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Abstract

Large Language Model based multi-agent sys-
tems (MAS) excel at collaborative problem
solving but remain brittle to cascading er-
rors: a single faulty step can propagate across
agents and disrupt the trajectory. In this
paper, we present MASC, a metacognitive
framework that endows MAS with real-time,
unsupervised, step-level error detection and
self-correction. MASC rethinks detection as
history-conditioned anomaly scoring via two
complementary designs: (1) Next-Execution
Reconstruction, which predicts the embedding
of the next step from the query and inter-
action history to capture causal consistency,
and (2) Prototype-Guided Enhancement, which
learns a prototype prior over normal-step em-
beddings and uses it to stabilize reconstruc-
tion and anomaly scoring under sparse context
(e.g., early steps). When an anomaly step is
flagged, MASC triggers a correction agent to
revise the acting agent’s output before infor-
mation flows downstream. On the Who&When
benchmark, MASC consistently outperforms
all baselines, achieving up to 8.47% AUC-
ROC improvement in the challenging w/o GT
setting, and further delivers consistent gains
on AgentErrorBench. When plugged into
diverse MAS frameworks, it delivers consis-
tent end-to-end gains across architectures, con-
firming that our metacognitive monitoring and
targeted correction can mitigate error propa-
gation with minimal overhead. The code is
in: https://anonymous.4open.science/r/MASC-
7194.

1 Introduction

Large Language Models (LLMs) have made sig-
nificant advances in few-shot learning, planning,
and complex reasoning across a wide range of
tasks (Brown et al., 2020; Yao et al., 2023b; Wang
et al., 2025b; Shen et al., 2025b; Miao et al., 2025).
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Corresponding author.

Building on these advances, recent research has
shifted beyond single-agent settings toward LLM-
based multi-agent systems (MAS), where multi-
ple agents collaborate to solve problems that ex-
ceed the capacity of any individual model. Such
collaborative paradigms have demonstrated strong
empirical performance in domains including sci-
entific discovery (Ghafarollahi and Buehler, 2024;
Schmidgall et al., 2025; Wu et al., 2025), software
engineering (Chan et al.), and strategic decision-
making (Huang et al., 2025). To support effec-
tive coordination, extensive work has explored di-
verse multi-agent communication structures, rang-
ing from simple topologies such as chains (Wei
et al., 2022; Zhang et al., 2022), trees (Yao et al.,
2023a), and stars (Wu et al., 2023), to more com-
plex fully connected or random graphs (Qian et al.,
2024). More recently, learning-based frameworks
have been proposed to dynamically select query-
conditioned communication topologies (Lei et al.,
2025; Shen et al., 2025a; Zhang et al., 2024a; Wang
et al., 2025¢c; Miao et al., 2025), marking a shift
toward more adaptive and flexible multi-agent col-
lectives.

Despite these advancements, the increasing com-
plexity and inter-connectivity of MAS expose a
critical vulnerability: errors can rapidly cascade
across agents and undermine overall system re-
liability. This is because collaborative structures,
while enhancing problem-solving capacity, also act
as conduits for error propagation, where system
success is dictated by its weakest link. Our pre-
liminary study (Section 2.2) shows that a single
agent’s error can cause system-level performance
to drop by over 50%, underscoring the urgent need
for mechanisms that support real-time error de-
tection and correction to preserve operational in-
tegrity. Recent efforts have attempted to mitigate
this risk by introducing additional agents for verifi-
cation (Zhu et al., 2025) or by post-training special-
ized LLM through reinforcement learning (Zhang
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et al., 2025c; Kong et al., 2025). These studies
highlight the importance of developing effective
error detection methods for multi-agent systems.

While promising, these approaches often require
extensive supervision, costly training pipelines, or
task-specific optimization, making them difficult
to deploy in real-time and limiting their scalability
across diverse MAS settings. As a result, building
a general and practical mechanism for real-time
error detection and correction remains fundamen-
tally challenging. First, fine-grained supervision
is scarce, as obtaining step-level error annotations
in complex multi-agent interactions is expensive
and difficult (Zhang et al., 2025d), rendering stan-
dard supervised training impractical. Second, error
signals are highly context-dependent: when ex-
amined in isolation, normal and abnormal steps
often appear indistinguishable, requiring detectors
to reason over interaction history. Moreover, many
errors occur early, when contextual information
is limited, further complicating reliable detection.
Together, these challenges call for detection mech-
anisms that are label-efficient, context-aware, and
effective under limited information.

To address these challenges, we introduce
MASC, Metacognitive Self-Correction for LLM
Multi-Agent Systems that enables online, unsuper-
vised, step-level error detection and self-correction.
Our framework contains two novel and critical de-
signs: (1) Next-Execution Reconstruction, where
the system models the causal dynamics of normal
agent interactions by predicting the subsequent
step’s representation from the historical context.
This allows for identifying outputs that violate
the learned agent interaction flow. (2) Prototype-
Guided Enhancement, which learns a stable distri-
butional prior of normal agent behavior to act as a
robust reference point. This ensures reliable detec-
tion performance even when errors occur early in
an execution sequence where historical context is
limited. Furthermore, when an anomaly is detected,
MASC triggers a correction agent that revises the
flagged step before erroneous information propa-
gates downstream, thereby preventing cascading
failures. Across the Who&When benchmark (Zhang
etal., 2025d), AgentErrorBench (Zhu et al., 2025),
and diverse MAS frameworks, MASC consistently
improves step-level error detection and translates
these gains into robust end-to-end performance im-
provements. In summary, our contributions are:

* Formulation. @ We formalize step-level er-

ror detection for LLM-based MAS as history-
conditioned, unsupervised anomaly detection
over the acting agent, avoiding the need for costly,
fine-grained step-level error labels.

* Framework. @ We propose MASC, which
combines Next-Execution Reconstruction, a
Prototype-Guided prior for stability under sparse
context, and an anomaly-triggered self-correction
loop for real-time robustness.

* Experiments. On Who&When and AgentError-
Bench, MASC consistently improves step-level
error detection and achieves the best performance
with up to 8.47% AUC-ROC improvement (w/o
GT). As a plug-in to multiple MAS frameworks,
MASC further yields consistent end-to-end gains
across six benchmarks.

2 Preliminary

In this section, we formalize the structure of LLM-
based multi-agent systems and define step-level
error detection (Section 2.1); we then analyze the
core challenges and the necessity of self-correction
(Section 2.2), which motivate our method.

2.1 Problem Formulation

Multi-Agent System. Consider a LLMs-powered
multi-agent system M with a group of IV agents,
denoted as N/ = {1,2,..N}, that operate at dis-
crete time steps. These agents are taking actions
in a turn-based protocol, meaning that exactly one
agent performs an action at each time step. For-
mally, the system is described as:

M = <N, S, A, P, ¢>. (1)

Here, S is the set of possible states. A is the
global action set; each agent i € N can typi-
cally perform actions from some subset 4; C A.
¢(t) is a function that indicates which agent is ac-
tive at time ¢, thus specifying the turn-based rule.
P(sHl | st, ay, gb(t)) is the state-transition proba-
bility, given that only one agent ¢(t) acts at time t.
¢(t) is employed to denote the agent that takes an
action a; at time step ¢. A full trajectory 7 can be
written as: 7 = (30, ag, S1, A1, -« -, ST), where
T is a terminal time step or when the system enters
a terminating state. Based on this formal system,
we now specify the problem of error step detection.
In this context, we are interested in evaluating each
action a; taken by the corresponding agent i = ¢(t)
within the trajectory 7.
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Figure 1: Comparative analysis of embedding distance, error locations, and metacognitive behavior.

Definition 1 (Error Step Detection in MAS)

Given a multi-agent execution trajectory T, we
define an error step as a specific agent-time pair
(i,t) indicating that agent i at time step t performs
an incorrect action (e.g., wrong reasoning or
decision). The objective of error step detection is,
for a given current step t and optionally a set of
historical steps H = {(i',t') | t' < t}, to deter-
mine whether the action at step t constitutes an
error. Formally, the detection function D(i,t, H)
takes as input the agent 1, the current time step t,
and the historical context H, and outputs a binary

label:

1, error occurs at time t,

D(i,t,H) = 2

0, otherwise.

The primary challenge, which our work ad-
dresses, is to construct this detection function D
in an unsupervised manner, without access to any
labeled error steps during training. This enables the
system to monitor itself in real-time and identify
deviations from normal, correct execution flows.

2.2 Problem Analysis

In this section, we analyze three key challenges
that motivate our work: (1) the context-dependent
nature of step-level errors; (2) the difficulty of de-
tecting errors early in execution; and (3) the vulner-
ability of MAS to cascading failures.

Context-Dependence of Step-Level Errors. A
single step in a multi-agent trajectory is rarely sep-
arable from errors without history. Using a pre-
trained BERT encoder, we compare (i) the inter-
cluster distance between normal vs. abnormal
mean embeddings and (ii) the intra-cluster distance
within normal steps. In the absence of contextual
information, the inter-cluster distance is extremely
small (e.g., 0.25 on the algorithm-generated sub-
set), while the intra-cluster distance remains large

(1.45), indicating isolation is insufficient. A simple
historical augmentation (nearest neighbor) slightly
tightens normal dispersion (e.g., 1.45—1.10) but
only modestly enlarges the inter gap, underscoring
that choosing the right context is nontrivial. These
findings confirm that step-level anomaly detection
in MAS cannot rely on isolated embeddings and
must instead exploit contextual and causal depen-
dencies across steps.

Difficulties of Early-Step Errors. Beyond the
inherent challenge that abnormal steps cannot be
directly judged without context, a further difficulty
arises when errors occur at early stages of exe-
cution, where only limited historical information
is available. To quantify this issue, we conduct
a statistical analysis on the Who&When benchmark,
which contains two subsets of multi-agent trajecto-
ries: a hand-crafted version (HC) and an algorithm-
generated version (Alg). Fig. 1b shows the distribu-
tion of error positions relative to trajectory length.
We observe that a considerable portion of errors in
the Alg subset appear within the first 20% of steps,
while errors in the HC subset are more evenly dis-
tributed across positions. This evidence highlights
that early-step errors are common and can leave de-
tectors with insufficient context, thereby motivating
the introduction of a prototype-guided mechanism
to provide a stable reference representation when
history alone is inadequate.

Lack of Metacognitive Error Awareness in MAS.
While collaboration aims to improve robustness,
current MAS lack metacognitive capabilities to rec-
ognize and mitigate their own reasoning failures.
We test this via controlled fault injection across
three canonical topologies: chain, fully-connected,
and random. In each setting, we randomly se-
lect one agent and launch a prompt-based attack
that forces a misleading output, simulating real-
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istic erroneous agents. Fig. 1c shows the result-
ing degradation on MMLU, GSMSK, and AQuA:
performance drops markedly across all datasets
and topologies (e.g., up to 51.9 points on AQuA
under the random topology). Thus, collaborative
structures, even with designated critic roles, cannot
prevent error propagation once an agent fails, high-
lighting the need for explicit error detection and
correction to guard against cascading failures.

3 Methodology

As introduced in Section 2, we cast step-level
error detection in LLM-based MAS as history-
conditioned, unsupervised anomaly detection.
Fig. 2 overviews MASC, which performs real-time,
unsupervised error detection and correction. The
central idea is to learn a compact model of normal
multi-agent behavior and flag steps that deviate
from this learned pattern.

For each step t, MASC executes three stages:
(1) Contextual Encoding, which converts raw
inputs (task query, agent roles, and interac-
tion history) into task-aware vector embeddings;
(2) Prototype-Guided Reconstruction, our de-
tection module, which predicts the current step’s
embedding from historical context and identifies
anomalies via reconstruction residuals and devia-
tion from a learned prototype of normality; and
(3) Anomaly-Triggered Self-Correction, wherein
a high anomaly score triggers a dedicated Correc-
tion Agent to revise the flagged output and write
back the corrected result to the shared history.

3.1 Contextual Encoding

Assume we have a set of agent roles {R;}Y,
for N agents. At each time step ¢, the input
to our detector consists of the task query Q and
the Agent role—output history H;_; from previous
steps. Here, H;_1 records, for each prior agent call
7, the pair comprising the acting agent’s role and
its emitted output: H;—1 = {(R;, O;) ;;11 We
begin by encoding these symbolic components into
dense vector representations using a pre-trained
encoder, denoted as Embed(-). Formally, this tok-
enization process is defined as:

q = Embed(Q), 3)
r; = Embed(R;), i=1,...,N, 4
h; = ;]| Embed(0;), j=1,2,....t—1 (5

Here, q is the embedding of the task query, r;
is the embedding of the ¢-th agent role descrip-

tion, and h;; is the embedding of the i-th historical
conversation, obtained by concatenating the role
and response embeddings of agent at step j. Sub-
sequently, q and h; are passed through separate,
learnable linear projection layers to map them into
a unified hidden dimension:

q= fq(q), hj= fu(hj), (6)

where f,, f3, are learnable linear projections. This
contextual encoding step produces task-adapted
representations q and h that fuse the necessary
information for the downstream task.

3.2 Prototype-Guided Reconstruction

The core of our detection mechanism is the prin-
ciple of reconstruction-based anomaly detection.
The underlying intuition is that a model trained
exclusively on normal data can reconstruct valid
samples with high fidelity, whereas its ability to re-
construct anomalous samples is inherently weaker.
This discrepancy can be exploited to identify er-
rors. However, directly transplanting such methods
to step-level anomaly detection in MAS is non-
trivial. Unlike image or time series domains where
anomalies often exhibit strong signal deviation, ab-
normal steps in MAS are often semantically close
to normal steps and only become erroneous under
specific execution contexts. This weak semantic
separability makes context-aware modeling crucial.
Next-Execution Reconstruction. To address this,
we propose a Next-Execution Reconstruction mod-
ule. Instead of reconstructing the input, we lever-
age the causal structure of agent interactions.
Given the history up to step t — 1, the module
predicts the representation of the next execution
step, t. This forces the model to learn the causal
dependencies that govern normal interaction flow.
We employ a pre-trained, frozen Large Language
Model (LLM) to encode the context sequence. Its
output is then passed through a learnable linear
projection layer, denoted fy, to generate the final
prediction. Formally, the prediction, X;, is gen-
erated by feeding the projected query and history
embeddings into our model:

% = fo( LLM @By, b)) (D)

The projection layer fy maps the LLM’s hidden
representation back to the dimension of the raw
history embedding h;. Anomalous steps, by vi-
olating causal consistency, will naturally exhibit
a higher deviation between the prediction X; and
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Figure 2: Overview of MASC. Left: At step t, the agent’s output O, and history context 7;_; are sent to a
real-time detector; if normal, it passes through, otherwise a correction produces Oy, updates H;, and is used at
t+1. Right: Next-Execution Reconstruction takes projected query Q and history embeddings, uses a frozen LLM
with a learnable head fy to predict Z;; a prototype p supplies a stability prior, and the anomaly score combines
reconstruction error (dr,2) and prototype misalignment (d..s) to trigger self-correction.

the realized embedding, which we define as the
ground truth x; := h;. For the first step (¢t = 0),
the input sequence to the LLM consists solely of
the projected query, q

Prototype-Guided Enhancement. While next-
execution reconstruction is effective, it can be less
reliable in early steps where the historical context is
sparse. To mitigate this, we introduce a prototype-
guided enhancement mechanism. We maintain a
learnable prototype vector p € R¢ that represents
the centroid of normal step embeddings and acts
as a stable anchor of normality. d is the shared
dimension of x;, &4, and h;. Given a normal tra-
Jectory, we collect the reconstructed embeddings
X = [%1,...,%7]" € RT*4 from our predictor
and refine p Via a srngle -head attention update that
uses p as the query and X as keys/values:

p = Attn(pW,, XW, XW,) (8)

X T
= Softmax(W(XVVk)> (XW,),
Vd

where Wy, Wi, W, € R?*4 are learnable projec-
tions. The prototype p is learnable and can be
initialized from a Gaussian distribution or from the
mean of pseudo-normal embeddings obtained by
prompting the LL.M. This design encourages each
reconstructed step to align with the prototype cen-
ter, providing robustness when contextual history
is scarce or noisy.

3.3 Training Objective

Our framework is trained in an unsupervised man-
ner using only normal trajectories, avoiding costly
step-level error annotations. The objective com-

bines a reconstruction loss that enforces causal con-
sistency with a prototype loss that regularizes re-
constructed steps toward the center of the normal
distribution.

Reconstruction Loss. For a trajectory of length 7',
our predictor produces the current-step representa-
tion X; conditioned on the context up to step t—1.
We minimize the mean squared error between the
predicted and realized embeddings on normal data:

—xly O

recon =
=1

Prototype Loss. To enhance robustness when his-
tory is short or noisy, we introduce a learnable pro-
totype vector p that encodes the central tendency
of normal steps. We regularize each reconstructed
embedding toward p via cosine similarity:

= —Z(l—cos Xt P ))

Total Loss. The final training objective is a
weighted combination of the two terms:

(10)

proto

L = Lrecon + )\ﬁprotm (11)

where \ balances the reconstruction fidelity and
prototype alignment. Since both terms are defined
solely on normal trajectories, the framework nat-
urally learns to distinguish abnormal steps at in-
ference time as those that yield larger residuals or
weaker alignment with the prototype.

3.4 Inference and Anomaly Scoring

At test time, we assign an score to the current step
t immediately after its output is produced. Given
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the context up to step t—1, our predictor generates
the current-step reconstruction x;. We then com-
bine an L2 reconstruction error with a cosine-based
prototype misalignment:

s(t) = of|% — XtH; + 5 (1 — cos (%, p))

(12)
where o and 3 are weighting hyperparameters.
A higher score indicates a greater likelihood of
anomaly. This design preserves the strength of
LLM-based reconstruction in capturing causal con-
sistency across steps, while leveraging the proto-
type as a stable reference, which is especially help-
ful when contextual history is scarce.

3.5 Self-Correction via Anomaly-Triggered
Intervention

The final stage of our framework is a self-correction
mechanism initiated by our anomaly detector. At
each step t, if the output O, from agent i = ¢(¢)
yields an anomaly score s(t) exceeding a thresh-
old 4, an intervention is triggered. This gating
mechanism ensures corrections are targeted and
efficient, preventing error propagation. In contrast
to re-invoking the original agent, we employ a ded-
icated correction agent with policy Teorr. When
triggered, correction agent is prompted with the cur-
rent context and a correction instruction to revise
the flagged output. The final, potentially corrected,
output O, is determined by:

if s(t) <o,
if s(t) > ¢,

(13)
where H;_1 is the textual conversation history up
to step t —1 and P,y is a correction instruction that
requests reconsideration. The corrected output O,
replaces the original, thereby updating the history
that subsequent agents receive (i.e., H; will contain
O,). This self-healing loop mitigates errors at their
source and prevents cascading errors.

~ (@)
Oy = b
7Icorr(f}"ltfh Ota ] corr)7

4 Experiments

We evaluate our proposed framework from two
perspectives: (1) the effectiveness of our unsuper-
vised anomaly detector for step-level error detec-
tion, and (2) the end-to-end performance improve-
ment when integrating our MASC framework into
existing multi-agent systems. This section is orga-
nized as follows: We first detail the experimental
setup for both tasks. Next, we present the main re-
sults for step error detection and framework integra-

tion. Finally, we provide in-depth ablation studies
to analyze the contribution and effectiveness of our
framework. Experiments on hyperparameters and
prototype updates are provided in the Appendix E

4.1 Experimental Setup

Datasets and Tasks. For the error detec-
tion task, we evaluate our method on the
Who&When benchmark (Zhang et al., 2025d) and
AgentErrorBench (Zhu et al., 2025). Who&When
consists of two subsets, namely a handcrafted sub-
set and an automated subset. We evaluate un-
der two conditions: w/ GT (with access to the
ground-truth answer of the query) and w/o GT
(relying only on agent logs). AgentErrorBench
further provides execution trajectories collected
from the GAIA and WebShop environments. To as-
sess the end-to-end performance of our integrated
framework, we evaluate it on six standard bench-
marks spanning three domains: general reason-
ing (MMLU (Hendrycks et al., 2021)), mathemati-
cal problem solving (GSM8K (Cobbe et al., 2021),
AQuA (Ling et al., 2017), MultiArith (Roy and
Roth, 2016), and SVAMP (Patel et al., 2021)), and
code generation(HumanEval (Chen et al., 2021)).
For all evaluations, we use the official data splits.
Detailed statistics provided in the Appendix B.
Baselines. For step-level error detection, we con-
sider three representative categories of baselines:
(1) LLM-as-detector, directly prompts large lan-
guage models to judge whether a step is erroneous,
following the strategies provided in the Who&When
benchmark (Zhang et al., 2025d), including All-at-
Once, Step-by-Step, and Binary Search. (2) strong
supervised models, including a sentence classifica-
tion model based on BERT (Koroteev, 2021) and an-
other classifier that uses a large language model en-
coder. For the latter, we represent each sentence by
taking the hidden state of its final token and pass it
to a trainable MLP classifier head (BehnamGhader
et al., 2024). (3) error detection agent,we adopt
AgentDebug (Zhu et al., 2025), a debugging frame-
work that identifies root causes of failures and pro-
vides corrective feedback, enabling agents to re-
cover and iteratively improve.

Beyond detection, we also evaluate the effect
of integrating our MASC into MAS frameworks.
We consider a broad range of baselines covering
both single-agent prompting strategies and multi-
agent communication: 1) single-agent methods
namely Chain-of-Thought (CoT) (Wei et al., 2022)
and Self-Consistency (SC) (Wang et al., 2022); 2)
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Table 1: Performance (%) comparison on Who&When, AgentErrorBench. Each entry reports AUC-ROC/ACC.

Who&When (handcraft) Who&When (automated) ErrorBench ErrorBench

Backbone Method
w/ GT w/o GT w/ GT w/o GT GAIA WebShop
All-at-Once 44.98/6.90 47.15/10.34 30.26/14.29 32.16/9.52  69.36/24.00 68.94/30.00
GPT-40-mini Step-by-Step 58.25/15.87 50.74/14.29 39.66/13.79  30.42/8.62 44.32/8.00 31.56/5.00
Binary-Search ~ 54.81/13.49 51.93/15.52 24.39/5.17  21.97/6.90  72.39/22.00  60.08/14.00
All-at-Once 51.26/7.83 58.66/13.57 42.88/15.91 38.24/8.45  64.58/20.00 74.36/28.00
Gemini-2.5-Flash  Step-by-Step 62.58/16.91 43.94/13.19 30.54/12.56  26.37/9.81  46.12/10.00  22.49/3.00
Binary-Search ~ 61.36/14.77 53.82/16.18 19.61/4.26  26.34/5.83  74.64/25.00 68.25/15.00
all-MiniLM-L6-v2 BERT Classifier 60.58/10.37 72.86/13.79 62.91/15.21 67.15/13.68 70.57/21.00  49.68/10.00
Qwen-2.5-7B . 64.75/13.41 72.97/16.67 61.79/22.50 55.23/17.71 74.61/24.50 64.66/14.00
LLM Classifier
LLaMA-3.1-8B 63.12/17.93 65.79/18.96 65.50/17.34 65.39/16.95 82.03/29.00 67.90/19.00
GPT-40-mini AgentDebug 57.36/14.69 68.91/19.74 74.31/16.87 71.38/18.19 84.26/58.00 74.38/35.00
Qwen-2.5-7B MASC 65.84/17.45 68.52/28.08 64.51/18.79 68.60/24.43 79.93/47.50 70.33/50.00
LLaMA-3.1-8B 69.10/18.25 77.84/20.79 69.62/19.24 75.62/21.72 86.78/60.00  80.36/57.50

multi-agent systems with fixed topologies includ-
ing Chain, Complete Graph, Random Graph (Qian
et al., 2024), and LLM-Debate (Du et al., 2023).
Implementation. All methods are evaluated on the
same data split: 20% of the trajectories are used
for training (when applicable) and the remaining
80% are reserved for testing. For step error detec-
tion, we compare three categories of baselines: (1)
LLM-as-detector methods directly leverage propri-
etary LLMs as error detectors, following the official
prompts and evaluation protocols of the Who&When
(Zhang et al., 2025d) and AgentErrorBench (Zhu
et al., 2025); (2) supervised models, where a sen-
tence bert (all-MinilLM-L6-v2) and open-source
LLMs are used as frozen encoders with a train-
able MLP classifier head; and (3) our method,
in which queries, role descriptions, and historical
responses are encoded using all-MinilM-L6-v2,
with different frozen backbone LLMs for next-
execution reconstruction, only the projection layers
and prototype module being trainable. Detailed
configurations of backbone LLM for each method
are reported in the first column in Table 1. For
framework integration, all agents are instantiated
with GPT-40-mini, and the overall implementation
strictly follows the settings of G-Designer (Zhang
et al., 2024a). Additional hyperparameters and
training details are provided in the Appendix C.
Metrics. We report AUC-ROC and step-level lo-
calization accuracy for detection, and task accuracy
for end-to-end evaluation on each benchmark.

4.2 Main Results

Step-Level Error Detection. Table 1 shows our
unsupervised detector significantly outperforms all
baselines on these two benchmarks, including su-
pervised ones. In the challenging ‘w/o GT’ setting
of Who&When, our method achieves an AUC-ROC
of 77.84% on the handcrafted data and 75.62 %
on the automated data. These results demonstrate
the superiority of our approach in modeling the
dynamics of agent interactions without needing
any error labels. Beyond Who&When, similar results
are observed on AgentErrorBench, where MASC
consistently outperforms strong baselines across ex-
ecution trajectories from both GAIA and WebShop,
achieving up to a 2.5% absolute improvement on
GAIA and a 6.0% gain on WebShop compared to
the previous SOTAs.

MASC Integration with Existing Frameworks.
We further evaluate the practical impact of our
framework by integrating it into existing MAS. As
shown in Table 2, MASC consistently enhances per-
formance across all tested frameworks. On average,
it yields a 1.29% gain. For instance, when applied
to LLM-Debate framework, it improves the average
accuracy from 87.53% to 88.89%. This confirms
that our real-time detection and correction mecha-
nism is effective at mitigating cascading errors and
improving overall system robustness. We further
provide a detailed case study in Appendix D.
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Table 2: Performance comparison (%) on six benchmarks. Our framework, MASC, consistently improves perfor-

mance when integrated with various MAS architectures.

Method MMLU GSMSK AQuA M.Arith  SVAMP H.Eval Avg.
Vanilla 80.39 82.30 71.06 93.09 86.55 71.39 80.80
CoT 81.69 86.50 73.58 93.25 87.36 74.67 82.84
SC (CoT) 83.66 81.60 75.63 94.12 88.59 79.83 83.91
Chain 83.01 88.30 74.05 93.27 87.17 81.37 84.53
Complete 82.35 86.10 72.95 94.53 84.01 79.03 82.16
Random 84.31 86.90 76.48 94.08 87.54 82.66 85.33
Debate 84.96 91.40 77.65 96.36 90.11 84.70 87.53
MASC (Chain) 83.571056 90.511221 76.2312.18 93.9610.69 88.5411.37 82911154 85.95
MASC (Complete) 84.0711.72 89.2513.15 74.1111.16 95.041051 85.2611.25 81.371234 84.85
MASC (Random) 85.2910.98 88.9112.01 77.1210.64 94.8210.74 88.2910.75 84.0111.35 86.41
MASC (Debate) 86.1111.15 93.3911.99 79.2111.56 97.151079 91.2611.15 86.2311.53 88.89
80 : Table 3: Performance of MASC and other error detec-
orginal ) tion methods on downstream correction (GSM8K).
751 w/o restruction
w/o prototype
O 701 Method ‘ Chain Complete Random ‘ Average
2 Vanilla 88.30 86.10 86.90 87.10
LI) 65 MASC 90.51 1221 89.25 1315 88.91 1201 | 89.56 1246
o) Step-by-Step 87.23 y1o7 84.29 1181 87.21 1031 | 86.24 L0386
< 60 BERT Classifier | 89.12 052  85.12 jo9s  88.53 11.63 | 87.59 1049
LLM Classifier | 87.65 1065 83.27 1283  87.82 1092 | 86.25 105
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Figure 3: Ablation of reconstruction and prototype mod-
ules on Who&When.

4.3 Ablation Studies

Analysis of the Detection Module. We analyze
the contribution of the two core components of our
detector: next-execution reconstruction and proto-
type guidance. Fig. 3 shows the results. Removing
the reconstruction objective causes a substantial
drop in accuracy, as the model loses the ability to
capture causal dependencies between steps. Sim-
ilarly, removing the prototype mechanism harms
performance, especially in early steps where his-
torical context is limited, confirming its role in
providing a stable reference for normality. Both
components are thus essential for reliable detection.
Impact of Detection on Correction. Building on
Table 1, where detector quality ranks Step-by-Step
< BERT classifier < LLM classifier < MASC, we
assess how this ordering translates to correction
gains on GSM8K under MAS topologies (Chain,
Complete, Random). Table 3 shows the ranking
largely carries over to end-to-end correction. Step-

the LLM classifier fails to transfer its advantage,
even degrading in denser settings (—0.85). The
BERT classifier yields small but unstable gains
(+0.49). In contrast, MASC consistently improves
across all topologies, with up to 4+-3.15 and an aver-
age of +2.46 over vanilla (no detection/correction),
reflecting the importance of robust detection for
effective downstream correction.

4.4 Score Distribution Analysis

An effective anomaly detector should assign clearly
distinguishable scores to normal and erroneous
steps so that a simple threshold separates the two
distributions; to test whether our method satisfies
this property, we visualize normal vs. error score
distributions on Who&When (automated, w/o GT)
and find that, as shown in Fig. 4, the baseline that
directly applies BERT embeddings yields highly
overlapping distributions that hinder discrimina-
tion, whereas our approach produces a much larger
separation with normal steps concentrated at higher
confidence scores and error steps shifted toward
lower values, confirming that our reconstruction—
prototype framework captures the causal structure
of multi-agent reasoning and enables robust error
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Figure 4: Normal vs. error score distributions on
Who&When: MASC (left) vs. BERT (right); MASC
shows a cleaner separation.

detection via simple thresholding, with complete
results and additional visualizations provided in the
appendix.

5 Conclusion

In this work, we introduce MASC, a metacog-
nitive layer for LLM-based multi-agent systems
that performs real-time, unsupervised, step-level
error detection and targeted self-correction. By re-
framing detection as history-conditioned anomaly
scoring with Next-Execution Reconstruction and
a Prototype-Guided stability prior, MASC reliably
identifies deviations even in context-scarce early
steps and intervenes before errors cascade. Empiri-
cally, MASC attains substantial AUC-ROC gains
on the step-level error detection of MAS and de-
livers consistent end-to-end improvements when
plugged into diverse MAS architectures across
six standard benchmarks, demonstrating robust-
ness with minimal overhead and broad plug-and-
play utility. Notably, MASC is label-free and
architecture-agnostic, enabling drop-in integration
without retraining task policies. We hope this
metacognitive layer serves as a reliability primitive
for scalable, trustworthy multi-agent LLM systems.

Limitation

Although MASC operates in a real-time manner,
the current implementation relies on a predefined
threshold to discretize continuous anomaly scores
into binary decisions, which introduces an addi-
tional hyperparameter. Future work may explore
more direct judgment mechanisms to remove this
heuristic step. Moreover, MASC assumes access
to internal agent communications for fine-grained
monitoring and correction. Adapting the frame-
work to black-box multi-agent systems, where only
external behaviors are observable, remains an inter-
esting direction for future research.
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A Related Work

A.1 LLM-based Multi-Agent Systems

Recent advances in large language model (LLM)-
based multi-agent systems (MAS) have demon-
strated strong capabilities across diverse reason-
ing and decision-making tasks (He et al., 2025a;
Zhang et al., 2024b; Yi et al., 2024; Ishibashi and
Nishimura, 2024; Wu et al., 2026b,a; Hong et al.,
2025a; Hong and Roth, 2026; Hong et al., 2025b;
Zuo et al., 2025a,b). The effectiveness of these
systems stems from collaboration among heteroge-
neous agents, where role specialization and struc-
tured communication strategies can significantly
enhance overall performance (Li et al., 2023; Xie
et al., 2024; Shen et al., 2025a; Li et al., 2025b).
Early implementations of LLM-based MAS were
largely handcrafted, where system designers man-
ually specified agent roles, prompts, and communi-
cation topologies (Wu et al., 2023; Li et al., 2023;
Qian et al., 2023; Tan et al., 2025). Such systems
demonstrated the potential of LLM-based collabo-
ration but required extensive manual design effort,
limiting scalability and adaptability (Zhang et al.,
2025b). To overcome these limitations, more re-
cent research has explored automated approaches.
Examples include frameworks that automate agent
role assignment (Dang et al., 2025; Chen et al.,
2025) or adaptively construct inter-agent topolo-
gies (Zhang et al., 2024a; Li et al., 2025a), thereby
reducing reliance on fixed human-designed rules.
The most recent line of work moves toward fully
automated MAS, in which both role specialization
and communication structures evolve dynamically
during execution (Nie et al., 2025; Zhang et al.,
2025a,e). However, as automation increases, SO
too does the risk of uncontrolled error propagation
and vulnerability to adversarial perturbations, high-
lighting the need for robustness-oriented research.

A.2 Robust Multi-Agent Systems

Despite their promise, LLM-based MAS face sig-
nificant robustness challenges. Recent studies have
highlighted that failures in MAS often stem from
error propagation across agents, adversarial prompt
injections, and compromised communication pro-
tocols (Zhan et al., 2024; Chen et al., 2024; An-
driushchenko et al., 2025). These vulnerabilities
can amplify individual agent errors into systemic
failures, threatening the reliability of downstream
decision-making (Gan et al., 2024; Yuan et al.,
2024). Research on security has identified message-

passing mechanisms as a critical attack surface (Yu
et al., 2024), while trust frameworks such as A-
Trust (He et al., 2025b) and G-Safeguard (Wang
et al., 2025a) focus on detecting compromised
agents through network analysis or trust dimension
modeling. Parallel to this, the failure attribution
literature seeks to explain why and where MAS
fail. For instance, MAST (Cemri et al., 2025) pro-
vided a taxonomy of fourteen error patterns, and
the Who&When benchmark (Zhang et al., 2025d) sys-
tematically annotated erroneous steps within multi-
agent trajectories to enable step-level failure analy-
sis. These efforts underscore that achieving robust-
ness in MAS requires not only stronger anomaly
detection but also mechanisms for self-correction
and resilience against cascading errors.

B Dataset Statistic

We present the dataset statistics in Table 4 and
5. For the error detection task, we ensure that
all baselines are compared under the same ex-
perimental conditions. For Metacognitive Self-
Correction, we ensure the same experimental setup
as G-Designer (Zhang et al., 2024a).

C Implementation Details

Training Details. For the LLM-as-detector base-
lines, we directly adopt the official implementa-
tion from the Who&When benchmark (Zhang et al.,
2025d), including both code and prompts, and eval-
uate the All-at-Once, Step-by-Step, and Binary
Search variants without modification. For strong
supervised models and our proposed MASC, which
require training, we use Adam as the optimizer and
perform random search over training-related hy-
perparameters to ensure fair comparison; the final
values are reported in Table 6. Both supervised
baselines are trained on individual steps, by mix-
ing all steps from the traces provided in Who&When
and shuffling them into mini-batches. In contrast,
MASCoperates over full trajectories, leveraging
historical context to perform autoregressive recon-
struction. All experiments are run under a consis-
tent setup to ensure reproducibility.
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Table 4: Dataset descriptions and statistics of Error Detection.

Benchmark Dataset #Train #Test
HandCraft (w/o answer) 10 45
HandCraft (w/ answer) 10 45

Who&When Automated (w/o answer) 25 100
Automated (w/ answer) 25 100
GAIA 20 30

AgentErrorBench WebShop 10 40

Table 5: Dataset descriptions and statistics of Metacognitive Self-Correction.

Category Dataset Answer Type Metric #Test License
General reasoning MMLU Multi-choice  Acc. 153 MIT License
GSMS8K Number Acc. 1,319 MIT License
Math reasonin MultiArith  Number Acc. 600 Unspecified
& SVAMP Number Acc. 1,000 MIT License
AQuA Multi-choice  Acc. 254  Apache-2.0
Code generation HumanEval Code Pass@1 164 MIT License

Table 6: Hyperparameter settings for different methods across Who&When datasets.

Method Hyperparameter HC w/ GT HC w/o GT Auto w/ GT Auto w/o GT
epochs 50 50 50 50
Ir le-5 le-5 2e-5 2e-5
BERT Classifier |weight decay 0.01 0.01 0.01 0.01
batch Size 32 32 64 64
hidden Size 384 384 384 384
epochs 8 10 6 8
Ir 5e-5 Se-5 le-4 le-4
LLaMA Classifier weight decay 0.05 0.05 0.05 0.05
batch Size 50 50 50 50
hidden Size 4096 4096 4096 4096
epochs 10 10 5 5
Ir le-4 le-4 5e-5 5e-5
MASC weight decay 0 0 0 0
batch Size - - - -
hidden Size 384 384 384 384
o 1.0 1.0 0.8 0.8
B 0.1 0.1 0.2 0.2
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Recovery Prompt for Error Correction This
prompt is designed to support error recovery in
our multi-agent reasoning framework. When a
step is flagged by the anomaly detector as poten-
tially incorrect, the responsible agent is asked to
re-examine its previous response in light of the orig-
inal query and the available context. The prompt
enforces strict reflection rules, requiring the agent
either to confirm the correctness of its earlier out-
put or to provide a corrected version, and mandates
a fixed JSON format for consistency. This ensures
that correction is explicit, structured, and directly
usable for downstream evaluation and analysis.
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Prompt for Response Recovery

You are an Al agent playing the role of
"{agent.role}". You previously gener-
ated a response during a multi-agent reason-
ing process, but an anomaly detector flagged
your output as potentially incorrect. Your
task is to carefully reflect on whether your
earlier response was indeed wrong given the
original query and the current context.

Please follow these rules strictly:

1. Re-examine the original query and your
earlier response in the context of your
role.

2. If after reflection you believe your pre-
vious response is correct and does not
require modification, explicitly state that
no correction is needed.

3. If you identify errors or find a better an-
swer, provide a corrected response.

4. Always output in the fixed JSON format
below. Do not add extra explanations
outside the JSON.

Output format:
{

"correction_needed”: "Yes" or "No",
"final_response"”: "

If correction_needed=No,

repeat your original response here.
If Yes,

provide the corrected response.”

}

Input Information:

* Query: {question}

* Your Previous Response: {mas.history}

» Context (previous steps if available):
{agent.spatialinfo() }



D Case Study

We illustrate the metacognitive self-correction
process of MASC using a representative sample
from the MMLU benchmark. For a MAS with
Full-connected, an error introduced by the third
agent (a mathematics-oriented agent) quickly prop-
agates to subsequent agents, leading to an incorrect
final answer. By monitoring only two preceding
steps as contextual history, MASC successfully de-
tects the erroneous response at the step level and
triggers a correction agent to revise the faulty rea-
soning. This intervention prevents further error
propagation and enables the system to recover the
correct final answer, demonstrating that effective
error detection and recovery can be achieved with
minimal context.

Sample from MMLU (Mathematician Error —
Final = D).

Query. A company has a 22% investment in an-
other company that it accounts for using the equity
method. Which of the following disclosures should
be included in the company’s annual financial state-
ments?

* Knowledgeable Expert. Provides general back-
ground on equity method accounting and disclo-
sure practices.

* Critic. Emphasizes the need to assess all options
using accounting standards.

* Mathematician (Error). Incorrectly argues that
the primary required disclosure concerns whether
the investee is involved in litigation, claiming
that litigation risk directly affects the value of the
equity investment. Concludes (incorrectly) that
the correct answer is D.

» Historian. Accepts the litigation-risk argument
and supports option D.

* Psychologist. Reinforces the claim that mate-
rial uncertainties such as lawsuits should be dis-
closed, further endorsing D.

e Doctor. Echoes the risk-based rationale and
agrees with option D.

* Final Decision Agent. Aggregates the majority
opinions and outputs the final (incorrect) answer:
D.

Response Recovery via Reflection and Correc-
tion.

Query. A company has a 22% investment in an-
other company that it accounts for using the equity
method. Which of the following disclosures should
be included in the company’s annual financial state-
ments?

* Mathematician (Recovery Agent). Corrected
output after reflection:

correction_needed: Yes,

final_response: "Upon re-examining the
original question and my earlier conclu-
sion, I recognize that my previous answer
was incorrect.

Under both GAAP and IFRS, companies
applying the equity method are required to
disclose their accounting policies related
to such investments, as these policies di-
rectly affect the recognition and measure-
ment of income from the investee.

The involvement of the investee in litiga-
tion is not a standard disclosure require-
ment for the investing company unless the
litigation has a material and direct impact
on the investor’s own financial position.
Therefore, the appropriate required disclo-
sure among the given options is the com-
pany’s accounting policy for the equity
method investment.

The correct answer is Option C.

 Historian. Accepts the corrected reasoning and
aligns with the conclusion that disclosure of the
accounting policy is required.

* Psychologist. Confirms that the revised answer
is consistent with standard financial reporting
principles.

* Doctor. Agrees that the corrected response prop-
erly reflects mandatory disclosure requirements.

* Final Decision Agent. Aggregates the recovered
responses and outputs the final answer: C.
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E Analysis of Hyper-Parameters
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Figure 5: Hyperparameter and prototype updating anal-
ysis.

Hyperparameter Sensitivity of A As shown in
Fig. 5a, our method is generally insensitive to the
choice of )\, achieving stable performance across
a wide range of values. Notably, the optimal A
differs between datasets: Hand-Crafted trajecto-
ries perform best near A = 0.2, while Algorithm-
Generated data favors larger values (e.g., A = 0.3),
likely because errors in the latter tend to occur ear-
lier, making the prototype component more critical
when historical context is limited. Overall, these
results indicate that while tuning A can yield slight
gains, our framework remains robust without heavy
dependence on this hyperparameter.

Prototype Updating. As shown in Fig. 5b, our
attention-based prototype updating mechanism con-
sistently surpasses the KMeans clustering baseline
across all settings. The limitation of KMeans lies
in its reliance on static, distance-based centroids,
which cannot adequately capture contextual depen-
dencies or the dynamic nature of multi-agent inter-
actions. In contrast, our method leverages an atten-
tion mechanism to adaptively refine the prototype

vector at each step, ensuring that it remains aligned
with the evolving distribution of normal trajecto-
ries. This adaptive updating leads to more reliable
discrimination, yielding superior performance both
with and without ground-truth supervision.

F pseudocode

The training algorithm of MASCis shown in Al-
gorithm 1. After training, the resulting detector is
integrated into the MAS execution process, where
it continuously monitors agent outputs and triggers
the correction agent when anomalies are detected,
thus enabling real-time self-correction during col-
laboration. The pseudo-code for this process is
shown in Algorithm. 2.

Algorithm 1: Unsupervised Training of
MASC
Input: Normal trajectories {#,;}
hyper-parameter A\, A LLM with
frozen parameters
Output: Trained parameters of
fq> In, fo, Attn and prototype p
for trajectory H; € {H;}M, do
Initialize Lrecon = 0, Lproo = 0, T =
length(H,;) ;
fort=1to 1 do
Encode query Q, the role of current
agent R and history ,_, into ¢, h
via Eq. 3 and 6;
Predict x; via Eq. 7;
Get ground truth x; = h(®);
// Update losses
Lrecon < Lrecon + H)A(t - Xt‘ %;
Calculate prototype p via Eq 8
Eproto — Eproto + (1 - COS(&tv p));
// Final loss
L= %Erecon +A- %ﬁproto;
Update all learnable parameters and
prototype p by Vo .L;

M
=1
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Algorithm 2: Real-Time Self-Correction
via Anomaly-Triggered Intervention

Input: A LLM-based Multi-agent System
M with N nodes, hyper-parameter
A, A LLM with frozen parameters,
Query Q
Output: Normal trajectory
H = {ho...h:} after self
correction (if necessary)
for node t € {1,2,...,N} do
Encode query Q, the role of current
agent R and history H;_ into q, h via
Eq. 3 and 6;
Predict x; via Eq. 7;
Get ground truth x; = hy;
Calculate Anomaly Score s(t) with
Xy, X, p via Eq. 12
Update the current output O; via Eq. 13
to O, and add into the Normal
trajectory ‘H
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