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Abstract

Multi-agent debate is often motivated by
the premise that multiple agents, modalities,
and rounds of deliberation improve reason-
ing by combining complementary evidence
and correcting individual errors. We test this
premise in multimodal time-series analysis us-
ing MAD-TS, a prompting-based framework
with modality-specific agents, cross-modal
judging, and synthesis. Contrary to expecta-
tion, MAD-TS does not reliably outperform
simpler baselines. Across 20 tasks in finance,
weather, healthcare, and science, it is uniquely
best on 2 of 23 outcomes and significantly
beats a strong single-agent multimodal baseline
on only one task, while requiring about 22×
more tokens and 12× more wall-clock time.
Adding modalities, increasing debate depth, or
changing judge rounds can help some tasks
but harm others. Trace analysis attributes 85%
of errors to all three judges agreeing on the
same wrong answer, a shared upstream bias
that limits same-backbone multimodal debate
as a general-purpose approach.

1 Introduction

Background A common design intuition is that
multimodal inputs and multi-agent debate should
improve reliability. Different modalities provide
complementary evidence, and debate can surface
and correct mistakes. Prior work supports these
ingredients separately. Debate improves reason-
ing in text-only settings (Du et al., 2024; Liang
et al., 2024), and vision–language models effec-
tively integrate multimodal inputs (Gemini Team
et al., 2024). This motivates the hypothesis that de-
bate over multimodal evidence should outperform
simpler single-model or single-modality baselines.

Related Work Most evidence for the benefits
of multi-agent debate comes from language-only
benchmarks with controlled setups (Du et al., 2024;
Liang et al., 2024). Whether these gains transfer
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Figure 1: Overview of MAD-TS. Modality-specific
agents first reason over individual inputs, judges then
perform cross-modal deliberation, and a final synthe-
sizer produces the task prediction.

Modality Input Hypothesized Strength

Text News, reports Context, sentiment, forward-looking indicators
Visual Time series charts Patterns, trends, visual anomalies
Numerical Raw values, statistics Precise calculations, quantitative features
Frequency Spectral plots Periodicity, dominant cycles

Table 1: Modalities used in MAD-TS, with representa-
tive inputs and their expected complementary strengths.

to settings that require integrating heterogeneous
evidence remains unclear. Closest to our study,
Zhang et al. (2025) show across five MAD meth-
ods, nine benchmarks, and four models that homo-
geneous debate rarely outperforms strong single-
agent baselines and that model heterogeneity is
the operative lever. We test the complementary
lever, heterogeneity of modal evidence under a
fixed backbone, and find it insufficient to decor-
relate same-backbone judges or produce reliable
gains. Meanwhile, strong multimodal models such
as Gemini (Gemini Team et al., 2024) and GPT-
4o (OpenAI, 2024) achieve high performance on
many tasks, yet their behavior under multi-agent
interaction with potentially conflicting cross-modal
evidence is not well characterized. Recent work
has also highlighted brittle or misleading forms
of deliberative reasoning and reliability issues in
LLM reasoning (Shojaee et al., 2025; Mirzadeh
et al., 2025; Zhou et al., 2024). Our study con-
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Task MAD-TS ByMyEyes MAD MM-MAD SA-CoT MM-SA-CoT SA MM-SA VLTime

MTBench (Chen et al., 2025)

Finance Trend 0.427 0.473 0.347 0.457 0.310 0.437 0.317 0.437 0.290
Finance Forecasting (↓) 2.80 1.59 1.79 1.77 1.79 1.59 1.81 1.61 1.79
Finance Indicator (↓) 6.66 0.21 0.20 8.13 0.21 4.00 0.21 0.34 0.49
Finance Correlation 0.293 0.317 0.267 0.250 0.240 0.303 0.227 0.313 0.253
Finance MCQA 0.803 0.873 0.780 0.817 0.797 0.817 0.823 0.847 0.727
Weather Trend 0.310 0.450 0.223 0.320 0.220 0.477 0.250 0.523 0.247
Weather Forecasting (↓) 4.21 3.68 4.00 3.86 4.09 3.52 3.92 3.53 4.66
Weather Indicator, diff (↓) 5.26 4.67 4.81 4.27 3.53 4.68 5.11 4.50 3.39
Weather Indicator, max (↓) 4.82 4.44 4.69 3.58 3.51 4.34 5.24 4.30 3.58
Weather Indicator, min (↓) 3.52 2.99 2.82 2.90 3.03 2.89 2.94 2.90 3.09
Weather MCQA 0.593 0.637 0.503 0.480 0.600 0.617 0.617 0.653 0.580

TimerBed (Liu et al., 2025b)

ECG 0.250 0.243 0.150 0.237 0.187 0.247 0.220 0.250 0.257
HAR 0.288 0.198 0.257 0.229 0.295 0.312 0.253 0.233 0.306
EMG 0.236 0.301 0.195 0.285 0.455 0.203 0.154 0.236 0.171
CTU 0.537 0.477 0.523 0.510 0.483 0.500 0.507 0.503 0.500
RCW 0.470 0.507 0.497 0.483 0.497 0.477 0.470 0.483 0.453
TEE 0.192 0.160 0.132 0.169 0.137 0.247 0.128 0.187 0.123

TSQA (Kong et al., 2025a)

Anomaly Detection 0.543 0.547 0.580 0.503 0.583 0.533 0.543 0.583 0.523
Classification 0.640 0.277 0.553 0.557 0.510 0.513 0.213 0.243 0.443
Forecasting (↓) 111.24 97.46 120.13 153.52 105.36 91.68 95.93 88.32 103.19
Imputation (↓) 24.97 6.66 15.37 13.66 33.57 11.06 96.85 6.73 8.65
QA, true/false† 0.58 0.75 0.80 0.78 0.83 0.71 0.77 0.65 0.52
QA, multiple-choice† 0.35 0.53 0.61 0.55 0.36 0.32 0.41 0.54 0.35

Table 2: Main empirical results across MTBench, TimerBed, and TSQA benchmark suites. All cells are 3-run
means (100 samples per run). Accuracy ↑ unless marked MAE ↓. Bold marks the best in each row. †QA rows
cover the true/false and multiple-choice subtypes only. Standard deviations across runs and significance details are
reported in §E.

nects these threads by evaluating debate in a multi-
modal setting, showing that additional interaction
and complexity can amplify failure modes rather
than mitigate them, consistent with emerging con-
cerns about risks arising from interaction dynamics
in agentic systems (Lynch et al., 2025).

Approach and Contributions We study whether
multimodal agentic debate improves time-series
reasoning by evaluating MAD-TS across 20 tasks
spanning finance, weather, healthcare, and scien-
tific domains under a fixed backbone. Contrary
to common expectations (Kong et al., 2025b; Liu
et al., 2025a), we observe consistent negative pat-
terns: combining modalities often underperforms
the best single modality, additional debate rounds
do not reliably help, and prompt refinements pro-
duce non-monotonic trade-offs. We make three
contributions. First, we show that multimodal de-
bate does not reliably beat strong single-agent mul-
timodal baselines despite ∼22× more tokens, a
result that is stable across three runs and two back-
bones. Second, we attribute 85% of errors over
2,688 trajectories to shared modality-agent bias

Method Tokens/Sample Time/Sample Total Tokens Total Time

MAD-TS 136,678 55.0s 261.1M 29.2h
MM-SA 6,341 4.7s 12.1M 2.5h

Ratio - - 21.6× 11.7×

Table 3: Compute comparison between MAD-TS and a
strong MM-SA baseline.

and at most ∼5% to strict majority-over-quality
(Table 5). Third, we report a qualitative negative
result on 12 prompt-level mitigations, which indi-
cates that architectural or training-time interven-
tions are likely required.

2 Problem and Experimental Setups

Problem Formulation As summarized in Ta-
ble 1, we study multimodal time-series tasks where
each instance may include complementary views
of the same signal: textual context (T), visual
plots (V), numerical features (N), and frequency-
domain representations (F). The objective is to pre-
dict task-specific outputs, including class labels,
multiple-choice answers, or real-valued forecasts.
The benchmark spans 20 tasks across four domains,
covering both classification and regression settings.
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Debate Architecture MAD-TS assigns three
role-differentiated agents (proposer, challenger, an-
alyst) to each available modality. Each agent first
produces modality-specific reasoning, which is
then compared and integrated by a panel of judges
through cross-modal deliberation. A final syn-
thesizer aggregates the judges’ outputs into a sin-
gle prediction. The design is motivated by two
hypotheses: modality-specialized agents capture
complementary evidence, and deliberation across
judges improves reliability by reconciling conflict-
ing signals. As illustrated in Figure 1, the frame-
work operates in three stages.

Debate Mechanics In each debate round n ∈
{1, . . . , N}, every modality agent am receives its
input xm, the current-round outputs of the earlier
roles in its modality, and the previous-round out-
puts of all other agents. It is then prompted to
defend, refine, or revise its position. After N agent
rounds, J judges deliberate over the agents’ final
outputs for K judge rounds. The synthesizer is a
single LLM call over the judges’ final outputs that
emits the task prediction with no further delibera-
tion (Algorithm 1, prompts in §A.5). We use N=2,
J=3, K=1 (§A.3).

Baselines We compare MAD-TS against simpler
baselines covering single-agent text-only and mul-
timodal systems, chain-of-thought variants, and
text-only or multimodal debate setups. This com-
parison isolates whether the added complexity of
MAD-TS yields gains beyond standard multimodal
prompting and simpler debate-based approaches.
• Single Agent (SA): Text-only baseline.
• SA-CoT: Text-only baseline with chain-of-

thought (CoT) reasoning (Wei et al., 2022).
• MM-SA: Multimodal (MM) variant of SA.
• MM-SA-CoT: Multimodal SA with CoT.
• Multi-Agent Debate (MAD): Text-only multi-

agent debate baseline (Liang et al., 2024).
• MM-MAD: Multimodal variant of MAD.
• VLTime: Vision-language single-agent baseline

for time series (Liu et al., 2025b).
• ByMyEyes: Visual reasoning single-agent base-

line for time series (Yoon et al., 2024).

Evaluation Protocol All methods use the same
underlying model, gpt-4.1-mini, to ensure that
differences are attributable to prompting and sys-
tem design rather than model capacity. Main com-
parisons aggregate results over three runs with 100
samples per task. Every method sees the same ex-

amples in each run. Ablation studies use a smaller
setting with 20 samples per task. We report accu-
racy for classification-style tasks and mean abso-
lute error for regression-style tasks. In addition
to predictive performance, we analyze computa-
tional cost in tokens and wall-clock time, since a
central claim of debate frameworks is that extra
computation should buy better reasoning.

3 Empirical Studies

Main Results Table 2 shows that MAD-TS does
not provide reliable gains over much simpler
baselines. Across 23 outcomes on 20 tasks, it ranks
first only twice, while MM-SA and MM-SA-CoT
remain competitive on most tasks. Paired tests over
three runs confirm the pattern. We compare MAD-
TS with MM-SA on the 13 classification/MCQA
tasks using exact McNemar tests with Holm cor-
rection. MAD-TS is significantly better on a single
task, TSQA Classification, in every run, and on no
other task in any run. On the four regression tasks,
its MAE is worse in all four, and every run-level
bootstrap interval that excludes zero favors MM-
SA (§E). Table 3 shows a poor cost-performance
trade-off. MAD-TS uses 22× more tokens and
12× more inference time than MM-SA without
commensurate gains. The picture is unchanged
under Gemini 2.5 Flash, where the single signifi-
cant win is a different task (§F). More agents and
more deliberation do not inherently improve
multimodal time-series reasoning.

Modality Ablations To test whether broad multi-
modal input is itself the bottleneck, we evaluate all
15 modality combinations on the finance tasks (20
samples per task). Figure 2 shows that performance
is strongly task-dependent. F is best for trend pre-
diction, NV for price forecasting, V for indicator
forecasting, and TN/TF for MCQA. Crucially, the
full TNVF configuration is not best on any metric.
Within this ablation, adding modalities does not
produce monotonic gains. Instead, it often intro-
duces trade-offs and possible modality interference.
The benefit of multimodality appears conditional
on task-specific signal alignment rather than simple
input breadth.

Component Ablations Table 4 shows that, on
the finance tasks studied, MAD-TS components
do not contribute reliably. Tool access is not
consistently beneficial. Removing lookup some-
times improves forecasting. Judges help on
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Ablation Configuration Trend ↑ Forecast ↓ Indicator ↓ Correlation ↑ MCQA ↑
Judge tools Lookup only 0.40 1.55 36.41 0.40 0.90

Code only 0.50 1.42 72.69 0.30 0.85
Neither 0.45 1.34 39.29 0.40 0.85

Judge modules Only judges 0.45 1.44 28.66 0.50 –
w/o judges 0.45 1.46 49.82 0.20 –

Agent-side tools w/o numerical lookup 0.30 1.30 0.20 0.45 –
w/o numerical judge lookup 0.20 1.20 0.25 0.50 –
w/o both 0.30 1.15 0.59 0.45 –

Table 4: Component ablations of MAD-TS on the finance tasks (20 samples per task). Bold marks the best
configuration within each ablation. The judge-module and agent-side ablations did not include MCQA.

Trend ↑ Price forecast ↓ Indicator ↓ Correlation ↑ MCQA ↑

T

N

V

F

TN

TV

TF

NV

NF

VF

TNV

TNF

TVF

NVF

TNVF

0.50 43.1 0.34 0.45 0.75

0.45 1.50 87.8 0.30 0.75

0.35 1.44 0.19 0.30 0.80

0.60 77.8 0.33 0.30 0.70

0.45 1.56 83.3 0.45 0.90

0.40 1.78 0.20 0.30 0.85

0.55 48.3 0.20 0.45 0.90

0.40 1.19 23.0 0.20 0.75

0.45 1.44 82.7 0.25 0.80

0.35 1.73 15.5 0.25 0.75

0.45 1.20 48.5 0.35 0.85

0.45 1.41 75.4 0.50 0.85

0.45 1.69 31.8 0.35 0.85

0.40 1.35 20.9 0.25 0.70

0.45 1.32 40.3 0.40 0.85

Figure 2: Modality ablation on the five finance tasks
(20 samples per task). Rows are modality combinations
(T text, N numerical, V visual, F frequency). Darker
shading marks a better rank within each column, and
the outlined cell is the best configuration for the task.
The full configuration TNVF is best on no task.

indicator and correlation but the gains do not
transfer broadly. MAD-TS instantiates a hier-
archical topology (modality agents→ judges→
synthesizer). The judge-module rows of Table 4
implicitly contrast it with flatter variants. “Only
judges” approximates a flat panel and “w/o judges”
a round-table debate, and neither uniformly im-
proves over the full hierarchy. A sweep over alter-
native topologies (star, ring, blackboard) is left to
future work.

Hyperparameter Sensitivity Varying debate
depth and judge depth (20 samples per task) yields

Failure regime (of 1,447 errors) Count %

All 3 judges agreed on the same wrong answer 1,230 85.0%
Judges disagreed 161 11.1%

At least one judge had the correct answer 77 5.3%
Strict majority-over-quality (upper bound) ≤77 ≤5.3%

Judges unparsable 56 3.9%

Table 5: Failure attribution on 9 classification/MCQA
tasks (2,688 samples over three runs, 1,447 errors).
Cases where all judges share the same wrong answer
dominate cases where judges disagree. The breakdown
by task is in Table 18.

similarly unstable behavior. More judge rounds
(Figure 3, left) improve some healthcare tasks but
hurt finance trend and forecasting. More debate
rounds (Figure 3, right) reduce some regression er-
rors while degrading classification accuracy. Vary-
ing the number of judges on finance tasks gives the
same flat, non-monotonic profile. The preferred set-
ting changes by task and the direction of the effect
reverses across domains, so the framework requires
task-specific tuning despite its high inference cost.
These 20-sample cells are noisy (median std 0.050,
max 0.125, §E), so we read Figures 2 and 3 and
Table 4 as evidence of task dependence rather than
of suite-wide component effects.

Failure Patterns We parse each MAD-TS trace
into the judge answers and the synthesizer’s final
answer on the nine classification/MCQA tasks (Ta-
ble 5, 2,688 samples over three runs, 1,447 errors).
In 85% of errors, all three judges agreed on the
same wrong answer. This is evidence of shared
modality-agent bias, not of aggregation failure.
Only 11% of errors involved judge disagreement,
and at most∼5% fit the strict majority-over-quality
template. Part of this agreement is mechanical, be-
cause the judges share one backbone and decode
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Figure 3: Sensitivity to judge depth (left) and debate depth (right) at 20 samples per task. Each marker is one setting,
and the gray line joins the settings of a task in order. The top row shows accuracy for the classification and MCQA
tasks, and the bottom row shows MAE for the regression tasks on a log scale. No setting is best on every task.

greedily, and both backbones we test are homo-
geneous (96% unanimity under Gemini 2.5 Flash,
§F). We therefore read the rate as an observation
about same-backbone debate rather than as proof
of its cause. Qualitatively, traces still exhibit vote-
counting, temporal confusion, confidence asymme-
try, and evidence abandonment. These mechanisms
have analogues in text-only debate. The dominant
locus, however, is shared upstream signal. Prompt-
level mitigations underperform because agents and
judges from the same backbone share the same
biases. An exploratory taxonomy is given in §G.

4 Discussion and Conclusions

In multimodal time-series analysis, a same-
backbone multimodal agentic debate framework
does not reliably outperform simpler baselines
across 20 tasks despite requiring ∼22× more com-
pute. MAD-TS is uniquely best on 2 of 23 out-
comes and significantly beats a strong single-agent
baseline on one task per backbone. It shows incon-
sistent effects across modalities, debate rounds, and
judging depth in targeted ablations, and it exhibits
15 recurring failure modes. None of the 12 prompt
interventions we tried produced consistent gains.
The dominant failure mode is shared upstream bias
rather than a good minority view being overruled by
the synthesizer. In 85% of errors, all three judges

agree on the same wrong answer (Table 5).
These results define practical limits for

prompting-based, same-backbone multimodal
agentic debate. We recommend benchmarking
against strong simple baselines, starting with the
best single modality, testing minimal deliberation,
and evaluating across the full task suite. Productive
future directions are architectural. They include
learned aggregators that score reasoning quality in-
stead of counting votes, verifier models trained to
detect temporal confusion and false precision, adap-
tive routing on task type, and modality-asymmetric
agents (specialist backbones per modality) whose
disagreement is informative enough for the synthe-
sizer to arbitrate.

Limitations

Our findings should be interpreted in light of sev-
eral limitations. First, the main comparison uses a
single underlying model (gpt-4.1-mini) so that
differences are attributable to system design rather
than model capacity. The Gemini 2.5 Flash replica-
tion in §F covers MAD-TS and MM-SA only, and
a heterogeneous-backbone MAD-TS is untested,
so the shared-bias explanation is an observation
rather than a causal demonstration. Second, all
methods decode greedily (temperature 0), which
removes sampling diversity and makes part of the
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judge agreement mechanical, so our conclusions
do not extend to designs that sample for diversity.
Third, the conclusions are scoped to prompting-
based multimodal time-series reasoning and do
not bound training-time or learned-aggregator ap-
proaches. Fourth, the failure attribution (Table 5)
covers the 9 classification/MCQA tasks where
judge answers parse cleanly, because judge outputs
on regression and free-form QA are not categori-
cal, and the failure taxonomy (§G) is exploratory.
Finally, our analysis is diagnostic and the ablations
are targeted (mostly finance, 20 samples per task).
We document when and how debate fails, but we do
not test alternative topologies, fine-tuning, or adap-
tive routing. We therefore view the paper not as a
universal negative claim about agentic methods, but
as evidence that their benefits in prompting-based
multimodal time-series tasks are fragile, compute-
intensive, and configuration-dependent in the set-
ting we study.
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A Complete Experimental Setup

This section provides a comprehensive description
of the experimental design, including task defini-
tions, evaluation metrics, hyperparameter config-
urations, and ablation settings. These details are
intended to facilitate reproducibility and clarify the
scope of our evaluation.

A.1 Algorithm

Algorithm 1: MAD-TS Inference
Input: multimodal inputs {xm}m∈M;

debate rounds N ; judges J ; judge
rounds K; rolesR = {proposer,
challenger, analyst}

Output: prediction ŷ
// A(n) denotes all agent outputs

of round n, with A(0)=∅
// A

(n)
m,≺r denotes the round-n

outputs of modality m before
role r

// G
(k)
−j denotes the round-k outputs

of the judges other than j
// Stage 1: Modality-specific agent

debate
for n = 1, . . . , N do

for m ∈M, r ∈ R in role order do
a
(n)
m,r ← LLM

(
πagent(m, r, xm,

A
(n)
m,≺r, A

(n−1))
)

// Stage 2: Cross-modal judge
deliberation

for j = 1, . . . , J do
g
(1)
j ← LLM(πjudge(j, A

(N)))

for k = 2, . . . ,K do
for j = 1, . . . , J do

g
(k)
j ←
LLM

(
πjrefine(j, A

(N), G
(k−1)
−j )

)

// Stage 3: Synthesis (single call,
no deliberation)

ŷ ← LLM(πsynth({g(K)
j }Jj=1));

return ŷ

A.2 Task Details

Table 6 summarizes the full set of benchmark do-
mains and tasks used in our evaluation. The bench-
mark spans multiple domains (MTBench-Finance,

Domain Task Type Metric

Finance Trend Classification Accuracy
Finance Forecasting Regression MAE
Finance Indicator (MACD) Regression MAE
Finance Correlation Classification Accuracy
Finance MCQA MCQA Accuracy
Weather Trend Classification Accuracy
Weather Forecasting Regression MAE
Weather Indicator (diff, max, min) Regression MAE per component
Weather MCQA MCQA Accuracy

TimerBed ECG, HAR, EMG, CTU, RCW, TEE Classification Accuracy/F1
TSQA Anomaly, Classification Classification Accuracy
TSQA Forecasting, Imputation Regression MAE
TSQA QA (true/false, multiple-choice) QA Accuracy

Table 6: Overview of benchmark domains, tasks, task
types, and evaluation metrics.

Parameter Default Configuration Range

Agents per Modality 3 3
Max Debate Rounds 2 1, 2, 3, 5
Max Judge Rounds 1 1, 2, 3
Number of Judges 3 1, 3, 5

Table 7: Default hyperparameters and ranges used in
our experiments.

MTBench-Weather, TimerBed, and TSQA) and
covers diverse task types, including classification,
regression, multiple-choice question answering
(MCQA), and open-ended QA.

Task Types Classification tasks require predict-
ing discrete labels (e.g., trend direction or anomaly
detection), and are evaluated using Accuracy (and
F1 when class imbalance is present). Regression
tasks involve predicting continuous values such
as future time-series values or imputations, and
are evaluated using Mean Absolute Error (MAE).
MCQA tasks require selecting the correct option
among candidates and are evaluated with Accuracy.
QA tasks involve generating free-form answers.
We score the true/false and multiple-choice sub-
types by exact match. We do not report the open-
ended subtype, which lacks a validated metric. The
weather indicator task is scored per component (dif-
ference, maximum, minimum).

Domains Finance and Weather tasks focus on
real-world temporal reasoning such as trend predic-
tion and forecasting. TimerBed consists of physio-
logical and sensor-based datasets (e.g., ECG, HAR,
EMG), emphasizing signal classification. TSQA
is a comprehensive time-series benchmark cover-
ing anomaly detection, classification, forecasting,
imputation, and question answering.
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Ablation Configs

Modality T, N, V, F, TN, TV, TF, NV, NF, VF, TNV, TNF, TVF, NVF, TNVF
Judge Tools Code Only, Lookup Only, Neither
Agent Config Only Judges, w/o Judges
Components w/o Numerical Lookup, w/o Numerical Judge Lookup, w/o Both

Table 8: Configuration space for the ablation study.

A.3 Hyperparameters
Table 7 lists the key hyperparameters governing the
multi-agent interaction process.

Max Rounds controls the number of interaction
rounds among agents (e.g., debate steps).

Max Judge Rounds determines how many itera-
tive evaluation or adjudication steps are performed
by the judge agents.

Number of Judges specifies how many indepen-
dent judge agents are used for aggregation or con-
sensus.

A.4 Component Ablations
To understand the contribution of each system com-
ponent, we conduct systematic ablation studies
over the configuration space summarized in Ta-
ble 8.

Modality We vary the input modality combina-
tions available to agents: Text (T), Numerical (N),
Visual (V), and Forecast (F). Combinations (e.g.,
TN, TVF) represent multimodal settings where
agents can leverage multiple information sources.

Judge Tools We restrict the tools available to
judge agents to isolate their impact: code execution
only, numerical lookup only, or neither.

Agent Config We evaluate configurations with
only judge agents (decision without debate) and
without judges (pure agent interaction), to assess
the necessity of hierarchical evaluation.

Components We remove specific components,
including both tools, numerical lookup, or numeri-
cal judge lookup, to quantify their individual con-
tributions.

A.5 Prompt Templates
All prompts are released with the code. We summa-
rize the four core templates here. Modality-specific
instantiations only differ in the {modality_block}
slot, and the proposer, challenger, and analyst
agents of a modality differ only in a short role
instruction.

• Agent (initial): “You are the {modality} agent
for a multimodal time-series task. You are
given the task question, output format, and the
{modality}-specific evidence. Reason only from
your modality. Return: (i) answer, (ii) confidence,
(iii) modality-specific evidence.”

• Agent (refine, round n): “Below are the other
agents’ round n−1 outputs: {peer_outputs}.
Your previous output was: {a_mˆ(n-1)}. Either
defend, refine, or revise. Cite the specific evi-
dence that changes (or fails to change) your posi-
tion, and state whether your answer changed.”

• Judge (round k): “You receive: agent outputs
{a_mˆ(N)} and peer judges’ round k−1 views
{g_{j’}ˆ(k-1)}. Evaluate each agent’s evidence
on quality (task-relevance, temporal consistency,
evidential support), not popularity. Do not count
votes; identify which modality evidence is most
appropriate for the question type. Produce a struc-
tured judgment with selected answer, supporting
evidence, rejected alternatives, and reasons.”

• Synthesizer: “Given the judges’ final-round out-
puts {g_jˆ(K)}, produce a single prediction in
the required format. Prefer the answer with the
strongest evidence, not necessarily the majority.
If judges disagree, explain which judge output is
best supported. Do not deliberate further.”

The synthesizer is a single LLM call with no further
deliberation. Representative trace excerpts in §G
show it defaulting to majority-style outputs such as
“X/3 say Y . Following majority.”.

B LLM Disclosure Statement

This work studies LLM-based multi-agent systems
as its primary research subject.

Use in Experiments All agents, judges, and syn-
thesizers are instantiated using gpt-4.1-mini via
OpenRouter, except for the Gemini 2.5 Flash repli-
cation in §F. Within each comparison, all methods
use the same model to ensure fairness.

Use in Writing An LLM assistant was used
solely for language editing and organization of the
manuscript. All experimental results, analyses, and
conclusions are derived from actual experiment
logs and were not generated by the AI assistant.

C Ethical Considerations

This work aims to characterize the limitations of
LLM-based multi-agent systems.
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Potential Benefits and Risks By identifying fail-
ure modes and limitations, this work helps prevent
misapplication of such systems and informs safer
and more effective deployment in practice. We
do not anticipate direct negative societal impacts,
as the study focuses on documenting limitations
rather than extending capabilities.

Data Considerations All experiments are con-
ducted on publicly available benchmark datasets
(MTBench, TimerBed, TSQA), none of which con-
tain personally identifiable information (PII).

D Reproducibility Statement

We provide detailed information to facilitate repro-
ducibility.

Model and Provider All experiments use
gpt-4.1-mini accessed via OpenRouter,
with temperature set to 0.0 for determin-
istic behavior. The cross-backbone anal-
ysis additionally uses gemini-2.5-flash,
gpt-5-mini, and grok-4.1-fast via
OpenRouter for the single-agent baseline.
Its Gemini column uses the dated alias
google/gemini-2.5-flash-preview-09-2025.
The MAD-TS versus MM-SA replication uses the
stable google/gemini-2.5-flash checkpoint for
both methods.

Runs and Seeds All main results are averaged
over three runs (run id = 1–3), corresponding to
seeds 2026–2028, with 100 samples per task. HAR,
EMG, and TEE use their full test splits of 96, 41,
and 73 samples. Within a run, every method is eval-
uated on the same examples. Unparsable outputs
score as incorrect, and no pairs are excluded. The
ablation and sensitivity studies use 20 samples per
task and report run 1. The 41 task-configuration
pairs that also have a second or third run give the
variability summarized in Table 9.

Compute Usage MAD-TS processes 1,910 sam-
ples across 20 tasks/run. Run 1 consumed 261.1M
tokens and 29.2 hours of wall-clock time. Runs 2
and 3 consumed 335.3M and 333.5M tokens.

Datasets Experiments are conducted on MT-
Bench, TimerBed, and TSQA benchmarks.

Code and Data The code, prompts, and analy-
sis scripts are available at https://github.com/
itouchz/MAD-TS.

Section Median std Max std n

Main Table 2 – classification (3-run) 0.016 0.066 117
Main Table 2 – MCQA (3-run) 0.021 0.048 24
Main Table 2 – regression MAE (3-run) 9.99 182.87 56
Ablation/hyperparameter cls+MCQA (2–3 run) 0.050 0.125 41

Table 9: Standard deviation across runs by section. Ab-
lation cells (20 samples/run) have ∼3× the variability
of the 3-run, 100-sample main-table baselines.

E Run-to-Run Variability

All methods in Table 2 are 3-run means with 100
samples per run (seeds 2026–2028). Table 10 lists
MAD-TS by run. Its run-to-run std is at most
0.047 on the 13 classification/MCQA tasks. Ta-
ble 12 gives the paired MAD-TS−MM-SA test
for every task and run. On the regression tasks,
the paired MAD-TS−MM-SA MAE differences
by run are +0.15, +1.47∗, and +1.96∗ for Fi-
nance Forecasting, +0.76∗, +0.82∗, and +0.45 for
Weather Forecasting, +62.50∗, +6.37, and −0.10
for TSQA Forecasting, and +20.63, +4.85, and
+29.24 for TSQA Imputation. A star marks a
95% paired-bootstrap interval that excludes zero,
and all five starred differences favor MM-SA. In
run 1, the two rows where MAD-TS is uniquely
best are not significant against the strongest com-
petitor. On CTU the difference to MAD is +0.01
with CI [−0.05,+0.07], and on TSQA Classifica-
tion the difference to MM-MAD is +0.02 with CI
[−0.09,+0.13]. The ablation and sensitivity re-
sults (Figures 2 and 3 and Table 4) report run 1
at 20 samples per task. Table 9 summarizes the
standard deviation across runs. Baseline classifi-
cation/MCQA accuracies are tight, below 0.07 in
the worst case. Regression MAE swings are large,
because parse failures on individual samples yield
order-of-magnitude variation. Ablation and hyper-
parameter cells have a median std of 0.05 and a
worst case of 0.125 across the 41 task-config pairs
with two or more runs. This larger ablation variabil-
ity is consistent with the framework’s sensitivity
to its configuration reported in §3. Many apparent
differences across these configurations are within
or close to the run-to-run noise.

F Cross-Backbone Analysis

We also evaluate the text-only SA baseline on
three additional backbones, gemini-2.5-flash,
gpt-5-mini, and grok-4.1-fast, on the 13 clas-
sification/MCQA tasks where the correctness of
each sample is unambiguous (Table 11). No back-
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Task Run 1 Run 2 Run 3 Mean ± std

Finance Trend 0.420 0.390 0.470 0.427±0.033
Finance Correlation 0.300 0.280 0.300 0.293±0.009
Finance MCQA 0.800 0.800 0.810 0.803±0.005
Weather Trend 0.370 0.280 0.280 0.310±0.042
Weather MCQA 0.620 0.590 0.570 0.593±0.021
ECG 0.240 0.250 0.260 0.250±0.008
HAR 0.229 0.292 0.344 0.288±0.047
EMG 0.244 0.195 0.268 0.236±0.030
CTU 0.540 0.560 0.510 0.537±0.021
RCW 0.420 0.510 0.480 0.470±0.037
TEE 0.219 0.178 0.178 0.192±0.019
Anomaly Detection 0.490 0.570 0.570 0.543±0.038
Classification 0.630 0.660 0.630 0.640±0.014
Finance Forecasting (↓) 1.46 3.25 3.69 2.80±0.97
Weather Forecasting (↓) 4.23 4.16 4.24 4.21±0.03
Forecasting (↓) 224.64 55.21 53.87 111.24±80.19
Imputation (↓) 28.95 10.72 35.24 24.97±10.40
Finance Indicator (↓) 7.30 3.77 8.90 6.66±2.15
Weather Indicator, diff (↓) 4.62 5.68 5.49 5.26±0.46
Weather Indicator, max (↓) 4.22 4.81 5.44 4.82±0.50
Weather Indicator, min (↓) 3.66 3.31 3.60 3.52±0.15
QA, true/false 0.67 0.46 0.61 0.58±0.09
QA, multiple-choice 0.38 0.36 0.31 0.35±0.03

Table 10: MAD-TS results by run on all 20 tasks (ac-
curacy ↑ unless marked MAE ↓, gpt-4.1-mini, seeds
2026–2028). QA rows cover the true/false and multiple-
choice subtypes only.

bone uniformly dominates. gemini-2.5-flash,
gpt-5-mini, and gpt-4.1-mini are each best
on four of the 13 tasks, and grok-4.1-fast
is best only on EMG. gemini-2.5-flash leads
on Weather Trend at 0.56 against 0.25 for
gpt-4.1-mini, but it trails on Finance MCQA at
0.70 against 0.82 and on TSQA Classification at
0.11 against 0.21. The spread across backbones on
a single task reaches 38 pp on TSQA Classification
and 31 pp on Weather Trend.

Table 13 tests the main comparison directly un-
der a second backbone. We run MAD-TS and MM-
SA with Gemini 2.5 Flash on the 1,210 examples
of run 1, with the same code and analysis pipeline.
Again, exactly one of 13 tasks shows a signifi-
cant MAD-TS win, Finance MCQA, at +23 pp
with Holm p = .0002. The gpt-4.1-mini win on
TSQA Classification does not transfer. The micro-
average difference is −2.6 pp and is not significant.
Gemini MAD-TS abstains on 18.6% of samples,
including 90 of 100 on TSQA Classification, while
MM-SA answers every input. Abstentions score
as incorrect. When we exclude them (n=985),
the Finance MCQA win persists at +26 pp with
p < .0001, only HAR remains a significant loss
at −13 pp with p = .036, and the micro-average
is +3.0 pp with CI [−0.3,+6.4], which is not sig-
nificant. Among final MAD-TS errors on the 9

Task gpt-4.1-mini gemini-2.5-flash gpt-5-mini grok-4.1-fast

Finance Trend 0.32 (±0.02) 0.38 0.33 0.29
Finance Correlation 0.23 (±0.02) 0.27 0.26 0.21
Finance MCQA 0.82 (±0.02) 0.70 0.71 0.69
Weather Trend 0.25 (±0.01) 0.56 0.28 0.47
Weather MCQA 0.62 (±0.05) 0.50 0.53 0.49
ECG 0.22 (±0.02) 0.26 0.22 0.23
HAR 0.25 (±0.00) 0.31 0.33 0.19
EMG 0.15 (±0.01) 0.15 0.17 0.29
CTU 0.51 (±0.02) 0.51 0.58 0.51
RCW 0.47 (±0.03) 0.35 0.43 0.24
TEE 0.13 (±0.02) 0.15 0.16 0.14
TSQA Anomaly 0.54 (±0.06) 0.50 0.44 0.50
TSQA Classification 0.21 (±0.03) 0.11 0.49 0.23

Table 11: Single-agent accuracy across four back-
bones on the 13 classification/MCQA tasks. The
gpt-4.1-mini column is the mean and standard de-
viation over three runs and equals the SA column of
Table 2. The other backbones have one run each. No
backbone uniformly dominates, and the spread across
backbones reaches 38 pp on a single task, so capacity-
driven gains are highly task-dependent.

tasks of Table 5, all three judges give the same
wrong answer in 96.3% of cases (543/564). The
corresponding rate for gpt-4.1-mini in run 1 is
84.0% (409/487). Both backbones are homoge-
neous. These results therefore show that the shared-
bias regime recurs under a second backbone, but
they do not test heterogeneous-backbone agents,
which remain the most direct follow-up (§4).

G Extended Failure Trace and Analysis

To better understand the limitations of our frame-
work, we conducted a trace-based analysis using
saved agent, judge, and synthesizer trajectories
from our evaluation runs. We manually inspected
a subset of representative failure cases to identify
recurring reasoning patterns and systemic break-
downs. This qualitative analysis complements the
quantitative results in the main paper by revealing
how and why errors arise. The reading was ex-
ploratory. We inspected the 679 error traces of run
1 on the 13 classification/MCQA tasks without a
fixed selection protocol or inter-rater coding. The
taxonomy is therefore a descriptive lens rather than
a prevalence estimate. The counts in §G.4 are the
only quantitative result.

G.1 Representative Failure Cases

We begin with two illustrative examples that high-
light distinct but recurring failure mechanisms.
These cases demonstrate how correct reasoning
can emerge locally (e.g., within a single judge) but
still be overridden by flawed aggregation or inter-
pretation strategies at the system level.
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Run 1 Run 2 Run 3

Task Diff. [95% CI] p Diff. [95% CI] p Diff. [95% CI] p

Finance Trend −0.040 [−0.14, +0.06] 0.828 +0.000 [−0.11, +0.11] 0.572 +0.010 [−0.10, +0.12] 0.500
Finance Correlation −0.030 [−0.11, +0.05] 0.834 −0.060 [−0.14, +0.02] 0.952 +0.030 [−0.02, +0.08] 0.227
Finance MCQA −0.030 [−0.10, +0.04] 0.867 −0.060 [−0.13, +0.01] 0.971 −0.040 [−0.12, +0.04] 0.881
Weather Trend −0.130 [−0.25, −0.01] 0.986 −0.270 [−0.39, −0.15] 1.000 −0.240 [−0.35, −0.13] 1.000
Weather MCQA −0.020 [−0.11, +0.07] 0.738 −0.100 [−0.20, +0.00] 0.982 −0.060 [−0.15, +0.03] 0.924
ECG +0.000 [−0.07, +0.07] 0.613 −0.010 [−0.05, +0.03] 0.812 +0.010 [−0.04, +0.06] 0.500
HAR −0.021 [−0.12, +0.08] 0.729 +0.073 [−0.02, +0.17] 0.105 +0.115 [+0.02, +0.21] 0.017
EMG +0.024 [−0.15, +0.20] 0.500 −0.024 [−0.22, +0.17] 0.685 +0.000 [−0.20, +0.20] 0.598
CTU +0.050 [−0.06, +0.16] 0.243 +0.060 [−0.05, +0.17] 0.189 −0.010 [−0.12, +0.10] 0.636
RCW −0.040 [−0.11, +0.03] 0.927 −0.010 [−0.07, +0.05] 0.746 +0.010 [−0.05, +0.07] 0.500
TEE +0.041 [−0.07, +0.15] 0.304 −0.027 [−0.14, +0.08] 0.760 +0.000 [−0.12, +0.12] 0.588
TSQA Anomaly −0.090 [−0.19, +0.01] 0.974 −0.030 [−0.13, +0.07] 0.788 +0.000 [−0.11, +0.11] 0.572
TSQA Classification +0.420 [+0.30, +0.54] 0.000 +0.390 [+0.27, +0.51] 0.000 +0.380 [+0.25, +0.51] 0.000

Table 12: Paired MAD-TS−MM-SA accuracy differences by run on the 13 classification/MCQA tasks with
gpt-4.1-mini. The 95% CI uses 100,000 paired bootstrap resamples. The p value is the exact one-sided McNemar
test of MAD-TS superiority without correction. Bold marks the only differences that remain significant after Holm
correction within a run.

Stock Trend Prediction
Ground Truth: +2% to +4% | Prediction: >+4% (in-
correct). This example illustrates a majority-over-quality
failure: although one judge correctly synthesizes multi-
modal evidence, the final decision is dominated by major-
ity voting.

TEXT: ">+4%" (bullish sentiment, forward-looking)
VISUAL: "<-4%" (downward chart pattern)
NUMERICAL: "-2% to +2%" (oscillations, no clear trend)

JUDGE_0: TEXT -> ">+4%"
JUDGE_1: SYNTHESIZE -> "+2% to +4%" [correct] (correctly

balanced!)
JUDGE_2: TEXT -> ">+4%"

SYNTHESIZER: "2/3 say >+4%. Following majority." -> ">+4%"
[incorrect]

Weather Trend Prediction
Ground Truth: stable | Prediction: decreasing (in-
correct). This example demonstrates a momentum fallacy,
where large historical changes dominate reasoning despite
clear recent stabilization.

Data: Temperature 30 degC -> 15 degC (7 days), then
stabilized 14-16 degC (3 days)

NUMERICAL:
"Start=30 degC, End=15 degC. Difference=-15 degC. Trend:

decreasing."
<- Momentum Fallacy: ignores stabilization

VISUAL:
"Chart shows decline then stabilization. Trend: stable."

[correct]

JUDGE_0: "Numerical is precise. Decreasing."
JUDGE_1: "Visual shows recent plateau. Stable." [correct]
JUDGE_2: "-15 degC is significant. Decreasing."

SYNTHESIZER: "2/3 say decreasing." -> "decreasing" [
incorrect]

These examples highlight a key theme: correct
reasoning signals are often present but systemati-
cally suppressed by aggregation mechanisms.

G.2 Taxonomy of Failure Modes

From this exploratory reading, we identify 15 recur-
ring failure modes, organized according to the level
at which they arise: (i) agent-level reasoning, (ii)
judge-level evaluation, and (iii) synthesizer-level
aggregation. This taxonomy provides a structured
lens for understanding where and how errors are
introduced in the pipeline.

Agent-Level Failures These failures originate
from how individual modality-specific agents inter-
pret and reason over inputs. They often involve mis-
interpretation of temporal patterns, over-reliance
on partial evidence, or inappropriate generalization.

Judge-Level Failures Judge failures arise during
the evaluation and comparison of agent outputs.
These errors reflect deficiencies in meta-reasoning,
such as over-reliance on agreement signals or in-
consistent application of evaluation criteria.

Synthesizer-Level Failures These failures occur
at the final aggregation stage, where the system
must consolidate competing judgments into a sin-
gle prediction. Errors at this level often override
correct intermediate reasoning.

G.3 Failed Interventions

During development we tried 12 targeted prompt-
engineering interventions designed to enforce bet-
ter reasoning, consistency, and aggregation. De-
spite their intuitive appeal, none yielded consistent
improvements. Instead, they often introduced new
failure modes. Table 17 summarizes these attempts
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Task n MAD-TS MM-SA Diff. 95% CI Holm p

Finance Trend 100 0.410 0.310 +0.100 [−0.030, +0.220] 0.9028
Finance Correlation 100 0.310 0.330 −0.020 [−0.100, +0.060] 1.0000
Finance MCQA 100 0.810 0.580 +0.230 [+0.130, +0.330] 0.0002
Weather Trend 100 0.210 0.420 −0.210 [−0.330, −0.090] 1.0000
Weather MCQA 100 0.480 0.470 +0.010 [−0.070, +0.090] 1.0000
ECG 100 0.400 0.370 +0.030 [−0.080, +0.140] 1.0000
HAR 96 0.188 0.323 −0.135 [−0.240, −0.031] 1.0000
EMG 41 0.146 0.366 −0.220 [−0.366, −0.073] 1.0000
CTU 100 0.510 0.560 −0.050 [−0.190, +0.090] 1.0000
RCW 100 0.450 0.370 +0.080 [+0.000, +0.160] 0.5775
TEE 73 0.301 0.301 +0.000 [−0.096, +0.096] 1.0000
TSQA Anomaly 100 0.490 0.530 −0.040 [−0.140, +0.060] 1.0000
TSQA Classification 100 0.030 0.250 −0.220 [−0.320, −0.130] 1.0000

Micro-average 1210 0.377 0.402 −0.026 [−0.056, +0.005] –

Table 13: Gemini 2.5 Flash replication of MAD-TS versus MM-SA on the 13 classification/MCQA tasks with
1,210 paired examples (accuracy). Differences are computed before rounding. The Holm column tests MAD-TS
superiority only with an exact one-sided McNemar test. Bold marks the only difference significant after Holm
correction. MAD-TS abstentions score as incorrect.

Failure Description

Evidence Abandonment Agents concede when outnumbered, even with strong evidence
Momentum Fallacy Extrapolating past trends as future predictions
Temporal Confusion Conflating past observation with future prediction
False Precision Precise calculations with inappropriate confidence
Speculation as Fact Treating analyst opinions as verified data
Fixed Window Blindness Claims about trends from limited data window
Anomaly Position Blindness Detecting anomalies without positional context (peak vs trough)
Turning Point Blindness Continuing past patterns despite regime changes

Table 14: Agent-Level Failures (8 types)

Failure Description

Vote-Counting Counting agreement instead of evaluating quality
Question Misclassification Wrong categorization → wrong modality priority
Ignoring Own Classification Correctly classifying, then violating in decision
Wrong Synthesis/Selection Blending when should select, or vice versa
Confidence Asymmetry Numerical sounds authoritative → inappropriate deference

Table 15: Judge-Level Failures (5 types).

qualitatively. We did not retain accuracies for each
intervention, so the table is an observation from
development rather than a measured comparison.
A common pattern emerges. Interventions are ac-
knowledged at the language level, where models
repeat the rule, but they are not enforced at the
decision level.

G.4 Quantitative Failure Attribution

Table 18 reports the breakdown by task behind
Table 5, pooled over three runs. Across nine classi-
fication/MCQA tasks with 2,688 traces and 1,447
errors, all three judges agreed on the same wrong
answer in 85.0% of error cases. The rates by
run are 84.0%, 83.3%, and 87.8%. This leaves

Failure Description

Majority Over Quality Following 2/3 vote despite better minority reasoning
Ignoring Contradictions Accepting answers contradicting stated reasoning

Table 16: Synthesizer-Level Failures (2 types).

Intervention Intended Effect Actual Effect

Question type classification Better modality matching Misclassification errors
Evidence integrity rules Agents hold position Quoted but not followed
Hard constraints in judge Force consistency Stated then violated
Momentum fallacy warnings Stop extrapolation Acknowledged, not applied
Confidence weighting Quality over votes All claimed high confidence
Task-specific rules Accuracy by task Fixed one, broke others
Turning point logic Recognize regime changes Ignored; calculations preferred
False precision warnings Trust patterns over math Acknowledged, not applied
Complementary synthesis Explain modality roles Quoted then vote-counted
Analyst causal logic "Cause removed → effect stops" Acknowledged, not applied
Modality profile enhancements Better modality behavior Mixed; judges still vote-counted
Synthesizer quality evaluation Evaluate reasoning, not votes All judges claimed high quality

Table 17: The whack-a-mole pattern. Every targeted
fix moved errors around rather than eliminating them.

the synthesizer no useful disagreement to arbitrate.
Only 11.1% of errors involved judges disagreeing,
and within these at most 5.3% had a correct judge
overridden in synthesis. Unanimity exceeds 90%
on Finance Correlation, Weather MCQA, TSQA
Anomaly, and TSQA Classification. It is low-
est on the two trend-prediction tasks, at 73–76%,
where judges most often split, and on ECG, at 75%,
where judge answers most often fail to parse. The
three judges share the same backbone, prompt, and
greedy decoding, so unanimity is repeated-output
agreement rather than agreement among indepen-
dent annotators. The quantitative attribution com-
plements the qualitative taxonomy in §G.2. Vote-
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Task Traces Errors Unanimous wrong All wrong, split ≥1 judge correct Unparsable

Finance Trend 300 172 131 (76%) 19 22 0
Weather Trend 300 207 152 (73%) 30 23 2
Finance Correlation 300 212 193 (91%) 12 7 0
Finance MCQA 300 59 50 (85%) 0 9 0
Weather MCQA 300 122 115 (94%) 2 5 0
ECG 300 225 168 (75%) 6 3 48
HAR 288 205 182 (89%) 13 4 6
TSQA Anomaly 300 137 135 (99%) 0 2 0
TSQA Classification 300 108 104 (96%) 2 2 0

Total 2,688 1,447 1,230 (85%) 84 77 56

Table 18: Error attribution by task, pooled over three
runs. The four right-hand columns partition the errors.
Unparsable means that at least one judge’s answer could
not be parsed.

Factor Classification Regression

More modalities (Figure 2) No monotonic gain, full TNVF never best Best is a 1–2 modality subset
More judge rounds (Figure 3, left) Task-dependent, direction reverses Mostly worse on forecasting
More debate rounds (Figure 3, right) Non-monotonic, task-dependent Forecasting improves, indicator degrades

Table 19: Directional tendencies in the targeted abla-
tions with 20 samples per task.

counting and majority-over-quality are present but
rare. The dominant pattern is that the modality
agents and judges share the same prior.

G.5 Root Cause: Unpredictable
Task-Configuration Interactions

The core challenge is not any single failure mode,
but the unpredictable interaction between task
characteristics and framework configurations
on top of a shared modality-agent bias. The same
design choice (e.g., number of modalities or judge
rounds) can produce opposite effects depending on
the task. Why is this problematic?

1. Practitioners cannot determine a priori which
configuration will perform best.

2. Task-specific tuning undermines the value of
using a general-purpose framework.

3. Improvements on one metric often come at
the expense of another.

4. Shared upstream bias means that even “good”
aggregation cannot recover correctness when
no judge has the right answer.

More fundamentally, current LLM-based sys-
tems lack the meta-cognitive capability to adapt
their reasoning and aggregation strategies dynam-
ically based on task demands. As Table 5 shows,
the agents and judges instantiated from the same
backbone share the same blind spots, leaving the
synthesizer with little leverage.

H Glossary

For clarity, Table 20 summarizes the key failure
modes and reasoning patterns referenced through-
out the paper.

Term Definition

Evidence Abandonment Agent concedes correct position when outnumbered
Momentum Fallacy Extrapolating past trends as predictions
Temporal Confusion Conflating past, present, and future
False Precision Inappropriate confidence in precise calculations
Speculation as Fact Treating opinions as verified data
Fixed Window Blindness Ignoring limited data scope
Turning Point Blindness Continuing patterns despite regime changes
Vote-Counting Counting agreement over evaluating quality
Confidence Asymmetry Precise language causing inappropriate deference
Cross-Modal Contamination Debate causing modalities to converge
Whack-a-Mole Pattern Fixes creating new failures elsewhere

Table 20: Glossary of reasoning and debate failure
modes used in this work.
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