GRPQO. We extend the prin-
ciples of Group Relative Policy Optimization
(GRPO) (DeepSeek-Al et al., 2025) by introducing
a gradual global credit mechanism to be our E-
GRPO. While GRPO optimizes policies based on
edge-level rewards, we ensure that E-GRPO aligns
local decisions with overall success by incorpo-
rating global feedback in a controlled manner.

For each edge ¢, we form a local advantage
Alee = ry dge by the controller. The system-
level signal A$°" = w, (R — b) is distributed at
time ¢ with nonnegative weights w; and an action-
independent baseline b. The weight w; increases as
the training progresses, ensuring that global feed-
back starts to influence the policy more as the agent
gains confidence. Initially, the agent learns from
edge-level rewards %%°, which guide the local de-
cisions. However, to prevent the agent from getting
trapped in local optima, we introduce global credit
to reflect the overall success of the task. This global
credit is gradually integrated into the learning pro-
cess through a time-varying weight Ag(t), which
increases as the training progresses.
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Let Pt = 7r9(at | ht)/ﬂ'old(at | ht) We maxi-
mize the E-GRPO surrogate that shares ratios for
local and global credit and regularizes toward a
reference:

Je-crro(0) =E¢ [min(PtA}socv clip(pr, 14€) AP)
+ AR min(ptA%IOb, clip(pt, 1+e) AflOb)]
— BE[KL(7o(- | he) | et (- | h))] -

(®)
When R is not available, the second term in Eq. (8)
is simply absent, and training proceeds purely on
edge-level selection; when R arrives, it is injected
uniformly through Afbb, ensuring that minimal,
successful clarifications remain aligned with end-
to-end correctness while updates stay conservative
through clipping and reference KL regularization.

This approach ensures that AgentAsk avoids
becoming trapped in local optima, while progres-
sively aligning edge-level decisions with global
task outcomes, thereby improving the reliability
of multi-agent systems by preventing early error
propagation with minimal overhead.

5 Experiments

We assess whether a lightweight, edge-level clari-
fier improves reliability under unchanged orches-
tration, how it trades accuracy against latency and
cost, and why these effects arise. Our study is
structured around four research questions (RQ):

* RQ1: Paradigm validity and end-to-end effec-
tiveness. Under unchanged orchestration, does
inserting an edge-level clarifier consistently im-
prove end-task performance across frameworks
and benchmarks?

* RQ2: Efficiency under practical budgets. Can
AgentAsk achieve these gains with low overhead
in latency and extra cost, and how does it com-
pare to the +GPT-5 upper-bound clarifier in the
accuracy—efficiency trade-off?

* RQ3: Ablations and robustness. Which com-
ponents are necessary for the observed gains,
and how stable is performance under key design
choices and control parameters?

* RQ4: Taxonomy-grounded mechanisms.
Which error types drive most interventions and
gains, and how does the edge-level clarification
improve efficiency while minimizing unneces-
sary overhead?

5.1 Experimental Setup

Benchmarks & Baselines. We evaluate Agen-
tAsk on five public benchmarks spanning math

reasoning (GSMS8K (Cobbe et al., 2021), MATH
(Hendrycks et al., 2021b)), general-knowledge QA
(MMLU (Hendrycks et al., 2021a)), and code gen-
eration (HumanEval (Chen et al., 2024a), MBPP
(Austin et al., 2021)). Baselines include single-
model prompting (I0, CoT, Self-Refine (Wei et al.,
2022; Madaan et al., 2023)) and four representative
multi-agent frameworks (GPTSwarm (Zhuge et al.,
2024), AFlow (Zhang et al., 2025b), MaAS (Zhang
et al., 2025a), MasRouter (Yue et al., 2025)).

Implementation Details. For each framework,
we consider three settings that isolate the ef-
fect of the clarifier while holding orchestration
constant: (i) origin uses the public implemen-
tation; (ii) +GPT-5 substitutes the clarifier with
GPT-5 (OpenAl, 2025); (iii) +AgentAsk plugs in
our lightweight module. The LLM executor is
GPT-40-mini-0718 (OpenAl, 2024); +AgentAsk
uses Qwen-3-4B (Yang et al., 2025) as the back-
bone. Accuracy for GSM8K, MATH, and MMLU
is reported; Pass@1 for HumanEval and MBPP.
Due to baseline performance differences across
frameworks, we normalize latency and extra cost
by setting the origin framework to 100, and com-
pare the relative increases for each configuration.
Prompts are provided in the Appendix F. To bet-
ter demonstrate our plug-and-play capabilities, we
trained AgentAsk on one framework and then grad-
ually integrated it into other frameworks.

5.2 RQ1: Effectiveness under Fixed
Orchestration

Observation. Edge-level clarification consistently
improves end-task performance under unchanged
orchestration, suggesting that many failures origi-
nate at inter-agent handoff boundaries and can be
mitigated by clarifying exchanged messages.

Results and analysis. We compare our lightweight
AgentAsk with a strong clarifier, +GPT-5, which
serves as an upper bound for the edge-level clar-
ification paradigm. Table 1 shows that adding an
edge-level clarifier yields consistent gains across
frameworks and benchmarks. For each framework,
both +AgentAsk and +GPT-5 improve performance
over origin on all five datasets, and the average
score increases by a clear margin. In particular,
+AgentAsk improves the framework-level averages
by about +3.29 to +3.45 points, while +GPT-5 im-
proves them by about +4.40 to +4.69 points. The
gains are consistent across diverse task types, in-
cluding math, general knowledge, and code genera-
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Method Settings GSMSK MATH HumanEval MMLU MBPP Average
10 89.52 49.23 89.66 79.63 71.38 75.88
CoT 89.71 48.19 90.64 80.44 70.66 75.93
Self-Refine 90.37 47.92 88.88 78.31 71.49 75.40
origin 92.18 51.41 90.63 81.26 76.81 78.46
GPTSwarm  +GPT-5 9555 .14 5630.; 15 9405055 86.85.,7; 82455  83.047(+4.58)
+AgentAsk 9452 ., 5505.,. 9295.,00 8525.,5 SL15.,4 SL787(+3.32)
origin 91.35 50.89 91.67 82.16 79.63 79.14
AFlow +GPT-5 94.85 . 165 5620.000 950547 877515 85105  83.797 (+4.65)
+AgentAsk 9370 .5, 5495, 3 9395.,,, 8640. . 8390, 5 82.580 (+3.44)
origin 92.84 51.08 92.02 82.93 81.22 80.02
MaAS +GPT-5 96.20 +1.89 56.85 +1.51 95.45 +0.76 88.35 +1.94 86.70 +1.37 84.711 (+4.69)
+AgentAsk  95.10 ., ,; 5555.,7, 9445, s 8695.,, 8530, 0 83.471(+3.45)
origin 93.26 51.52 91.03 83.19 79.04 79.61
MasRouter ~ +GPT-5 9510105 567015 9455,  8855.,4 8515105 84017 (+4.40)
+AgentAsk 94.86 .45 55.65.,,0 9335.,7., 8710.,5, 8355.,05 82547 (+3.29)

Table 1: Accuracy/Pass@1 across frameworks under three settings (origin, +GPT-5, +AgentAsk) on five
benchmarks. For improved settings (+GPT-5 and +AgentAsk), bottom-right overlays show standard deviation in
gray. Average column shows overall percentage-point gains (green 1) relative to each framework’s origin.

Settings ()b S
Accuracy Latency  Extra Cost

origin 93.26 100 0.0
+GPT-40-mini  94.627 (+1.36) 118 16.0
+GPT-5 95.107 (+1.84) 129 34.0
AgentAsk (Backbone: Llama-3.2-3B)

SFT 93.6471 (+0.38) 106 5.7

(E-GRPO)  94.237 (+0.97) 105 5.0
AgentAsk (Backbone: Qwen-3-4B)

SFT 93.991 (+0.73) 105 53

(E-GRPO) 94.8671 (+1.60) 108 4.9

Table 2: Results of experiments on different types or
training stages of clarifier with MasRouter@ GSM8K.

tion, indicating that edge-level issues are a common
source of failure that can be mitigated by clarifying
exchanged messages rather than altering the orches-
tration. As expected, +GPT-5 produces the largest
improvements, supporting its role as an approxi-
mate upper bound for the clarification paradigm
under the same pipeline. Notably, +AgentAsk re-
covers a substantial portion of this upper-bound
gain with a lightweight learned module. The re-
maining gap is primarily attributable to efficiency
considerations, which we analyze in RQ2.

To verify that the improvements are not specific
to one decoding configuration, we additionally eval-
uate the main settings under multiple decoding tem-
peratures and evaluation seeds, with full robustness
results reported in Appendix C.1.

5.3 RQ2: Efficiency under Practical Budgets

Observation. AgentAsk attains most of the im-
provement with lower latency and extra cost, mak-
ing it more efficient than heavy clarifiers.

Results and analysis. We quantify the accuracy—
efficiency trade-off on MasRouter@ GSM8K in Ta-
ble 2. Using +GPT-5 yields the highest accuracy at
95.10, but increases latency to 129 and extra cost
to 34.0. In contrast, AgentAsk with Qwen-3-4B
achieves 94.86 accuracy with only 108 latency and
4.9 extra cost, reducing latency by 21 points and
extra cost by 29.1 points while leaving a 0.24 point
accuracy gap. The Llama-3.2-3B variant shows
the same trend, further indicating that the efficiency
advantage is not tied to a specific backbone.
Figure 4 (Left) shows that +AgentAsk stays near
the accuracy envelope with low overhead, while
+GPT-5 achieves slightly higher accuracy at much
higher latency and cost. These results confirm that
our edge-level clarifier is efficient under tight bud-
gets, with the gap to the upper bound primarily
due to capacity limitations rather than orchestra-
tion changes. We attribute this efficiency to the
training objective that penalizes unnecessary in-
terventions, encouraging the clarifier to ask only
when the expected downstream benefit outweighs
the overhead. Additional breakdowns across frame-
works and datasets are reported in Appendix C.2.

5.4 RQ3: Mechanism and Robustness at Edge

Observation. The effectiveness of AgentAsk is
driven by its ability to intervene at communication
handoffs, improving accuracy while maintaining
efficiency. Its robustness is confirmed through ab-
lation studies and sensitivity analyses.

Results and analysis. Table 3 presents the results
of ablation experiments on the reward components
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of four error types across different datasets in AgentAsk.

. MBPP
Settings
Accuracy Latency Extra Cost

AgentAsk 83.55 103 7.7
w/o rP" 81.34 (-2.21) 118 9.6
wilo r<ff 80.05/ (-3.50) 108 7.0
wlo rfmt 81.42 (-2.13) 111 9.7
R only 79.66/ (-3.89) 123 13.2

Table 3: Results of ablation experiments on different
reward settings with MasRouter@ MBPP(red | repre-
sents the decrease to each framework’s AgentAsk).

for AgentAsk with the MBPP benchmark. Re-
moving individual reward components leads to a
decrease in accuracy and an increase in latency and
cost, showing that each component contributes to
balancing efficiency and performance. The removal
of the rP" increases the latency and extra cost with-
out much improvement in accuracy, emphasizing
the importance of minimizing unnecessary clari-
fications for maintaining efficiency. Finally, the
full set of results, including further details on abla-
tion studies and experiments with PPO, GRPO, and
our method, can be found in Appendix C.3, where
Figure 5 demonstrates the sensitivity.

5.5 RQ4: Taxonomy Mechanisms at Edge

Observation. The performance of AgentAsk is
influenced by the types of errors it addresses, with
varying effectiveness across different error types.

Results and analysis. Figure 4 (Middle and Right)
shows the distribution of error types across datasets,
along with the Resolved @Edge percentages for
each error type. Resolved@Edge represents the
percentage of clarifications that successfully re-
solve the error without further intervention (illus-
trated in Eq 3). AgentAsk performs particularly
well in tasks dominated by Data Gap and Signal

Corruption errors. These errors are typically re-
solved with a single clarification, leading to high
Resolved @Edge rates, 82.5% for DG and 75.4%
for SC. DG makes up 36.8% and SC 30.9% of
the errors across datasets, representing the major-
ity of the issues encountered. For tasks involving
more Referential Drift and Capability Gap, such as
MATH and MMLU, the improvements are more
limited. These errors are less frequent, with RD
accounting for 20.7% and CG 11.6% of the errors,
but they are more difficult to resolve with a single
clarification. As a result, their Resolved @Edge
rates are lower, 58.3% for RD and 49.5% for CG.

Overall, AgentAsk is highly effective in resolv-
ing simpler edge-level errors. However, for tasks
with more complex errors like RD and CG, the im-
provements are more modest, as these errors stems
from the nature of the hallucinations. For further
analysis and additional results including qualitative
case studies, please refer to Appendix D.

6 Conclusion

In this work, we provide novel insights into error
propagation in multi-agent systems, emphasizing
the critical role of communication at agent handoffs.
Our error taxonomy identifies four common error
types that drive system failures, laying the ground-
work for effective intervention. Building on this
taxonomy, we propose AgentAsk, a lightweight,
architecture-agnostic clarifier that minimizes inter-
vention by asking targeted questions at key commu-
nication points. This approach enables error con-
tainment with minimal overhead, achieving near
large-model performance. Future work will ex-
plore uncertainty-aware gating, theoretical analysis
of edge-level interventions, and integration with
tools and human feedback.
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Limitations

Despite its effectiveness in mitigating many forms
of error propagation, AgentAsk cannot fully elimi-
nate all errors within multi-agent systems. Certain
errors originate from internal flaws within individ-
ual agents, particularly those tied to well-known
limitations in large models, such as hallucinations
and inconsistencies. These issues lie beyond the
scope of a clarification module like AgentAsk and
can only be addressed through more fundamental
advancements in the capabilities of large models.
Future research will need to focus on overcoming
these intrinsic model limitations, with the hope that
improvements in model robustness and accuracy
will enable more reliable error resolution across the
system.
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F Prompt 17

1 A Supplementary Design Explaination
2 Al Modeling Details

We elaborate on the controller framework refer-
enced in Section 4.1.

Edge State. Each input produces a message
graph G = (V, E) unrolled into an edge sequence
{e;}_ |, where each ¢, = (u; — v;) denotes a
message handoff. The controller observes a local
4  state ateach step:

W W W W W

4 Tr = (xi‘,n7 U, Vt, My, ht) ’ (9)

4 in .
where ;" is the user query or subgoal, m; is the

4 message from u;, and h; encodes recent local inter-

action context.

5  Controller Action. Based on x;, the controller
selects an action:

6 ar = (24, 0¢, qr), (10)

6 Wwhere 2; is a binary gate indicating whether to
ask, v; selects which agent to query, and g¢; is the
7  generated clarification question.

Policy Structure. We define the controller policy
as:

8 molar | @) = mo(zt | 1) [mo(Dr | 1) malgs | )] -

(11

Trajectory Modeling. The full input interaction

12 produces a trajectory:
12

12 7= {(zt,at,70) }1y s (12)

8

14  where r; is a response returned when z; = 1. The

objective from Section 4.1 is instantiated here with:

14
» U() rewarding task success and helpful clar-

14 ifications,

 C(7) measuring token and latency costs,

14
14 * B as the intervention budget.
16 This setup supports both imitation-based initial-

16  ization and constrained reinforcement learning (see
16 Appendix A.2).
17

17 A.2 Supervised Fine-tuning Details

We detail the data construction and training proce-
17  dure used in Section 4.2.
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Algorithm 1 AgentAsk Training

Require: Logs L, teacher 7, init policy 7y, ref m.f, budget B, Ir 1, A\ysk, AR, €, 5, weights wy, baseline b
1:

Stage A: Build Corpus

>t; € {DG, SC,RD, CG, NONE }

2: for trajectory 7 € L do
3: for edge state x; € 7 do
4: Yi < z(xl) = (ti,vi, Qi)
5: D%DU{(mi,yi)}
6: end for
7: end for
8: Stage B: Learning from Demonstrations
9: repeat _
10: Sample minibatch B C D
11:  Compute heads pg™ (t|x), pid¥(v|z,t), p(q |, t)
12: Evaluate Liype and Lysx; set Lol = Liype + Aask Lask
13: 0« 60— 17V9£T0ta1
14: until validation stops improving
15: Stage C:Clarification Optimization with RL
16: repeat
17: Init episode, counters, buffers; set budget B
18: fort=1,...,Tdo
19: Observe z; = (21, ug, vy, My, hy)
20: Sample a; = (2¢, Ut, qt) ~ mg(- | ) (schema+budget)
21: Execute a;; if ;=1 get reply r; deliver to v; obtain x4
22: Compute rgff | pPar pfmt edge
23: if episode not terminated then
24: Sample z; score by o8
25: Form local advantages AI°; update with ratios p;
26: else
27: Compute terminal R; set A5°” < w, (R — b) for all visited ¢/
28: Apply E-GRPO update using A?° and Af,lOb with KL to 7rpef
29: break
30: end if
31: end for

32: until RL budget exhausted or convergence
33: return 7y

Dataset Construction. From a set of logged
multi-agent executions, we extract edge-local con-
texts x; and assign expert clarifications via a
teacher model. Each label y; = (¢;, v;, g;) encodes:

* t; € T, aclarification type (or NONE if no ask
is needed),

* v; € {u;,v;}, the agent selected to receive the
question,

* q;, the clarification question string, con-
strained by schema and token length.

We define m; = 1[t; # NONE] as an indicator
for whether a clarification is present.

Model Outputs. The controller predicts:
y ptgype(ti | z;) for the ask decision,
¢ Pzddr(vi | z;, ;) for the addressee (when ask-
ing),
* p5(gi | s,t;) for the clarification text via

auto-regressive decoding.

Training Objective. The supervised loss has two

components:
* Liype is the cross-entropy loss on t;,

* L,k is the conditional loss on v; and g;, ap-
plied only when m; = 1:
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N
1
Lok = i E m; [ — log p&¥ (v; | @i, t;)
=1

T;
- Zlogptgm(%,t | @4, i, Qi,<t)]
t=1

(13)

The total training loss is illustrated at Equation 2

where A\ controls the relative weight of question
generation.

This training yields a controller capable of struc-

tured clarification grounded in edge-level context.

B Algorithm Workflow

This appendix concisely instantiates the edge con-
troller in Eq. (11) under the constraint in Eq. (1).
The details can be seen in Section 4. The specific
algorithm process is shown in Algorithm 1.

C Supplementary Experiments

C.1 RQ1: Effectiveness under Fixed
Orchestration

As shown in Table 4, we present additional results
evaluating the performance of AgentAsk across
all frameworks and benchmarks under a random
seed of 1314 and a model temperature of 0.3 set-
tings. These results reinforce the trends observed
in the main text, showing that AgentAsk consis-
tently improves performance, particularly in terms
of accuracy, latency, and extra cost. The accu-
racy improvement across the benchmarks, includ-
ing GSM8K, MATH, HumanEval, MMLU, and
MBPP, is substantial, with AgentAsk outperform-
ing the baseline methods in all cases. For exam-
ple, AgentAsk improves the average accuracy by
+3.34% on the GPTSwarm framework and achieves
a similar performance boost on other benchmarks,
while keeping latency and extra costs within accept-
able bounds. These findings validate the effective-
ness of AgentAsk in improving the performance of
multi-agent systems under unchanged orchestration
conditions.

C.2 RQ2: Efficiency under Practical Budgets

Tables 5, 6, and 7 summarize the performance of
AgentAsk, +GPT-5, and origin across five bench-
marks. The results demonstrate that AgentAsk not
only outperforms the original setting but also re-
mains much more efficient compared to +GPT-5.
Specifically, AgentAsk reduces the computational
overhead, as evidenced by its lower extra costs,
while maintaining similar or better accuracy across

all frameworks. For example, in the GPTSwarm
framework, AgentAsk achieves a +2.32% +4.34%
improvement in accuracy compared to the base-
line while reducing extra costs significantly. This
confirms that AgentAsk provides a practical and ef-
ficient solution that achieves competitive accuracy
while staying within practical operational budgets.

Parsimony penalty Agyw
A=02 A=04 A=06 A=038
7.0
95.2 =@~ Accuracy (H) =f~ Accuracy (A)
“ | 4 Extra Cost (H) @ Extra Cost () /’. 6.5

Accuracy (%)
w
o

Extra Cost (%)

H=2 H=3 H=4 H=5
Sliding-window length H

Figure 5: Sensitivity to window H and penalty Agy,
highlighting a stable region near the default and the
accuracy—efficiency trade-off.

C.3 RQ3: Ablations and Robustness

Table 8 presents the results of an ablation study that
investigates the impact of different reward com-
ponents (77", r¢f ™) on the performance of
AgentAsk. The ablation results highlight the im-
portance of each reward component in balancing
performance (accuracy) and efficiency (latency and
extra cost). Removing any of the reward compo-
nents leads to a noticeable drop in accuracy and
an increase in latency or extra cost. For instance,
excluding rP*" results in a decrease of 0.20% in
accuracy and an increase in latency by 8%, demon-
strating the necessity of including all reward com-
ponents for optimal performance.

Additionally, we compare the performance of
AgentAsk with other reinforcement learning-based
methods such as PPO and GRPO across five bench-
marks, as shown in Table 9. The results clearly indi-
cate that AgentAsk consistently outperforms both
PPO and GRPO in terms of accuracy, while main-
taining a relatively low latency and extra cost. In
particular, on the MMLU and GSM8K benchmarks,
AgentAsk achieves significant improvements in ac-
curacy (+2.25% and +3.18%, respectively), high-
lighting its robustness and effectiveness. These
findings demonstrate that AgentAsk provides a re-
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Method Settings GSMSK MATH HumanEval MMLU MBPP Average

10 89.52 49.23 89.66 79.63 71.38 75.88
CoT 89.71 48.19 90.64 80.44 70.66 75.93
Self-Refine 90.37 47.92 88.88 78.31 71.49 75.40
origin 91.82 50.92 90.21 80.92 76.38 77.99
GPTSwarm  +GPT-5 95.35r+353  56.151+5.23 93.35143.14 86.20r+528  82.05t+5.67  82.621+4.63
+AgentAsk  94.17r4235  54.97 +4.05 92.411+2.20 84.62r+370  80.48++4.10  81.331+3.34
origin 91.02 50.51 91.22 81.60 79.14 78.70
AFlow +GPT-5 94.85: 4383  56.05+5.54 94.60r +3.38 86.65+5.05  84.75t+561  83.381+4.68
+AgentAsk  93.12r42.10  54.711+4.20 93.57 +2.35 85.25t+3.65  83.04r+390  81.941+3.24
origin 92.32 50.82 91.42 82.41 80.80 79.75
MaAS +GPT-5 95.40r+3.08  56.70r+5.88 94.851+3.43 87.10r+4.69  86.20r+5.40  84.051+4.30
+AgentAsk 92121020 55424460  93.671+2.25 85.811+340  84.55r+375  82.317+42.56
origin 92.82 51.10 90.72 82.60 78.58 79.16
MasRouter ~ +GPT-5 96.00r+3.18  56.251+45.15  93.951 4323 86.90r+430  84.60r+6.02  83.547+4.38

+AgentAsk  95.07r4+225  54.95r4385  92.824+2.10 85.70r+3.10  82.83p+425  82.277+43.11

Table 4: Accuracy/Pass@1 across frameworks under three settings (origin, +GPT-5, +AgentAsk) on five bench-
marks. Bottom-right overlays denote percentage-point deltas vs. each framework’s origin. Each cell overlays a
bottom-right delta (green 1/ red ) relative to the framework’s origin.

Settings GSMSK MATH HumanEval MMLU MBPP
Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra

origin 92.18 100 0.0 51.41 100 0.0 90.63 100 0.0 81.26 100 0.0 76.81 100 0.0
+GPT—4o-mini | 93.50r+1.32 117 16.0 | 51.84p 4043 115 148 | 91.92r+129 121 17.6 | 82.00r+074 114 142 | 78.30r+149 123 185
+GPT-5 95.55+337 133 372 | 56.30r+489 131  35.8 | 94.05t+342 139 404 | 86.851+559 129 33.8 | 8245145064 140 412
AgentAsk (Backbone: Llama-3.2-3B)

SFT 92.60r+0.42 106 5.6 | 51.55r+0.14 106 54 |91.251+062 106 5.6 |81.65+039 105 5.0 |76.70,-011 107 5.7

(E-GRPO) | 92.88+070 105 5.0 |51.65t+024 105 5.1 |91.50r+087 105 5.2 |81.90r+064 104 47 | 77.05r+024 106 5.2
AgentAsk (Backbone: Qwen-3-4B)

SFT 92.851+067 106 5.5 |51.41 o0 106 53 |91.40r+077 105 53 |81.80r+054 105 5.0 |77.051+024 106 5.5

(E-GRPO) | 94.52t 1234 116 9.7 | 55.05t+364 106 9.2 | 92954232 103 3.3 | 852514399 119 8.6 |81.15t+434 105 6.1

Table 5: GPTSwarm: Ablations on model and training across five benchmarks.

Settings GSMSK MATH HumanEval MMLU MBPP
‘ Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra

origin 92.84 100 0.0 51.08 100 0.0 92.02 100 0.0 82.93 100 0.0 81.22 100 0.0
+GPT—4o-mini | 93.95r+1.11 118 15.7 | 51.80r+0.72 116 149 | 92.80r+078 120 16.6 | 83.40r+047 115 143 | 82.10r+088 122 17.3
+GPT-5 96.20r+336 127 443 | 56.85r+577 132 27.7 | 95454343 121 17.8 | 88.35;+542 130 31.0 | 86.70r+548 129 35.6
AgentAsk (Backbone: Llama-3.2-3B)

SFT 92.90r+006 106 54 |51.35+027 106 52 |91.90 012 107 5.6 |83.05/+0.12 105 49 |81.60r+038 107 5.6

(E-GRPO) ‘ 93.00r+0.16 105 5.0 ‘ 51.60r+052 105 5.0 ‘ 92.20r+0.18 106 5.3 ‘ 83.181+025 104 4.7 ‘ 81.85+063 106 5.3

AgentAsk (Backbone: Qwen-3-4B)
SFT ‘92.84 000 106 54 ‘51.90y+u,sz 106 5.3 ‘92.]0y+tu»x 106 5.5 ‘82‘85&().03 105 5.0 ‘81‘70r+0.4s 106 5.4

(E-GRPO) | 95.10r+226 108 5.6 | 55.55t+447 112 7.4 | 94454243 104 53 | 8695 +4.02 117 57 |8530r+408 107 5.0
Table 6: MaAS: Ablations on model and training across five benchmarks.
Settings ‘ GSMSK MATH HumanEval MMLU MBPP
Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra

origin 93.26 100 0.0 51.52 100 0.0 91.03 100 0.0 83.19 100 0.0 79.04 100 0.0
+GPT—-4o0o-mini | 94.627+136 118 16.0 | 52.10r+058 118 157 | 92.10r+107 122 17.3 | 83.50r+031 116 14.6 | 81.10r+206 121 17.9
+GPT-5 95.10r+184 129 34.0 | 56.70r+5.18 124 24.8 | 94.5514352 135 351 | 88.551+536 128 29.3 | 85.151+6.11 134 42.6
AgentAsk (Backbone: Llama-3.2-3B)

SFT 93.64r+038 106 5.7 |51.85+033 107 58 |91.354+032 106 5.6 |83.25 006 106 52 |79.80r+076 106 59

(E-GRPO) ‘ 94.23t4097 105 5.0 ‘ 51.95t4043 106 5.4 ‘ 91.50r+047 105 5.2 ‘ 83.35r+0.16 105 5.0 ‘ 80.20r+1.16 105 5.4

AgentAsk (Backbone: Qwen-3-4B)
SFT 93.99+073 105 53 |51.90r+038 106 52 | 91454042 105 5.1 |83.104-009 104 4.8 |80.10r+106 104 4.9
(E-GRPO) | 94.861+160 108 49 |55.65+4.13 109 6.1 |9335 4050 106 4.6 |87.10r+232 111 57 |83.55 45 103 7.7

Table 7: MasRouter: Ablations on model and training across five benchmarks.

liable and efficient solution across different con-  tems. Finally, Figure 5 illustrates the sensitivity
figurations and benchmarks, offering a promising  of AgentAsk to the window size H and the par-
approach for error mitigation in multi-agent sys-  simony weight g, showing that the clarifier is
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GSMSK MATH

Framework Setting

HumanEval MMLU MBPP

Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra Acc. Lat. Extra

Ours 94.52 116 9.7 5505 106 9.2 9295 103 33 8525 119 8.6 81.15 105 6.1
wlorP?" 93.10 126 6.2 5238 116 7.0 9132 113 7.0 8233 118 6.5 78.07 115 83
GPTSwarm w/or/f 9284 117 6.8 5275 125 7.6 91.85 109 59 83.02 117 7.3 8214 109 7.2
wiorf™ 9296 133 8.7 5201 134 7.8 91.02 115 7.1 82.14 121 72 7844 116 7.0
Ronly 9205 129 712 5190 133 165 90.82 125 16.4 81.74 125 135 7733 123 12.1
Ours 9486 108 49 5565 109 6.1 9335 106 4.6 87.10 111 57 8355 103 7.7
wlorP*" 94,61 113 64 5298 117 72 9248 112 6.7 83.74 116 69 81.34 118 9.6
MasRouter w/or¢ff 9470 111 69 5322 115 74 9291 109 59 8388 113 63 80.05 108 7.0
wio rf™ 9451 129 29.8 5244 138 27.7 92.15 119 16.8 82.90 128 17.0 80.42 111 9.7
Ronly 9321 124 24.0 52.14 135 81.6 91.54 125 483 83.01 124 293 79.66 123 13.2
Ours 95.10 108 5.6 5555 112 74 9445 104 53 8695 108 5.7 8530 107 5.0
w/orP?" 9341 113 63 52.06 117 6.8 92.10 110 6.2 83.20 116 64 81.55 112 63
MaAS wioreff 9312 110 6.8 5255 115 7.1 9237 108 58 83.02 114 67 8140 109 6.0
wiorf™ 9298 114 74 5174 118 7.6 91.61 112 6.6 82.60 118 7.0 80.44 113 6.8
Ronly 9255 125 253 51.60 128 144 92.14 121 13.6 83.02 114 94 8140 119 13.6

Table 8: Ablation results (Acc./Latency/Extra) across five benchmarks.

Method Settings GSMS8K MATH HumanEval MMLU MBPP Average
PPO 92.18 51.41 90.63 81.26 76.81 78.46
GPTSwarm  GRPO 93.10 52.40 91.80 82.40 79.10 79.76
Ours 94.52 55.05 92.95 85.25 81.15 81.78
PPO 91.35 50.89 91.67 82.16 79.63 79.14
AFlow GRPO 93.00 52.20 92.50 83.00 81.10 80.36
Ours 93.70 54.95 93.95 86.40 83.90 82.58
PPO 92.84 51.08 92.02 82.93 81.22 80.02
MaAS GRPO 93.80 52.40 92.90 83.80 82.10 81.00
Ours 95.10 55.55 94.45 86.95 85.30 83.47
PPO 93.26 51.52 91.03 83.19 79.04 79.61
MasRouter ~ GRPO 94.70 52.80 92.70 84.10 81.90 81.24
Ours 94.86 55.65 93.35 87.10 83.55 82.54

Table 9: Performance comparison across PPO, GRPO, and our method on five benchmarks.

robust to parameter variations, with stable perfor-
mance across a range of settings. This confirms
that AgentAsk is both effective and adaptable.

D Case Study of Error Taxonomy

The following traces provide concrete grounding
for the edge-level error taxonomy established in
Section 3. Each case is presented in a consis-
tent four-column format as shown in Tables 10,
11, 12, and 13, detailing the Query, the original
agent output (Origin), the clarification intervention
by AgentAsk, and the resulting Revised Message.
Figure 6 provides a visual overview and index of
our edge-level error taxonomy. Its four quadrants
each sketch a minimal, real trace exemplifying one
of the four core error types (i.e., DG, RD, SC, and
CG), while the central donut reports their preva-
lence in our annotated logs (N=824). This figure
serves as a conceptual guide and navigational aid,

directing the reader to the corresponding compre-
hensive case studies in Tables 10—13. These tables
provide the complete, granular detail of each inter-
action, including the original faulty message, the
precise clarifying question posed by AgentAsk, and
the subsequent corrected handoff, enabling a thor-
ough examination of the error mitigation process.

D.1 Data Gap (DG)

Missing details at an edge force downstream agents
to guess, which opens a cascade. The clarification
asks for the exact boundary behavior that is absent
at x4 and removes failure before the message flows
further. The details can be seen in Table 10.

D.2 Signal Corruption (SC)

A wrong conversion or reference enters the chain
and is relayed unchanged. The clarification pins
down the intended unit or base quantity, which
stops the propagation locally and earns positive
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def Transfering(string: s*rr) -> s1'

A\ Jprint(decode_shift([1, 2, 3]W
ot

ogrummer

In first round, Vivian found 10 more
eggs than Emma, who found 30. In the
Solver, Second round, she found 20 fewer eggs
than she did in the first round. And,
Vivian found 5 more eggs than Emma in

the second round. How many eggs did

Tester - . . >
TypeError: 'list' obJecf is n Vivian find in the second round?
iterable 36-8% Emma's second round
- =30 - 20 = 10, &
- Vivian's second round
27 3% =10 + 5 = 15 Calculator
6 8%
Kimber needs 10 cups of — -
g water,16 cups of flour, and 1/2 DG RD S CG A certain tree was 100 q
imes as many teaspoons of salt as meters tall at the end of 2017.

MathTeacher The number of cups of flour.
Calculate the combined total
number of cups of water, flour,
and teaspoons of salt that she
needs to make the pizza.

Salt =\tfrac{1{2}\times 16=8 tsp:
convert using 1 cup =48 tsp
\Rightarrow 8/48=\tfrac{1}6} cup:
sum 10+16+\tfrac{1}{6}=26+\tfrac{1}

{6}. Unit! jalculator‘

)

It will grow 10% more than its emist

previous height each year. How
long has the tree grown from
2017 until the end of 2019?

The tree has grown over time, so
T'll calculate the duration. From
the end of 2017 to the end of
2019 is 2 years. Therefore, the

answer is 2 years.

Role Mismatch!¢, “/)

Figure 6: The case of our error taxonomy. In the middle shows the fraction of the four types of errors.

effectiveness per Eq. (3). Results are summarized
in Table 11.

D.3 Referential Drift (RD)

Ambiguous symbols drift across turns and break
consistency. The clarification fixes names and in-
dices at the edge and aligns all relations, after
which the downstream solution becomes stable.
The details can be seen in Table 12.

D.4 Capability Gap (CG)

The role at the edge lacks the skill required by the
subtask. The clarification requests a reroute to a
capable recipient and specifies the expected output
form, which resolves the mismatch with a single
step. Table 13 shows the corrected messages.

E Notations

The symbols used in the text are explained in detail
in the Table 14.

F Prompt

The complete instruction used by the clarifier is
delineated in Figure 7. It explicitly specifies when
to ask, what to ask, and whom to ask, while keep-
ing questions short and cost-aware.Due to the in-
consistency in the framework, there may be slight

differences in the input section of the Prompt, but
this does not affect the overall consistency.
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Table 10: AgentAsk Case (Data Gap). The table shows one code-oriented edge where an upstream message
omits boundary behavior: the query asks for a shortest-palindrome constructor but the origin message assumes a
non-empty string and indexes without guards, creating an empty-input gap. Columns list the original query, the
erroneous origin message, the minimal edge-level Ask (what/whom to ask), and the corrected handoff that adds

explicit length checks and a safe return for the empty string.

Query Origin (Data Gap) AgentAsk Revised Message

: : : I will implement | AgentAsk — Pro-| The current logic
def is_palindrome(string: . . . .

str) -> bool: make_palindrome grammingExpert: indexes string[0] and
e tp;fifj:fge_s,,t.,r,,mg directly ~ from  the |“Should the function | string[-1] without
restlzjrr'lnngs[tr1_n1g:| == description. If the first define behavior for the guarding for length,
' . and last characters | empty string explicitly | which will raise Index-
def ma::;fa_l:n:tr::“e(smng: match and the whole | and add a quick guard | Error on the empty

"""Find the shortest
palindrome that
begins with a
supplied string.

Algorithm idea:

- Find the longest
postfix of supplied
string that is a
palindrome.

- Append to the end the
reverse of the prefix
before that postfix.

>>> make_palindrome('")

string is already a
palindrome, [ can
immediately  return
it. Otherwise, I scan
from right to left to
detect the longest
palindromic suffix
and then append the
reverse of the missing
prefix. Concretely, 1
start with if string[0]
string[-1] and
is_palindrome(string):
return string, then
proceed into a loop
to locate the suffix
boundary. This covers
typical inputs like
words  and  short
phrases. The docstring
examples  highlight
the construction for
ordinary strings, so I
will assume the input is
a standard non-empty
string and does not
require a guard for
corner inputs such
as the empty string
or  single-character
strings. With that in
mind, I will finalize
the suffix search and
produce the shortest
palindrome output
without additional
checks or precondi-
tions.

for length O or 1 before
indexing string[0]?”

AlgorithmDesigner BugFixer

ProgrammingExpert

string and is unnec-
essary on length-1
inputs. 1 will add
explicit handling up
front: if len(string)
== 0, return ”; if
len(string) 1 or
is_palindrome(string),
return string. Only for
longer inputs will 1
search for the longest
palindromic suffix and
append the reverse of
the missing prefix. This
preserves correctness
on normal cases while
ensuring the edge case
is well-defined and
safe.
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Table 11: AgentAsk Case (Signal Corruption). Two independent cases illustrate how a wrong conversion or
misapplied base quantity can propagate along an edge. Case 1 (pizza units): the origin message forces unit
unification and converts teaspoons to cups unasked, whereas the Ask clarifies “report as listed,” yielding 26 cups + 8
teaspoons (34 as count of listed quantities). Case 2 (reading remainder): the origin treats Tuesday’s % as a fraction

of the whole; the Ask pins it to the Monday remainder and yields 60 pages left.

Query

Origin (Signal Corrup-
tion)

AgentAsk

Revised Message

To make pizza, to-
gether with other
ingredients, Kimber
needs 10 cups of
water, 16 cups of
flour, and 172 times
as many teaspoons
of salt as the num-
ber of cups of flour.
Calculate the com-
bined total number
of cups of water,
flour, and teaspoons
of salt that she
needs to make the
pizza.

We have 10 cups of water
and 16 cups of flour.
Salt equals half as many
teaspoons as flour cups,
sothatis%x16 = 8
teaspoons.
the prompt asks for a
combined total in cups,
I will convert teaspoons
to cups and sum in a
single unit for uniformity.
Using 1cup = 48tsp,
we get 8/48 = 1/6 cup
~ 0.1667 cup. Hence, the
total is 10416+ + = 264
cups ~ 26.1667 cups. I
will report the answer in
cups only to avoid mixing
units.

Because

AgentAsk — Algo-
rithmEngineer:

“Should teaspoons be
converted to cups be-
fore calculating the to-

tal?”

AlgorithmEngineer Engineer

MathTeacher

The prompt specifies
cups for water and flour
and teaspoons for salt
without requiring unifi-
cation. To avoid in-
Jjecting an unstated pol-
icy, I will preserve units
as given and compute
the combined total as
listed. Quantities: wa-
ter = 10 cups, flour =
16 cups, salt = 8 tea-
spoons. Reporting the
combined count of listed
quantities gives 34 (26 +
8).

A book has 120
pages. On Monday,
a student reads one-
third of the book.
On Tuesday, the stu-
dent reads one quar-
ter of the remain-
der. How many
pages are left un-
read after Tuesday?

I will compute the total
pages read by treating
both fractions as portions
of the whole book for sim-
plicity: Monday = % X
120 = 40 pages, Tuesday
= % x 120 = 30 pages.
Total read = 70 pages, so
pages left = 120 — 70 =
50. I will pass along “50
pages left” as the final
quantity.

AgentAsk — Math-
Solver:

“Does ‘one quarter’ on
Tuesday refer to the re-
mainder after Monday,
rather than the whole
book?”

AlgorithmDesigner MathSolver
T

Thanks for the clarifi-

cation. “One quarter”
is with respect to
the remainder after
Monday. Compute
precisely: Monday
reads % x 120 = 40
pages; remainder
= 120 — 40 = 80
pages. Tuesday
reads % x 80 = 20
pages. Total read
= 40 + 20 = 60;
therefore pages left

=120 —60 = 60. I will
correct the intermediate
assumption and pass
along “60 pages left”
as the final quantity.
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Table 12: AgentAsk Case (Referential Drift).A single math word-problem case where ambiguous references
(T, E with dropped round indices) cause symbol drift across turns and wrong relations like 75 = E; — 20. The Ask
enforces explicit indexing (11,15, 1, E'2) and confirms the intended relations (7% = T — 20, Ey = 2T5), after
which the downstream solution stabilizes .

Query

Origin
Drift)

(Referential

AgentAsk

Revised Message

In April, Tank gath-
ered 10 more Easter
eggs than Emma in
their first round of
egg hunt.  Emma
gathered twice as
many eggs as Tank
in their second round,
while Tank’s second-
round total was 20
less than in the first
round. The combined
pile with 6 other peo-
ple was 400 eggs,
and Emma gathered
60 eggs in the sec-
ond round.  Find
how many eggs the 6
other egg hunters col-
lected.

MathAnalyst — Mathe-
matician: Let T and E
denote Tank and Emma.
I will use Ty1,F;, for
round one and s, Fo
for round two, but for
brevity I may drop the
subscripts. From the text,
“Tank’s second round
was 20 less than she
had gathered in the first
round,” so the difference
between Tank’s second
and first rounds is 20.
Emma’s second round
is “twice as many as
Tank in their second
round,” which suggests
a doubling relative
to Tank’s performance.
Since Emma has 60 in the
second round, we may
set E5 = 60. Because
FEi —T5 = 20, we can
write Ty = FE; — 20.
Also, “Tank gathered
10 more than Emma in
their first round” gives
Ty = E; + 10. With
these, the total across
two rounds plus the six
others should reach 400;
I pass these relations
forward for solution.

AgentAsk — Math-

Analyst:
“Please confirm un-
ambiguous referents:

Does 20 less’ apply
to Tank’s own rounds
(To =T1 — 20)? Does
‘twice as many’ mean
Ey=21T5?

AlgorithmDesigner Mathematician

MathAnalyst

Fix symbols explicitly:
Ty, Ts for Tank (rounds

1,2) and FEi,Es for
Emma (rounds 1,2).
Map statements to equa-
tions: 177 = FEi + 10;
T2 = T1 — 20,’
Ey = 275, and the

given E5 = 60. From
FEo = 60 we get To, = 30.
Then Ty = 50. Using
Ty = Ep + 10 gives
E1 = 40. The subtotal
for Tank and Emma is
Th+ Ty + Ey + By =
50+ 30440+ 60 = 180.
Therefore, the )
other hunters collected

SixX

400 — 180 = 220
eggs. The earlier drift
came  from  writing
T2 = E1 — 20, which
incorrectly bound the
“20 less” clause to
Emma’s  first round;

keeping indices attached
eliminates the ambiguity
and yields a consistent
solution.
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Table 13: AgentAsk Case (Capability Gap).Two cases where the role at the edge is misaligned with the subtask.
Case 1 (tree growth): an Economist returns elapsed time (‘2 years”) instead of the requested growth amount; the
Ask reroutes to AlgorithmEngineer, who computes compound growth (21 meters). Case 2 (coding): a non-coding
role provides a qualitative description instead of an implementation; the Ask redirects to ProgrammingExpert, who
supplies a correct function and complexity note.

Query Origin (Capability Gap) | AgentAsk Revised Message

A certain tree | Economist — Engineer: | AgentAsk — Algo- | AlgorithmEngineer: We
was 100 meters | The question asks about the | rithmEngineer: compute the compound
tall at the end | period from 2017 to the end | “The user asks for the | growth from end-2017
of 2017. It will | of 2019, which spans two | growth amount (height | baseline Hy, =  100.
grow 10% more | calendar years. Interpret- | increase), not the | Each year multiplied
than its previous | ing “how long has the tree | €lapsed time. Please | by 1.10. After two years:
height each year. | grown” as the elapsed time, | route  to  Algorith- | Hy = 100 x (1.10)? = 121

How long has
the tree grown
from 2017 until
the end of 2019?

we simply count the years:
2018 and 2019. Therefore,
the tree has grown for a to-
tal of 2 years. The rele-
vant arithmetic is duration-
based rather than quanti-
tative growth, so the final
answer is 2, reflecting the
time interval rather than
the magnitude of height
change.

mEngineer or Scientist
for compound-growth
computation.”

AlgorithmD

\};’/

; E
g

meters. The growth amount
is AH Hy, — Hy
121 — 100 21 meters.
Thus, the correct quantity
is a height difference, not
a duration; the previously
provided “2 years” reflects
a capability mismatch
rather than the requested
quantitative outcome.
Final: the tree has grown
by 21 meters over the
period.

Write a function
sum_even_square
(n: int) -> int
that returns the
sum of squares
of all even inte-
gers from [ to n
inclusive.  Pro-
vide a concise
implementation

and explain its
complexity.

MathAnalyst — Scientist:
To address the request, we
consider how even numbers
behave in general and re-
call that squaring preserves
parity. The sum can con-
ceptually be obtained by re-
peatedly adding the square
of each even number up to
the bound. The main idea
is to iterate across the rele-
vant subset and aggregate
the contributions. From a
scientific perspective, the
computation is straightfor-
ward and should be feasi-
ble, though nuances about
performance might emerge
for very large inputs. In
summary, the result equals
the accumulated squared
values of all even integers
no greater than n.

AgentAsk — Engi-
neer:

“The user explicitly re-
quests an implementa-
tion and complexity dis-
cussion.  Ensure the
function handles small

i3}

n.

MathAnalyst Scientist

m
X,
5

~- p——t

def sum_even_squares(n: int) ->

int:

"""Return sum of k*2 for
even k in [1..n]."""

if n < 2:

return 0

# Iterate by step 2 over
even numbers only

return sum(k*xk for k in
range(2, n+1, 2))

ProgrammingExpert: The
function iterates over even
integers only, avoiding un-
necessary checks, and sums
their squares. For example,
n=6 uses {2,4,6} giving
4416436 = 56. Time com-
plexity is O(n/2) = O(n)
with O(1) auxiliary space.
A closed-form alternative
via Y (24)? 4542
for i 1..[n/2] can
reduce iteration count with
arithmetic. This reroute
resolves the capability gap
by assigning code synthesis
to the appropriate role.
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Symbol Description

N The total number of examples in the training dataset.

T The feature vector representing the state at edge .

Yi The intervention decision at edge 7, encoding whether to ask, whom to ask, and what to ask.
D The training dataset consisting of edge-local examples (x;, y;).

LToal The total training loss, combining Liype and Lagk .

NAask A parameter balancing the two components of the loss function.

Tt The edge-local state at time step ¢ during the message handoff.

at The action at time step ¢, consisting of a binary gate z;, an agent selection ¥, and the clarification question g;.
2t A binary gate indicating whether to ask clarification at time step t.

Ut The agent selected to receive the clarification at time step ¢.

qt The generated clarification question at time step ¢.

T The policy that governs the action sequence across an input, parameterized by 6.

T A trajectory, which is a sequence of edge-local states and actions {(xt, at)}thl.

U(r) The utility function measuring task success.

C(7) The cost incurred from clarifications during the task.

B The predefined budget limit for clarifications.

rodee The aggregated edge reward.

R The system-level reward, representing the final task success.

Alee The local advantage signal at edge ¢, calculated from the edge reward r{?&°,

Aglob The global advantage signal at edge ¢, incorporating global feedback.

wy The weight associated with the global advantage signal at time step ¢.

b The baseline for the global advantage signal.

Ar(t) The time-varying weight controlling the integration of global feedback in the learning process.
Dt The ratio of probabilities used in the policy update during reinforcement learning.

53 The penalty parameter for regularizing the policy updates.

G=(V,E) A message graph, where V' represents the set of nodes (agents) and E represents the set of edges (message handoffs).
{et}z:1 A sequence of message handoffs, where each e; = (u; — v;) denotes a message passing from agent u; to agent v;.
zit The user query or subgoal at time step .

mg The message from agent u; at time step t.

hy The encoded recent local interaction context at time step ¢.

pgpe (t: | zl) The probability of the ask decision at edge ¢, given the context z;.

p¥9(v; | ¢5,t;)  The probability of selecting the addressee v; for clarification at edge .

o (qi | @i, ts) The probability distribution over clarification text g; at edge i.

m; An indicator for whether a clarification is present at edge 7.

Table 14: Explanation of the notation and symbols used in this paper.
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You are AgentAsk, an edge-level clarifier between two agents. Your job is to decide whether a minimal clarification
should be asked before the message is handed off, so that small mistakes do not spread. If you do ask, decide what to
ask, whom to ask (which agent in MAS), and write one short, concrete question. Keep it brief and low-cost. Do not
change the overall workflow.

Use the following error taxonomy when asking. Choose one type if you decide to ask; if no clarification is needed, set
type="NONE" and leave the question empty.

DG — Data Gap

Some required detail is missing, and the next agent would have to guess.

Signals: missing boundary cases; absent IDs, keys, or columns; unclear ranges or formats; placeholders.
How to ask: request the smallest missing piece in one short question.

Who to ask: usually the sender.

Do not ask: when the value is obvious from context or does not affect the outcome.

SC — Signal Corruption

An intermediate value, unit, scale, or structure is wrong or malformed and may be copied forward as truth.

Signals: unit mismatch; off-by-one indices; broken JSON or tables; inconsistent time zones; impossible magnitudes.
How to ask: point to the exact field or structure and confirm or repair it.

Who to ask: usually the sender; the other agent in MAS if they must choose a canonical unit.

Do not ask: when downstream already normalizes it deterministically.

RD — Referential Drift

Names or symbols do not refer to the same thing across turns, so agents bind to different entities.

Signals: pronouns like it or they; reused symbols without scope; conflicting aliases; index shifts; unlabeled columns.
How to ask: fix a single binding with a clear choice.

Who to ask: usually the sender; the other agent in MAS if they must commit to a binding for later steps.

Do not ask: when the binding is unambiguous from nearby context.

CG — Capability Gap

The current addressee lacks the skill or role to complete the step.

Signals: narrative text where computation is needed; missing tool access; math or code assigned to a planner; required
API not available.

How to ask: propose a minimal reroute or ask for the needed computation in one line.

Who to ask: the other agent in MAS being rerouted.

Do not ask: when a tiny hint lets the current role finish; in that case consider DG, RD, or SC first.

NONE — no ask

Choose NONE when a single short question will not meaningfully reduce uncertainty, when the handoff is already
sufficient, when policy or privacy would block the question, or when the next agent can fix it deterministically without
new information. When using NONE, set to_agent to null and leave question empty. Output only the required JSON.

Here is the input of upstream agent ......

Figure 7: Edge-level clarifier prompt. The box defines the instruction used by the clarifier to decide whether to
ask, what to ask, whom to ask, and how to phrase a single, minimal question under budget constraints.
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